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Preface

Fighting against water is something that the Dutch inhabitants have been doing for genera-
tions. The incident from 1953 demonstrated the importance of flood defenses and still the
Dutch people are aware of what dikes mean to us. In 2021, a famous Dutch singer, Davina
Michelle, gave a beautiful performance during the Eurovision Song Contest with her hit ’Sweet
water’ which highlights the power of water and the Deltaworks that protects the Netherlands
from floods. Water is an integral part of the Netherlands and we have to learn to live with water.

During primary school, I was already fascinated by the incident in 1953. How could our country
fill up with water in such a short period of time? Are the Dutch dikes sturdy enough and should
I still be concerned about any floods that may occur now?

When I went to high school, I had geography lessons for the first 3 years. During those years,
I was amazed how strong the water is. We are not the only ones who shape the land, but water
also plays a major role in this. Think for example of meandering rivers or strengthening dikes
to resist the power of water.

In the last year of high school I had to make my education’s choice. Since I like to take on
complex technical challenges and enjoy performing calculations, I have opted for the bachelor
and master civil engineering. During my bachelor, I chose the minor ’Delta Expert Water for
the Future’. In the year of my minor, the Netherlands became increasingly familiar with rip
currents. I had to make a presentation and I found it particularly interesting to make a presen-
tation about this topic, because I wanted to know how this natural phenomenon arose. When
I watched the news, it seemed that rip currents were only a problem in the Netherlands, but it
is a natural phenomenon over the whole world. Rip currents are very strong and shape the sea
bottom, similar to the meandering phenomenon.

Another assignment during this minor was searching for special flood defenses. I was im-
pressed by the storm surge barrier 'Ramspol’. The Ramspol is an inflatable rubber dam and is
blown up at high tide. It is fascinating to see how this storm surge barrier works.

The ethics assignments I wrote, were mainly about dike breaches. The incident in 1953 is still
in the back of my head and I wanted to understand how this disaster could have arisen. What
happened in 1953 was enormous, but still dike breaches occur and I wanted to know why these
problems still occur. Are the dikes in the Netherlands strong enough and are they able to cope
with the climate change we are undergoing” When a dike breach takes place, we learn a lot
from it. It helps us to understand dikes better and better. However, given the climate change
that is taking place, we must ensure that such dike breaches do not take place (too much), as
the sea level rises and a dike breach at high tide can cause a lot of damage.

When I heard that many embankments need to be revised for railway during a presentation
of the course ’Site Investigation and Monitoring’, I was wondering what about the Dutch dikes.
In September last year I organized a company dinner with our Ondergrondse board. I visited
the Witteveen+Bos table and they showed me some papers with graduation subjects. When I
saw the paper with a surrogate model that assesses the safety of dikes and integrated model,
I was sold immediately. If such an integral model works, what a big step is this in the right
direction and in this way dikes can be easily tested if they have to be optimized.

In conclusion, I look forward to working on this graduation research!

Louise Guichelaar
Deventer, August 202/
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Abstract

Currently, many dikes need to be reinforced to be future-proof. Therefore many dike designs
have to be realized for which one of the main failure mechanisms is macro-stability of the
inner slope of dikes. Nowadays, designing dikes requires to consider not just different failure
mechanisms, but also how to best integrate a flood defense in a given area. To assess these
different design aspects, different software, methods, and models should be used and combined
to get an integrated dike design. Fach engineering aspect has its own step-by-step plan to get
the best outcome and this result can affect the outcome of another engineering aspect. This
makes it very hard to create many integral dike designs in a short amount of time.

To address these issues, the following research question is answered: How can a surrogate model
for inner slope stability of a flood defense be created for use in combination with other (machine
learning) models to generate conceptual flood defenses, making it possible to optimize the design
using an interdisciplinary Multi Criteria Analysis (MCA)?

To get optimal dike designs this thesis is divided into two parts. The first part is about deriving
a surrogate model for macro-stability of dikes and the second part about combining the macro-
stability model with the equations/models for the other engineering aspects related to dike
design.

In the first part, simple, basic dikes geometries are considered first. The training data for the
model is generated based on conventional slope stability analysis: input parameters: geometry
(and soil) parameters; output parameters: Factor of Safety (FoS), macro-stability failure mech-
anism (centroid, radius, depth). The data is sampled with Random Sampling (RS) and Latin
Hypercube Sampling (LHS) creating different dike geometries. Several machine learning (ML)
methods are trained on the datasets derived from the two sampling methods. The Support
Vector Regression (SVR) model trained on the sampled dataset with RS has the best model’s
performance according to the assessment of various regression metrics. After deriving the sur-
rogate model for the simple dike geometries, a surrogate model for complex dike geometries can
be developed. The simple dike geometries are extended by an inner berm and a ditch next to
the dike, adding three geometric input parameters to the training data. This time, the data is
sampled with LHS since this sampling method resulted in higher model performances for the
different ML models for the simple dike geometries. After training the same ML models as for
the simple dike geometries, the model’s performance for the surrogate model SVR was the best
for the complex dike geometries according to the considered various regression metrics. To be
able to predict the slip circle, output parameters related to the macro-stability failure mecha-
nism were added to the training dataset. The training dataset was changed many times in order
to predict the slip circle accurately, but the performance of the surrogate model remained not
as accurate as the performance of the Simple and Complex surrogate model which predicts the
value for the FoS.

In the second part, the derived surrogate model for macro-stability of dikes is combined with
equations/models for the engineering aspects of ecology, costs, environmental cost indicator
(ECI), and wave overtopping. The five engineering aspects are combined in a multi criteria
analysis (MCA), in which the surrogate model for macro-stability and the equation for wave
overtopping act as constraints and the models for ecology, ECI, and costs act as criteria. An
objective function, which is the total score of a certain dike geometry in the MCA, is formulated
as the sum of the weights for the criteria multiplied by the score of the corresponding criteria
for the considered dike geometry. The objective function has as input the dike geometry and as
output the scores for the criteria ecology, ECI, costs of the dike, and the total score for the dike
geometry. In order to find the best score in the MCA and therefore the optimal dike geometry,
an optimization function is defined. This function takes as input the objective function and has
as output the optimized dike geometry and the lowest value for the objective function. The
optimization function ensures that thousands of dike geometries should not be compared by
hand in a MCA, but the optimization function compares dike geometries, which saves time.
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Chapter 1 Introduction

1.1 Background information

The Netherlands lies for a large part below sea level. 60% of the Netherlands will be flooded
without the existing dikes and dunes [1§]. A great natural disaster, the Watersnoodramp in 1953,
showed the Netherlands how important dikes are. The disaster revealed the devastating effects
of flooding, such as loss of life and economic damage. Before this disaster, people just believed
that the dikes were stable and no money was made available to maintain the flood defenses.
However, the dikes were too low and weak and could not withstand high water and wind loads
during the storm surge, which led to many dike breaches and consequently the Watersnoodramp.
First, the dikes failed due to wave overtopping and overflow of water and after some time the
dikes became unstable, because they became saturated due to long-term high water and rain.
The Watersnoodramp was a turning point in the Dutch history regarding water safety. After
the Watersnoodramp, stricter requirements were imposed on primary flood defenses and the
Delta Commission was founded [31] to prevent such disaster from happening again. The Delta
Commission made the Delta plan and as a result of this Delta plan, many flood defenses were
realized along the coast on the North Sea.

In 2008, the latest Delta Commission was founded. Back then, the water threat was not as high
as at the time of the first Delta Commission, but the Netherlands should be concerned about
the future. To be well prepared for the expected climate change, the flood defenses should be
reinforced and the spatial environment should be adjusted [12]. The advice from the Delta
Commission to the Dutch government resulted in a new Delta plan: ‘The Netherlands should
be climate-proof and water-robust by 2050 [67]. As a result of this Delta plan, Rijkswaterstaat
and the 21 water boards in the Netherlands came together and made the High Water Protection
Program in 2014, also known as the Hoogwater beschermingsprogramma (HWBP]) in Dutch. The
HWRBP is the biggest flood defense operation ever since the Delta plan after the Waternoodsramp
and the amount of dike that needs to be reinforced is comparable to the amount after the disaster.
Initially, Rijkswaterstaat and the water boards had to reinforce 1500 km of dikes. However, 9
years later, in 2023, they discover that they have to reinforce a total amount of 2000 km of
dikes [45]. This increase of the length of dike that needs to be reinforced is caused by the
new standards in the field of safety against water. The new standards are derived from Legal
Assessment Instrument 2017 (WBI 2017). It is the newest legal assessment method for primary
flood defenses in the Netherlands. Considering the duration of the (re)construction of dikes and
the Delta Works after the Watersnoodramp, many different calculations on dikes, based on the
principles of WBI2017, must be performed in a short time to achieve the goal by 2050.
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1.2 Motivation

Dikes can fail in various ways, as seen during the Watersnoodramp. When designing a flood
defense, all potential failure mechanisms need to be considered. On top of that, the current
reinforcement projects in the Netherlands require more demands regarding the integration of
a flood defense in a certain area compared to the past. Those demands include ecology, space
limitations, and the influence on surroundings. On top of that, climate change calls for more
robust dike designs. As a result of climate change, the Netherlands is increasingly suffering from
extreme weather and sea-level rise. Over the years, periods of downpours and heavy storms or
long dry and hot periods occurred in the Netherlands [44]. Due to both wet and dry periods,
the water level varies enormously and this has a significant impact on the strength of the soil.
If the strength reduction is quite high, the dike can not resist the different magnitude of water
loads, and parts of the dike can slide [61]. This failure mechanism is called ‘Macro-instability’.
Macro-instability is an important failure mechanism, which is often cost-determining in dike
reinforcement projects. That is why the water board searches for indications for the possible
occurrence of macro-instability of dikes during it’s dike inspections. As a result of the HWBP
and the dike inspections, many dike designs and dike calculations should be performed.

Due to climate change more and stricter requirements are needed to comply with the safety stan-
dards for dike stability combined with an increasing complexity of test methods, large amounts
of stability calculations on dikes have to be carried out to make sure that all influences are
correctly taken into account. This is only for the stability of dikes, but dikes have much more
design aspects. To cover all design aspects, many dikes design should be created and tested.
This is a time-consuming process that makes optimization of integrated designs complex and
costly. Often it turns out to be difficult to deliver good integrated dike designs and this should
be improved. That is where this research comes into play. By combining different (machine
learning) models for different design aspects, the process of optimizing integrated dike designs
becomes faster and less costly compared to the current situation.

1.2.1 Problem statement and Relevance

Over time, many methods, models, and software have been developed to make optimal designs
for flood defenses, given a set of criteria. Software programs like PLAXIS and Deltares’ software
product for macro-stability 'D-stability’ may be used to estimate the Factor of Safety (EoS]) for
the design of a dike. The FoS is a measure of how stable the slopes of a dike are. These existing
programs evaluate just design aspects related to processes that can lead to one of the failure
mechanisms of a dike, such as instability of a dike and dike settlement, which leads to overflow
of water. However, design aspects such as cost and Environmental Cost Indicator (ECI) are not
directly taken into account. Nowadays, to assess these different design aspects for a dike design,
different design software, methods and models should be used and combined to get an integrated
design. Each different design aspects has its own tool to get the best outcome and this result
can affect the outcome of the tools for the other engineering aspects, which requires the other
engineering aspects to be re-optimized. This is a time-consuming process to run and adjust all
these different types of software, methods and models one by one for each design aspect to get
to a fully integrated design.

That is why nowadays, in an early design stage, dike calculations are done with some guideline
values, a rough approach for a dike design. Later, when more information is gained about the
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dike project, it often appears that incorrect or insufficiently detailed assumptions have been
made in an early design stage and that previous conclusions need to be revised. Being able
to perform more calculations for different design aspects would help explore a wider range of
assumptions at an early stage. However, this takes too much time. A possible solution for the
stability calculations in this phase is to replace the calculations with a surrogate model that
has been trained on many dike stability calculations to reach a more accurate first estimate
compared to the current guideline values and integrate this model with the equations/models
for the cost of the dike, ECI, ecology, and wave overtopping, which may be improve design
process.

The surrogate model will make sure that the integral part of dike designs will be visualized
in an early stage. This model can use guide values, but there is direct visibility on the sensitivity
to certain parameters, and how this influences other design aspects. This prevents making wrong
conclusions in an early design stage.

1.3 Research objective

This research aims to find the best way to construct a surrogate model for macro-stability
of inner slopes of dikes and how it can be combined with other models in a Multi Criteria
Analysis (MCA) to obtain interdisciplinary dike designs. Looking at the High Water Protection
Program, many dike sections need to be assessed to be future proof and this surrogate model
helps the program by quickly generating stable dikes. The surrogate model must run faster
than the current stability calculations for dikes, so that many flood defense designs with as
many interactions as possible can be generated and compared in the early stage of a project.
Many dike designs should be generated to perform a MCA, which is cross-disciplinary due to the
considered engineering aspects. This research is in collaboration with Witteveen+Bos (W+DB])
and TU Delft.

To achieve this objective, the following research question will be answered:

How can a surrogate model for inner slope stability of a flood defense be created
for use in combination with other (machine learning) models to generate conceptual
flood defenses, making it possible to optimize the design using an interdisciplinary
MCA?

To support answering the main research question, a number of sub-questions are posed to
contribute to the answering of the main research question.

SQ1: Which input and output variables of a stability model does the surrogate model
need to train the machine learning on certain combinations of input and output vari-
ables for accurate prediction of the model outcome for macro-stability of dikes in the
Netherlands?

SQ2: Which sampling method is needed to have enough information about dike stability
captured in the dataset to train, validate, and test the surrogate model?

SQ3: Which type of ML algorithms perform best for emulating macro-stability models
best?

SQ4: What are the equations / models for the other relevant aspects for dike design and
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what do these equations / models look like?

SQ5: How can the macro-stability surrogate model be combined with the equations/models
for the other relevant engineering aspects related to dike design to get to an optimal
design?

1.4 Methodology

The method used to achieve an optimal dike design is divided into two parts. The first part is
about deriving a surrogate model for macro-stability of dikes. In this part, subquestions SQ1 to
SQ3 will be answered. To answer each subquestion, the following method is used:

e SQ1: First, simple dike geometry will be considered with constant soil properties, also
named as the ’simple input parameters’. The machine learning algorithms will be trained
on these simple input parameters with the corresponding output from D-stability. After
training the ML model, it can be observed which simple input parameter influences the
FoS the most and least. Based on the results of this analysis and further data investi-
gation, changes will be made to the dataset, ML models, or training procedures in order
to improve the ML models’ performance. After having an accurate ML model for the
simple dike geometries, other parameters related to the dike geometry will be added to
increase the complexity of the dike geometry such that the dike geometries become more
realistic. The machine learning algorithms will be trained on the input parameters from
the complex dike geometry with the corresponding output from D-stability and again by
performing sensitivity analysis and data investigation should lead to an increase in ML
models’ performance.

e SQ2: Two sampling methods will be considered in this research. To decide which sam-
pling method is better, both methods are used to get a dataset containing simple input
parameters with corresponding output for training the machine learning algorithm. Both
datasets, one dataset obtained from one sampling method and the other dataset from the
other sampling method, will be used to train the different machine learning algorithms
that are considered in this research. Based on the three different validation metrics that
are considered, the sampling method that performs the best and has enough information
about dike stability can be chosen. The best sampling method will be applied to create
the dataset containing the more complex dike geometries.

e SQ3: In this research, different type of machine learning models will be considered. First,
four different machine learning models will be trained on the dataset containing the simple
input parameters with their corresponding output. After hyper parameter tuning for each
machine learning model and training the final ML models, the validation metrics will
be applied to see which machine learning model predicts macro-stability the best. When
changing the input parameter sets from simple dike geometries to complex dike geometries,
a similar procedure as for choosing the ML model for the simple input parameters will
be applied in order to get the best surrogate model for macro-stability of the inner slope
of a dike. However, the best sampling method will be applied to get the new dataset,
containing more input parameters, instead of using the two sampling methods mentioned
in the SQ2 section.

The second part is about combining the macro-stability model with the equations/models for
the other engineering aspects related to dike design. In this part, sub questions SQ4 and SQ5
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will be answered. To answer each sub question, the following method is used:

e SQ4: For some of the engineering aspects, equations and models already exist to approxi-
mate the engineering aspect and this equation or model can be used for the integral dike
design. However, for some, the existing equations or models should be simplified. The
simplification is based on the dike geometries that are considered for the surrogate model
and on generalization of the project-specific situations since the dike designs that will be
generated in this research do not have project-specific aspects. The equations and models
for the other engineering aspects are derived from available reports and discussions with
experts at Witteveen+Bos.

e SQ5: The macro-stability model will be combined with the equations/models for other
engineering aspects via a multi criteria analysis to get to an optimal integrated dike design.
The dike design will be optimized based on the other relevant engineering aspects that are
considered in this research. The flood defenses are not optimized based on macro-stability
and wave overtopping since these two failure mechanisms acts as constraints in the MCA.
In the MCA, changing the weights for the ecology, costs, and ECI models will result in
different optimized dike geometries and the values for the weights are in line with the
wishes of the water board or Rijkswaterstaat, who commissions the reinforcement of a
dike.

1.5 Research scope

In this research, the particular focus is on primary flood defenses in the Netherlands.

A surrogate model is a model that is an approximation of a computationally expensive model.
In this research, the surrogate model is a ML model since one ML model is considered to assess
the dike stability. Surrogate model and ML model will be used interchangeably in this report.

As mentioned in section 1.2, many engineering aspects interact with the design of a dike. It is
not possible to incorporate all factors since there exist many. The relevant engineering aspects,
besides macro-stability of a dike, that will be considered in this research are: Ecology, Wave
overtopping, Cost of the dike, and Environmental Cost Indicator, also known as MKI.

1.6 Thesis outline

This chapter has introduced the problem and the backgrounds and approach of this research
topic. Following the introduction in chapter 1, the contents of the thesis are divided into the
following sections with corresponding chapters:

I Macro-stability model

e Chapter 2 (Literature review): starts with explaining the different failure mechanisms
related to dikes and highlights the ones that are applicable in this research. After this
explanation, the shear strength models will be elaborated and the ones that are used in
this research will be explained in detail. In D-stability, three types of Limit Equilibrium
Method (LEM)) exist and all three will be clarified. After explaining the models used in D-
Stability, the basic concepts of machine learning will be clarified together with explaining
the Machine Learning (ML) algorithms that are used in this research.
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e Chapter 3 (Database surrogate model): describes the database that is used to train, vali-
date, and test the surrogate model. First, a simple dike geometry will be considered with
five input parameters and one output parameter for the surrogate model to train on. In
the following section, more complex dike geometries will be considered which require more
input parameters. These additional input parameters can be considered to increase models
prediction and accuracy. Finally, two different sampling methods are explained that will
be applied in this research in order to create appropriate datasets.

e Chapter 4 (Methodology): explains the way to achieve a good surrogate model. The
chapter starts with explaining how the D-Stability calculations are run in order to get the
FoS for the different dike geometries. The section that follows is about the techniques and
methods to clean, normalize and split the dataset into a training, validation, and test set.
After the D-Stability calculations, the hyper parameter tuning techniques and the different
hyper parameters that are considered for each ML model are explained. After hyper
parameter tuning, the loss functions and the validation metrics will be described. The
validation metrics are applied on the outcome of the ML models and from the validation
metrics, a decision will be made which sampling method will be used for the more complex
dike geometries and which ML model approaches the macro-stability of the inner slope
of a dike the best. The surrogate model will be optimized by changing the dataset, ML
models, or training procedures.

e Chapter 5 (Macro-stability model): is about applying the methods discussed in chapter 4.
The surrogate model will be derived in this chapter. In addition to deriving the surrogate
model for the simple input parameters, a sensitivity analysis will be performed to check
which input parameters have the most influence on the FoS. The data is investigated to
see what changes should be made in order to get an appropriate surrogate model that
assess the macro-stability of the inner slope of a dike. In this chapter, sub-questions 1, 2
and 3 will be answered.

IT Integrated dike design

e Chapter 6 (Integrated model): introduces the equations/models for the other engineering
aspects that are considered in this research. The input and output parameters for each
model will be clarified and sub-question 4 will be answered.

e Chapter 7 (Multi Criteria Analysis (MCA)): explains what a multi criteria analysis is and
how it is applied in this study. Sub-question 5 will be answered in this chapter.

e Chapter 8 (Results integrated model): shows the results of an integrated dike design. For
a certain dike geometry, the weights in the objective function are varied in order to see
what the impact is of changing the weights to the outcome of the objective function.
ITT Conclusions and Recommendations

e Chapter 9 (Conclusions): summarizes the final conclusions of this research.

e Chapter 10 (Recommendations): highlights the aspects related to this research for further
investigation. In addition to the recommendations for further research, some recommen-
dations are made from the results of this research.
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Chapter 2 Literature review

2.1 Introduction

The literature review explains the failure mechanisms macro-stability and wave overtopping and
provides an overview of previous related research on the topics shear strength models, limit
equilibrium methods (LEM), and machine learning (algorithms). For each topic, the connection
of that topic and this research will be explained. In this research, the principles of WBI2017 are
used for assessing the macro-stability of the dikes.

WBI2017 is the legal instrumentation for the assessment of dikes and consists of the
regulations for determining the hydraulic loads and the strength and safety of primary flood
defenses and for assessing the safety of primary flood defenses. WBI2017 is used for assessing
the dikes since dikes must meet this new safety standards.

2.2 Failure mechanisms

A failure mechanism is defined as a certain action that occurs on a dike and as a consequence of
this action, the dike will lose its retaining function and fails. Different types of failure mechanisms
related to dikes exist. These are shown in Figure In this research, the main focus is on the
macro-stability of dikes since this failure mechanism is common and an important expense of
dike sections which do not satisfy the standard [19]. The failure mechanism wave overtopping
will be treated too since many dike sections also need to be reinforced based on this failure
mechanism in dike reinforcement projects |1]. However, wave overtopping will be treated less in
depth compared to dike instability since for macro-stability a surrogate model will be developed
and for wave overtopping an existing equation/model will be used. These two failure mechanisms
are highlighted in red in Figure 2.1}
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Figure 2.1: Dike failure mechanisms [68].
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2.2.1 Macro-stability

When designing new dikes or assessing existing dikes, the stability of the slopes has to be
checked. The exact definition of this macro-stability is: ‘The ability to withstand loads without
loss of function or excessive deformations’ . For macro-stability, information about the dike
geometry, the soil layers in the underground, unit weight and strength characteristics of each
layer, and the loads is required. When the dike slope is not stable due to decrease in strength of
a dike, large parts of soil mass slide along straight or curved slip surfaces. The macro-stability
is assessed by means of the Factor of Safety (FoS). The FoS is the ratio of the soil strength that
is present and the soil strength that is required such that the soil body is exactly in equilibrium.
To assess the macro-stability, two different components are considered: the driving and the
resisting force. The driving force is caused by soil mass within the slip circle, water forces acting
on the top and side of a soil slice within the slip circle, (parts of) the external load(s) within
the slip plane, and the influences of earthquake forces. The resisting force is caused by shear
stresses and normal effective stresses along the slip circle [59], possible soil improvement, the
shear strength at the edges of the sliding section, and the weight of the soil at the passive side
of the slip circle. The shear stress that will develop along the slip plane, is shown by the grey
arrows in Figure [2.2]

Four types of failure mechanisms exist related to this main type; macro-stability inner
slope, macro-stability outer slope, stability of the area foreshore of the dike, and stability during
construction of the dike. In this research, the focus is only on the first mechanism; macro-
stability of the inner slope of the dike since this type of failure mechanism resulted in one of the
most registered failure cases [1].

The inner slope of the dike is the landward slope, as depicted in Figure 2.2l The inner slope of
the dike can be in danger if the core of the dike and its foundation have become saturated. The
dike can become very wet due to prolonged heavy rainfall and high water level. The rising water
level together with the rainfall causes an increase of pore water pressures inside the dike. The
increase of pore water pressures leads to a decrease in effective stress in the soil and a decrease
in shear resistance of the soil. This can lead to failure of the inner slope of a dike.

Figure 2.2: Schematization of the failure mechanism: macro-stability inner slope |\ When
the inner slope of a dike is not stable, the whole dike will fail.

2.2.2 Wave overtopping

The failure mechanism wave overtopping occurs due to a combination of a high waterlevel and
a large wave height. This combination can lead to water flowing over the crest of the dike
going land inward. A dike won’t fail directly when water hits the dike and flows over the dike
crest. This failure mechanism develops over time. When wave overtopping lasts for a long time,
erosion of the inner slope of the dike will take place, as depicted in Figure and dike breach
can occur.
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Wave overtopping develops also over time in the sense that dikes encounter settlements over the
years, which may decrease the crest height of the dike. The decrease of the crest height will
increase the risk for wave overtopping, together with the increase of the water level. Besides that,
wave overtopping can also lead to complete dike failure when dike instability is approached. The
combination of approaching dike instability with associated settlements and wave overtopping
can lead to dike failure.

Figure 2.3: Schematization of the failure mechanism: wave overtopping .

2.3 Shear strength models

When a dike slope failure occurs, the soil will be sheared. During shearing, the soil can behave
in 3 ways: completely undrained, partially drained or completely drained. If the soil is sheared
sufficiently fast that no drainage of shear induced pore pressure arises, the undrained strength
is mobilised . The pore water pressure will increase and the effective stress decrease, which
can result in a reduction in the soil’s shear strength. If the shearing is at a very slow rate, such
that the shear induced pore pressures dissipate, the drained strength is mobilised. First, when
shearing is induced, the shear induced pore pressures are built up and the effective stress and
the soil’s shear strength decreases, but over time the pore pressures decrease and the effective
stress and the soil’s shear strength increases. If the shearing is not very slow, but also not fast
enough, partially drained conditions will occur and the mobilised strength is in between the
undrained and drained conditions. These different shearing modes with the corresponding types
of soil behavior have an influence on the factor of safety against slope failure.

To assess slope stability of a dike, shear strength models are developed for different types
of soils. Each type of soil will have a model that corresponds to the behavior the soil can express.
The mobilisation of undrained strengths can only occur when undrained conditions develop. The
types of soils that are susceptible to this undrained shearing are the fine-grained soils due to
it’s low permeability. That is why fine-grained soils are often modelled with an undrained shear
strength model and coarse-grained soils with a drained shear strength model.

In D-stability, four types of shear strength models exist, also known as material models, to
describe the strength of the soils. The four types of material models are Mohr Coulomb, Mohr
Coulomb Advanced, SHANSEP, and SU Table. The first two models are for drained soil condi-
tions and the last two for undrained soil conditions. The shear strength models that are used in
this research are Mohr Coulomb Advanced and SHANSEP. Elaboration on the shear strength
models will follow in the next sections.

2.3.1 SHANSEP

The SU Table and SHANSEP models are used for soils that are susceptible to undrained shearing.
These soils are the cohesive soils. WBI2017 determines the undrained shear strength of cohesive
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soils preferably with the SHANSEP model. The SU Table method is used for poorly permeable
clay with relatively high saturated unit weights, unit weights greater than 17 kN/m?. Since the
unit weight of the cohesive soil is lower than 17 kN/m? in this research, the SHANSEP model
will be used for cohesive soils. More detailed explanation on the unit weight is stated in section
3.2.2.

The shear stress along the slip plane from ratio S between the undrained shear strength and the
vertical effective stress can be calculated with equation 2.1

ol >0 J'-S-(U—:y)m
I L 2
o, =0 0

where:
S is the shear strength ratio;
m is the strength increase exponent as a result of over-consolidation [-];

ol is the vertical effective stress [kN/m?];

<~ <>

o/ is the maximum experienced vertical yield stress [kN/m?];

S is the undrained shear strength divided by the effective vertical consolidation stress at an
overconsolidation ratio (OCR) of 1 [47]. This soil parameter characterizes the undrained shear
strength of a soil under normally consolidated conditions. Normally consolidated conditions
means that the soil has never been subjected to a stress level higher than it’s current vertical
effective stress. The relation between maximum experienced vertical effective stress and the
current vertical effective stress can defined by the OCR or pre overburden pressure (POP),
which can be observed in Equation and In this research, this relation is expressed in
POP in kN/m?2. If the POP value is high for a certain soil, the material is compacted which
results in higher effective stresses, an increased shear strength, and decreased permeability.

O_/
Yy
OCR = (?;,) (2.2)
POP =0/, — o}, = (OCR - 1) - 0, (2.3)

The strength increase exponent determines to which extent the loading history has an impact
on the undrained shear strength. For the strength increase exponent, the correlation: m =1 -
Cs / Cc exists [47]. The value for Cs (swell index) and Cc (compression index) are derived from
lab tests and differences per type of clay. The ratio Cs/Cc is typically around 0.2.

2.3.2 Mohr-Coulomb Advanced

The Mohr-Coulomb and Mohr-Coulomb advanced model are both for drained soils. The only
difference between the two models is that Mohr-Coulomb Advanced has one more input param-
eter, namely the dilatancy angle. The dilatancy angle describes the plastic volume change of a
soil during shearing [47]. In D-Stability, the dilatancy angle is set equal to the friction angle for
the Mohr-Coulomb model. This is the well-known Mohr-Coulomb definition of the failure line

27



2.3. SHEAR STRENGTH MODELS CHAPTER 2. LITERATURE REVIEW

[59]. The failure line is a relationship between the normal and shear stress. The shear stress
can not exceed the failure line, because then local failure will occur. Macro-instability of dikes
occurs when the failure line, the maximum shear stress, is surpassed for all stress points along
the slip circle.

The dilatancy angle is a measure of the tendency of a soil to dilate or expand when it is
subjected to shear stresses. WBI2017 assumes a dilatancy angle of 0 °. When the dilatancy
angle is 0 °, no plastic volume strains are developed and the soil does not experience any vol-
ume change during shear deformation. The shear strength is significantly lower compared to
associative soil behavior, when the dilatancy angle is set equal to the friction angle. When a
material dilates during shearing (¢» > 0°), it tends to strengthen (increase in shear strength)
because the dilation allows for a greater distribution of stresses within the material, leading to
increased interlocking and resistance to shearing. Given the dilatancy angle of 0 degrees, the
shear strength will not be overestimated, which leads to safer circumstances.

For soft soils, the dilatancy can be negative, which indicates that during shearing the
soil contracts. When the soil contracts, the pore pressure increases and the shear stress re-
duces which can lead to slope failure eventually. Especially in seismic areas, the pore pressure
can increase enormously such that the effective stress approaches zero, leading to loss of shear
strength. This process is known as liquefaction in which the soil behaves like a liquid. When
a dike is built on soft soils, measures like preloading the subsoil, should take place in order to
increase the shear stress.

If the friction angle is equal to the dilatancy angle, the soil should undergo a big volume change,
which is never observed. A negative dilatancy angle is not common for most soil types in the
Netherlands. For these reasons, the dilatancy angle is set to 0 °in this research.

In the Mohr-Coulomb model, the shear stress is calculated with equation [59].

cos Y - cos , cos ) - sin
1 —siny -sinep 1 —siny -sinep
When the dilatancy angle equals 0 °, the shear strength becomes [59]:
T=c-cosp+ o), sing (2.5)

where:
¢ is the cohesion [kN/m?];
¢ is the friction angle [°];
o

! is the normal effective stress [kN/m?];

v is the dilatancy angle [°];

The cohesion, friction angle and the normal effective stress can vary within a soil layer.
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2.4 Calculation methods for LEM

In this section, different Limit Equilibrium Methods (LEM’s) will be evaluated. The macro-
stability of a dike is assessed by the FoS, as mentioned in section 2.2.1. Various equilibrium
methods exist that consider a slip plane that goes through the soil profile, for which the FoS
will be calculated. This factor will give an indication if the slip plane is stable or not.

In D-stability, three different LEM’s are available; Bishop’s method, Uplift-Van, and
Spencer- Van der Meij. To evaluate if a slope is stable, it should meet the equilibrium cri-
teria, which depends on the limit equilibrium method. The different LEM’s will be explained in
the next sections.

2.4.1 Bishop

In the Dutch consultancy, Bishop’s method is commonly used to calculate the macro-stability
of dikes using circular slip planes. In this model, vertical forces and moment equilibrium around
the center of the slip surface will be considered. The soil is divided into slices. For each slice,
the resultant of the forces in vertical direction is equal to zero and the maximum shear stress
will be calculated. In this theory, it is assumed that the maximum mobilized shear stress along
the slip surface is indeed mobilized. Achieving a failure state is assessed based on the normative
load against the maximum available stress in the soil.

Bishop’s method will be used for the ’Simple’ model in this research. The Simple model is
explained in the next chapter. This Simple model does not have a complex dike geometry. The
dike consists only of slopes and no berms or something else added to it, therefore it is expected
that the slip plane will be circular.

———
—_—

Figure 2.4: A schematized dike with a developed slip circle using Bishop’s method.

2.4.2 Uplift-Van

The Uplift-Van method, is the circular slip plane from Bishop’s method combined with a hori-
zontal slip plane. The slip plane consists of an active circle, passive circle and a horizontal bar
between the circles [59]. This horizontal bar is loaded horizontally by the dike and vertically by
the upward water pressure. Similar to Bishop’s method, moment equilibrium is considered for
the circular parts of the slip plane. For the horizontal part of the slip plane, horizontal balance
will be considered. High pore pressures at the horizontal interface of weak layers with an under-
lying permeable sand layer can cause reduction or even complete loss of shear resistance at this
plane [59]. This can result in an uplift failure mechanism. FoS is determined by the horizontal
forces equilibrium acting on the horizontal bar in between the circular slip planes.

In the schematization manual of WBI2017 for macro-stability, it is stated that the Uplift-
Van method is used to analyse the macro-stability of the inner slopes of dikes. Besides that, this
method commonly used to assess dike slopes. For these reasons, the Uplift-Van method is used
to evaluate slope stability for the ’'Complex’ model, the end surrogate model for macro-stability
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of dikes, in this research.

RIVER SIDE - -—— -
ACTIVE ZOME PASSIVE ZOME

HORIZONTALLY
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Figure 2.5: A schematized dike with a developed slip circle using Uplift Van method.

2.4.3 Spencer- Van der Meij

Bishop’s method calculates the macro-stability of dikes using circular slip planes. However, the
circular shape does not result in the most unfavorable case. If a soil layer in the underground
has a limited thickness with low strength properties, then the stability should be checked for
another shape of slip plane shear due to the bad quality of the soil layer. Spencer’s method
satisfies besides the moment equilibrium and vertical forces equilibrium (Bishop’s method), the
horizontal forces equilibrium too on each slice.

Spencer’s method ensures that the critical slip surface that is found is actually the slip
surface which leads to the lowest safety. In this method, the slip surfaces are not limited to
circular shapes, but can take any shape .

This method is not used in this research, since the calculation time is longer for this
method compared to Bishop’s method and Uplift-Van. This model is used less compared to the
other two. In addition to that, simple dike geometries will be created to assess macro-stability of
dikes in this research. Bishop and Uplift Van models already capture the relevant slip surfaces
and therefore it is not necessary to divert to a more complex limit equilibrium method.

Figure 2.6: A schematized dike with a developed slip circle using Spencer- Van der Meij method.

2.5 Basic concepts of machine learning

The basic concepts of machine learning contains the types of machine learning algorithms that
exist and the bias-variance trade-off in machine learning. These two aspects will be elaborated
in this chapter.

2.5.1 Different types of machine learning

The machine learning algorithms can be divided in three broad categories: supervised, unsu-
pervised, and reinforcement learning. These three categories with the associated subcategories
and models can be observed in Figure In this research, supervised machine learning is used
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only. Supervised machine learning is a type of machine learning in which models are trained
on a labeled dataset to predict outcomes. The labeled dataset is the input data along with
corresponding target value(s).

. Linear Regression Hierarchical
Decision Trees,

Random Forest

K-Mearest Neighbors
SVR, GPR Guassian Mixture

Neural Networks Hidden Marcov Model

Suparvised
Learning Gﬁ Unsupervised Dimensionality

Support Vector Machine Mk Learning Reduction

(VM)

Learning

Classification

Discriminate Analysis

Mavie Bayers

Aeinforcement
learning Q-Learning

Marcov Decision Process

Temparal Difference
Value Iteration  TO{A)

Figure 2.7: Different types of machine learning with associated subcategories and models .

In this research, the data derived from the D-stability calculations is labelled data, since each
combination of input parameters have a corresponding FoS. That is why supervised machine
learning is applied.

2.5.2 Bias and variance trade-off

The bias and variance trade-off is a concept in machine learning that refers to the balance
between two sources of error: bias and variance, which cover the reducible error. Irreducible
error also exists and this comes from the data due to noisy observations.

Bias is the difference between the expectation of the machine learning (ML) model and the
optimal prediction, such that it will minimize the loss function. If the model is biased, it tends
to underfit the training data. This means that the model fails to capture underlying patterns
and relations in the data and oversimplifies the ML model, which results in bad performance on
both the training and test dataset.

Variance refers to the magnitude of deviation of the current machine learning model to the
average model. If the variance is large, the machine learning model tends to overfit the training
data. This means that the machine learning model captures noise or random fluctuations in the
training data as it were useful information and training a ML model on a new dataset would
result in a very different model. The ML model performs well on the training dataset, but poorly
on the test dataset.

There is a trade-off between bias and variance. When a ML model is biased, but has a low
variance, the ML model is a simple model that has a similar performance across different training
sets, but the overall performance is not well due to underfitting. When a ML has a high variance,
but is not biased, the ML model is a complex model that fit the training data well, but performs
bad on unseen (test) data.
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Managing the bias and variance trade-off is crucial for building ML models since it has an
impact on how well the model performs with unseen data. The bias and variance trade-off can
be observed in Figure The best balance between the bias and variance is the point where
the generalization error is the lowest.

underfitting
zone

overfitting
zone

generalization
error

model complexity

Figure 2.8: The bias and variance trade-off [70].

2.6 Machine learning algorithms

The development of machine learning algorithms and techniques has become faster in recent
years and therefore many algorithms are established, each suited to different types of tasks,
data, and problem domains. The choice of the best machine learning algorithm depends on
many factors including data characteristics, the problem being addressed, computational re-
sources, prior experience, and model complexity. Therefore, it often requires experimentation
and evaluation of multiple algorithms to determine the most suitable algorithm for a given prob-
lem.

Based on most commonly cited machine learning algorithms in literature, recent thesis
reports related to this thesis topic [24][70], and the ML algorithms that are often mentioned by
different users of the online platform Kaggle, four different ML algorithms are chosen in this
research. Four different ML algorithms are chosen in order to test a limited, varied amount of
ML algorithms. Random Forest Regression (RFR), Support Vector Regression (SVR), and the
Feedforward Neural Network (FNN) are three complete different ML algorithms and eXtreme
Gradient Boosting (XGB) is quite similar to RFR, but it operates based on different principles
and mechanisms compared to RFR and is very popular in the field of machine learning due to
its exceptional performance, efficiency, and flexibility as a consequence of its advanced features.

Based on literature, one type of machine learning algorithm can not be chosen, since the
performance of the machine learning model depends on the data on which it is trained. That is
why, for each new generated dataset with the D-stability calculations, the four different machine
learning algorithms should be trained again. In order to fully understand how these different ML
models work, the main take-aways of online video’s about the different ML models are written
down in this chapter.
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2.6.1 Random Forest Regression (RFR)

Random Forest Regressor (RER]) [§] is an ensemble learning method, which combines multi-
ple individual models to make a better prediction and to reduce over-fitting. Combining the
predictions of the individual models is called aggregation. When a ML model is over-fitted it
performs well on the training data, but bad on the test data, as mentioned in section 2.5.2. The
random forest consists of various decision trees and these trees represent each a model that tries
to learn the relationship between the input features and the target variable. Each tree in the
forest is trained on a random subset of the training data and a random subset of the available
features, which indicates that two random processes are going on in a tree; bootstrapping and
random feature selection [21]. In Figure the exact definition of a random forest is shown, in
which it can be observed that it is a bagging-based algorithm by combining bootstrapping with
aggregation. The random forest method can be used for classification and regression. Since the
surrogate model for macro-stability will predict the FoS, the random forest algorithm should be
based on an ensemble of regression trees instead of classification trees.

In RFR, the trees run in parallel, as can be observed in Figure [2.9] Each individual tree is
a model, which has branches, nodes, and leaves. Each decision tree is built independently of
the others, since no interaction exists between the trees. At each node in a regression tree, the
data is split based on a chosen feature and threshold value such that the difference between the
predicted and the actual target value is minimized. A root node is the entry node on top of
the regression tree, where a first decision boundary is set by asking if the first selected feature
is less than or greater than an optimal threshold [22]. The decision tree will expand until the
decision is made about the target value in the last node, the leaf node, the predicted FoS. The
leaf node is reached when the stopping criterion is met, such as the maximum depth of the tree
is reached by having a minimum number of samples in the nodes or when further splitting do
not result in improving model’s performance.

RFR builds a number of independent regression trees based on random subsets of training
data and combines the results of all individual trees to make a final prediction for the FoS.
This process is called bagging. To improve the generalization performance even more, a random
subset of features are selected for splitting at each node in the decision tree. This reduces the
correlation between trees in the forest.

Dataset

[ rootnode
Tree, Tree, Treen O intermediate node
() leafnode

K22
®)
8

| averaging (in regression) |

|

!

Figure 2.9: Schematization of the RFR structure, in which x are the features, n the number of
trees, and 1 the predicted value [22].
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2.6.2 eXtreme Gradient Boosting (XGB)

eXtreme Gradient Boosting (XGB]) ﬂgﬂ is an ensemble learning algorithm based on decision trees,
just like RFR, but they differ in their approach. XGB uses a gradient boosting framework, which
can be observed in Figure 2.11] and RFR uses bagging to get the final prediction. XGB looks
similar to RFR, but it has been added to the machine learning models list in this research,
since this algorithm has become a popular algorithm in the ML branch, such as on online
platforms like Kaggle, an online community of data scientists and machine learning engineers.
RFR is quite robust to its hyper parameter values, but XGB often achieves higher predictive
performance, which makes it very popular. The performance of XGB with respect to other
regression algorithms is shown in Figure [2.10

Performance Comparison using SKLearn's 'Make_Classification’ Dataset
(5 Fold Cross Validation, IMM randomly generated data sample, 20 features)

AUROC (Measure of Prediction Power) Training Time (in seconds)

, .
] L T | ’

Logistic Regression -03373 17

Figure 2.10: Performance comparison of different ML regression models .

XGB uses boosting instead of bagging, which RFR uses. In RFR, multiple decision trees are
built independently and the prediction of each tree is combined to get the final prediction. This
process is called bagging. However, in XGB, boosting makes sure that the decision trees are
built sequentially, which means that each new tree in the sequence is trained to correct the
errors made by the previous tree. The final prediction is made by combining the predictions
of all trees, often weighted by their individual performance. Gradient Boosting (GB)) is a type
of boosting algorithm that combines boosting with gradient descent optimization to control
over-fitting and improve generalization performance by minimizing the loss function. In GB,
each new tree in the sequence is trained to correct the errors made by the previous tree, just
like boosting, but this time the new model is fitted to the residuals, which are the differences
between the ’final’ predictions so far and the target values. The loss function is optimized by
minimizing the residuals. eXtreme Gradient Boosting is built upon the foundation of GB. XGB
is an optimized implementation of GB and is often faster than the traditional gradient boosting
due to certain optimizations such as parallel processing to speed up the training and prediction
processes and tree-pruning and regularization to prevent overfitting, to control the complexity
of the model, and to improve the generalization of the model. The definitions for boosting, GB,
and XGB are also stated in Figure 2.11]
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Figure 2.11: Evolution of decision-tree-based algorithms.

2.6.3 Support Vector Regression (SVR)

Support Vector Regression (SYR)) [11][25], is also known as Support Vector Machine (SYM) for
regression. SVM is mainly used for classification problems, but can also be used for regression.
For classification problems, Support Vector Classification (SVC) tries to find a line (data is
2D) or hyperplane (data is multi-dimentional) that separates two classes. A new point will
be assigned to the class depending on which side of the line/hyperplane the point is. The
optimal decision boundary is one that maximizes the margin, which is the distance between
the line/hyperplane and the closest data point from each class, the support vectors . The
same principle for SVC is used for SVR, but SVR is more difficult since a real number must be
predicted.

SVR also uses the concepts of hyperplane and margin, but the definitions are not the same.
SVR aims to find a function that approximates the relationship between the input variables
and a continuous target variable, while minimizing the prediction error . This function, also
known as hyperplane, should fit the data points in a continuous space by mapping the input
parameters to a high dimensional feature space. After this mapping, the hyperplane is found
by maximizing the margin £ between the hyperplane and the closest data points to ensure that
most data points lie within this margin and at the same time minimizing the prediction error.
The decision boundary, depicted in Figure has a distance ¢ from the hyperplane and this
distance acts as a regularization term to avoid overfitting. The data points that lie on or within
the margin boundary are only taken and these data point are called the support vectors. A
prediction of the target variable is made by using the function that fit to these support vectors.

SVR can be applied to linear and non-linear relationships between the input and output variables

by using different kernel functions. When data is non-linearly separable, the kernel helps to find
a function in a higher dimensional space where a linear regression problem can be solved .
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Figure 2.12: The best fitted hyperplane to the support vectors within the margin [52].

2.6.4 Feedforward Neural Network (FNIN)

Feedforward Neural Network (FNN]) [32] is a type of Artificial Neural Network (ANN]), in which
information flows in one direction without feedback. A FNN consists of neurons connected by
weights, as shown in Figure [2.13] The information flows from the input neurons, purple in
Figure towards the output neurons, turquoise in Figure [2.13] The input neurons are the
input parameters of the model and the output neuron is the output parameter. The yellow dots
in Figure are the hidden neurons, forming hidden layers. Each vector/column of neurons
in Figure forms a layer in the neural network. The neurons of one layer depend on (at
least) the neurons of the previous layer [49]. FNN learns the pattern in the data by updating
the weights based on the error of the output.

Input Layer Hidden Layer Output Layer
Variable - #1 Q %
Variable - #2 O A 4 N
/Q Output
Variable - #3 Q f', ] /
Variable - #4 Q 7

Figure 2.13: The structure of a FNN consisting of 4 input neurons, 1 hidden layer with 3 neurons,
and 1 output neuron [29].

Training the FNN involves two phases: the feed forward and the back propagation phase.
During the feed forward phase, the input data is fed into the network and moves from
layer to layer to reach the output layer. This moving forward can be broken down into 2 basic
steps. First, for an arbitrary neuron of any given layer, a linear combination of a bias term and
the values coming from the previous layer with weights is performed (the weighted sum of the
inputs), which results in a value which is called A in Figure The second step is introducing
some non-linearity in the network. Value A will be passed through a predefined non-linear ac-
tivation function (hyper parameter), resulting in neuron value Z. In this way the model tries to
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learn and approximate more complex relationships in the data, which means that the model can
represent highly non-linear functions in order to get the desired degree of accuracy. Without the
activation functions between the hidden layers, the FNN just performs linear transformations.
After passing through the activation function, value Z will move to the next layer, and so on till
the final value, the output parameter, is reached and a first prediction is made.

The back propagation phase starts with the first prediction that is made. The difference
between the predicted output from the FNN and the actual output is then calculated by a
predefined error function. The back propagation is part of the training process when different
epochs, multiple passes through the training dataset, are performed so that the calculated error
of the training prediction is used to adjust the network’s weights and to improve the model’s
performance.

The feed forward and back propagation phase is done multiple times until the difference between
the predicted and the actual output will converge to a state where the error is very small and
the network performs satisfactorily on the training data.
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Figure 2.14: Schematization of the feedforward phase of one arbitrary neuron, in blue. The red
box depicts the neurons of one layer, the black arrows are the weights, the orange arrow shows
the activation function, and the purple arrow the information transportation to the next layer.

2.7 Conclusion

This chapter shows the important aspects from the literature review. Two failure mechanisms
are discussed in this chapter, macro-stability of the inner slope and wave overtopping which are
captured by a (surrogate) model. Two of the four shear strength models from D-Stability are
used in this research, namely SHANSEP and Mohr-Coulomb Advanced. Two of the three LEM’s
from D-Stability are implemented in this research, Bishop in the Simple model and Uplift-Van
in the Complex model.

Sections 2.2 until 2.4 covers the literature review that is needed to create the data for deriving
the surrogate model. What this data looks like and how it is created will be explained in chapter
3. Sections 2.5 and 2.6 are about the machine learning part, which type of machine learning
is used in this research and what the different ML models look like. Each ML model can have
multiple input parameters to assess the FoS. For visualisation purposes, the slip circle can also
be predicted. When the slip circle needs to be predicted, next to the FoS, each ML model
should be trained on more output parameters related to geometry of the slip circle. Every ML
model that is considered in this research can have multiple outputs, except for the standard
SVR model. This model should be adjusted in order to predict multiple outputs.

37



Chapter 3 Database surrogate model

3.1 Introduction

In this chapter, the data is discussed that is needed to calculate the macro-stability of the inner
slopes of dikes and to train the surrogate model for macro-stability later. To calculate the
macro-stability of the inner slopes of dikes, data on soil properties, dike geometry, groundwater
conditions, hydrology, and loading conditions are needed.

In dike reinforcement projects, the soil properties are usually fixed. Soil investigation is
performed and the soil properties derived from this investigation are used. When existing dikes
have to be reinforced, then the dike geometry is examined first in order make the inner slopes
of dikes more stable. That is why the focus of this research is on varying dike geometries to
create stable inner slopes of dikes. This means that the dataset that will be created consists
of different dike geometries with the same soil properties and for these dike geometries the FoS
will be calculated with D-Stability.

In addition to varying dike geometries, the hydrological conditions and the thicknesses of
the soil layers underneath the dike will also vary for the different dike geometries since these
differ per location. The groundwater table and the uniform traffic load are constant. The
average groundwater level in the Netherlands is 1 m below ground level [16]. In the technical
report of water retaining soil structures, it is stated that a traffic load of 13.3 kPa operating
over a distance of 2.5 meters should be applied on top of the crest of the dike, even when there
is no road on top of it [53]. The average groundwater level is used as value for the groundwater
table and the traffic load of 13.3 kPa as value for the load on top of the crest of the dike.

The different dike geometries with the different hydrological conditions and thicknesses
of the soil layers underneath the dike, input, together with the corresponding FoS, output, will
serve as dataset to train the ML algorithms.

In the Netherlands, a few main types of dike constructions exist, namely clay, sand, peat and
sand dike with clay cover [62]. In this research, the focus is on primary flood defences, which
are mostly sand and clay dikes, therefore peat dikes are not considered.

For the macro-stability analysis, WBI2017 compiled one dike cross-section with several
characteristic points. This cross-section is shown in Figure This schematization of a dike
cross-section is the starting point for the different cross-sections that are considered in this
research.
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Figure 3.1: Schematization of a dike with characteristic points. The characteristic points load
outward side and load inward side refers to start and end point where the uniform traffic load
is located.

In section 3.2, a simplification of the cross-section in Figure is considered first. Simple dike
geometries are considered first in order to see if the ML algorithms, that are trained on the
dataset containing information of dikes with this geometry, can predict the FoS accurately. In
section 3.3, a similar cross-section with the corresponding characteristic points as in Figure is
considered. The ML algorithms that are trained on the simple dike cross-sections are referred to
as 'Simple models’ and the algorithms trained on similar cross-sections as Figure |3.1] are referred
to as ’"Complex models’ hereafter. In sections 3.4 and 3.5, the strategy is explained to get the
values for the different input parameters that correspond to the different dike geometries.

3.2 Simple model

3.2.1 Input parameters

The dike geometry for the Simple model can be observed in Figure It consists of an outer
and inner slope and no outer or inner berm are attached to the dike and no ditch is added
to the dike geometry. To create a dataset containing different dike geometries, values for the
three parameters related to the geometry, one parameter related to the hydrological conditions,
and one parameter related to the schematization of the underground, which can be observed in
Figure by the grey boxes, are varied. The outer slope of the dike will not be varied since
the main focus is on inner slope stability of the dike and is equal to 1:3. The space before the
outer dike toe (5 m) is smaller than the space behind the inner dike toe (20 m) since the main
focus of this research is on developing a slip plane on the inner side of a dike (inner slope). The
space behind the inner dike toe is enough to develop the slip circle near the inner slopes of the
different dike geometries. The output of the surrogate model is the FoS. In Figure [3.3] a clear
overview of the different input parameters and the output parameter for the Simple model is
displayed.
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Figure 3.2: Schematization of the simple dike with the input parameters to train, validate, and
test the surrogate model.
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Figure 3.3: The different input parameters and the output parameter for the surrogate model
trained on simple dike geometries.

These five parameters are part of the input parameter sets. In Table the minimum and

maximum value for each input parameters is stated. The different input parameters can take any
value that is at the corresponding range. The different values for the different input parameters
will result in different dike geometries and input parameter sets. In Table the references for
the values of the input parameters are shown too.

H Parameter Symbol | Min. value | Max. value ‘ Unit ‘ References H
Crest width B 3 10 m [57] [40]
Inner slope IS 1:2% 1:4 - [40] [46], current dike rein-
forcement projects, soil type
Dike height H 3.5 6 m current dike
reinforcement projects
Water height WH 3 5.5 m current dike
reinforcement projects
Thickness cohesive layer | TCL 0 8 m [13]

Table 3.1: The minimum and maximum values for the input parameters to train, validate, and
test the surrogate model for the Simple model.
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*The minimum value for the inner slope of the dike is rounded in Table This value is
calculated with the lowest friction angle for the considered soils in this research. Clay has a
lower friction angle than sand in this research, as can be observed in the section 3.2.2, which
means that the minimum value for the inner slope of a dike is related to the friction angle of
clay. Clay has a lower friction angle than sand since clay particles are much smaller than sand
particles allowing that clay particles can slide over each other more easily, reducing the resistance
to shear force. This movement results in a lower friction angle.

3.2.2 Soil parameters

In section 2.3, the two shear strength models from D-stability are mentioned that are used in
this research; SHANSEP and Mohr Coulomb Advanced. For clay, Mohr Coulomb Advanced is
used above the phreatic level and SHANSEP below the phreatic level. The dike core is not fully
saturated, which makes the Mohr Coulomb Advanced model more suitable for this soil than
SHANSEP. For sand, Mohr Coulomb Advanced is used.

These shear strength models require parameters related to the soil conditions. In this
research, one type of sand and one type of clay is chosen to keep things simple. Sand will be
placed in the dike core and underneath the cohesive layer and clay will also be placed in the
dike core and serve as the cohesive layer underneath the dike core. The parameters related to
the soil conditions mainly come from Table 2B of the NEN 9997-1.

The clay type that is considered in this research is called klei-schoon-matig in Table 2B of the
NEN 9997-1, since this material has a unit weight that is common in dike cores and does not
contain large amount of silt, sand or other soil particles. The unit weight of this clay type is
17 kN/m?2, but this unit weight has been reduced in this study to 16 kN/m? since this is a
boundary given for use of the SHANSEP model in WBI2017. The unit weight is the same for
saturated and unsaturated clay since the unit weight for different types of clay in saturated and
unsaturated conditions is also the same in Table 2B of the NEN 9997-1. The soil properties
friction angle and cohesion are derived from Table 2B of the NEN 9997-1. However, the friction
angle belongs actually to the soil klei-schoon-vast in Table 2B from the NEN 9997-1, since a
higher friction angle is more common for a dike body as can be observed in the macro-stability
manual WBI2017. The dilatancy angle is set to 0°as mentioned in section 2.3.2. No soil data
is considered in this research, which makes it difficult to determine appropriate values for the
strength increase exponent (m), shear strength ratio (S), and pre overburden pressure (POP).

By using the correlation m = 1 - Cs/Cc with a value of 0.2 for the ratio Cs/Cc as mentioned
in section 2.3.1, a value of 0.8 is derived for m. According to the manual "Handreiking voor het
bepalen van schuifsterkte parameters WTI 2017 Toetsregels Stabiliteit’ from Deltares, when no
soil data is available, a safe value for m is 0.8 |60, which is in line with the correlation.

The lowest expected value for the POP, according to the macro-stability manual of WBI2017,
is around 15 kN/m? and this value is used for clay. The expectation value for S for clean clay,
according to the macro-stability manual is 0.25 [47].

The clay parameters for the SHANSEP model and Mohr Coulomb Advanced can be ob-
served in Table [3.2] and Table 3.3l
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H Soil parameter ‘ Symbol ‘ Value ‘ Unit H
Unit weight saturated Ysat 16 kEN/m?
Unit weight unsaturated Yunsat 16 EN/ m>
Shear strength ratio S 0.25 |-
Strength increase exponent | m 0.8 -

Pre Overburden Pressure POP 15 EN/m?

Table 3.2: The clay parameters for the cohesive layer under the dike. The soil parameters
correspond to the input parameters for the SHANSEP model.

H Soil parameter ‘ Symbol ‘ Value ‘ Unit H
Unit weight saturated Ysat 16 EN/m?>
Unit weight unsaturated | vunsat 16 EN/ m>
Friction angle ® 25 °
Cohesion ¢ 5 kPa
Dilatancy angle P 0 °

Table 3.3: The clay parameters for the dike itself, in the case if the core of the dike contains
clay. The soil parameters correspond to the input parameters for the Mohr Coulomb Advanced
model.

Reflecting on the POP value of clay, a value of 15 kN/m? leads to a very high over consolidation
ratio (OCR) near ground level. This means that the stress experienced in the past is much
higher than the stress that is experienced now. In combination with the value for the strength
increase exponent will lead this to a very high undrained shear strength. This is known in this
study. The soil parameters for clay are chosen in order to get a reasonable proof of concept. In
practice, some cohesion is added to the top soil layers to avoid unrealistic shallow slip circles
instead of having a high undrained shear strength near ground level, but this is not applied in
this research since this is not the main purpose of this study. The main purpose of this study is
to create a conceptual model that assesses the macro-stability of inner slopes of dikes. That is
why the POP value is the same for all amounts of clay that is considered in each dike geometry.

The sand type that is considered in this research is called zand-schoon-slap in Table 2B from the
NEN 9997-1. Like the clay type, this sand type is also clean and does not contain any other soil
particles. The soil properties unit weight, friction angle, and cohesion are derived from Table
2B of the NEN 9997-1. The dilatancy angle is set to 0 °as mentioned in section 2.3.2. The sand
parameters for the Mohr Coulomb Advanced model can be observed in Table

42



3.2. SIMPLE MODEL CHAPTER 3. DATABASE SURROGATE MODEL

H Soil parameter ‘ Symbol ‘ Value ‘ Unit H
Unit weight saturated Vsat 19 EN/m?>
Unit weight unsaturated | Yunsat 17 kEN/ m3
Friction angle % 30 °
Cohesion C 0 kPa
Dilatancy angle P 0 °

Table 3.4: The sand parameters for the sand layer under the cohesive layer and for the dike
itself, in the case if the core of the dike contains sand. The soil parameters correspond to the
input parameters for the Mohr Coulomb Advanced model.

3.2.3 Phreatic level

The phreatic level inside and outside the dike for a dike core containing clay or sand is schema-
tized in Figure and Figure [3.5] Initially, the phreatic line in-/and outside the dikes were
schematized following the rules from the Technische Adviescommissie voor de Waterkeringen
[54]. However, when using the input parameters from sections 3.2.1 and 3.2.2, the phreatic line
was schematized very high in the dike core, which resulted in high water stresses inside the dike
body and low FoS’s. That is why a different approach for the phreatic line has been chosen.
The phreatic line schematization from the D-Stability manual with corresponding offset values
results in a lower phreatic line inside the dike core, lower water stresses inside the dike body and
higher FoS’s. These schematizations can be observed in Figures and for dikes containing
clay or sand inside its core and both will be used in the same training dataset in this research.

Figure 3.4: Schematization of the phreatic line inside and outside a dike with a clay core.

G1

G2

Figure 3.5: Schematization of the phreatic line inside and outside a dike with a sand core.
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In the D-Stability manual, the derivation of the coordinates of the different points through which
the phreatic line passes is explained. In Table and the points through which the phreatic
line passes with the corresponding characteristics for a dike core containing clay and sand are
stated. The phreatic line runs from point A until G, depending on whether a ditch is present or
not. For the Simple model, a ditch is not present and therefore the phreatic line goes through
points F2 and G2.

H Point ‘ x coordinate ‘ y coordinate H

A Lstart_dike_geometry Youter —waterlevel

B Tintersection_outer—waterlevel _and_outer—dikeslope | Youter—waterlevel

C zp-1 YB - C’offset

D L crest_inner_slope Yo - Doffset

E Linner_toe_dike Yinner_toe_dike ~ (025 * youterfwaterlevel)
F1 Tintersection_ditch—waterlevel _and_ditchslope Yditch—waterlevel

F2 Tinner_toe_dike T Foffset Ygroundwaterlevel

Gl Lend_dike_geometry Yditch—waterlevel

G2 Lend_dike_geometry Ygroundwaterlevel

Table 3.5: The coordinates of the points with characteristics of the dike through which the
phreatic line passes for a dike with a clay core.

H Point ‘ x coordinate ‘ y coordinate H
A Tstart_dike_geometry Youter —waterlevel
B Tintersection_outer —waterlevel _and_outer—dikeslope Youter —waterlevel
C B YB - (05 * youterfwaterlevel)
D inntersection,o.25*outer—waterlevel,and,inner—dikeslope YE + (025 * youter—waterlevel)
E Linner_toe_dike Yinner_toe_dike
F1 Lintersection_ditch—waterlevel_and_ditchslope Yditch—waterlevel
F2 Tinner_toe_dike 1 Foffset Ygroundwaterlevel
G1 Lend_dike_geometry Yditch—waterlevel
G2 Tend_dike_geometry Ygroundwaterlevel

Table 3.6: The coordinates of the points with characteristics of the dike through which the
phreatic line passes for a dike with a sand core.

In the D-Stability manual, two default values are mentioned; Cyfrser and Dyprser. The values
for these points are 1 and 1.5 m.

The average groundwater level in the Netherlands is 1 m below ground level [16] as men-
tioned in the introduction of this chapter. Therefore it is assumed that for the dikes geometries
with no ditch on the land side of the dike, after point E, the phreatic level reaches a depth of 1
m below ground level over a horizontal distance of 5 m (F,fset) after reaching the inner toe of
the dike.
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3.3 Complex model

3.3.1 Input parameters

The dike geometry for the Complex model can be observed in Figure [3.6] It consists of an outer
and inner slope, an inner berm attached to the dike and a ditch added to the dike geometry.
To create a dataset containing different dike geometries, values for the six parameters related to
the geometry, one parameter related to the hydrological conditions, and one parameter related
to the schematization of the underground, which can be observed in Figure and Table
are varied. The constant parameters related to the dike geometry can be observed Figure [3.6
and Table The output of the surrogate model is the FoS. A clear overview of the different
input parameters and the output parameters for the surrogate model trained on complex dike
geometries can be observed in Figure |3.7]

The space before the outer dike toe (5 m) is smaller than the space behind the ditch (20
m) since the main focus of this research is on developing a slip plane on the inner side of a dike
(inner slope). The space behind the inner dike toe is enough to develop the slip circle near the
inner slopes of the different dike geometries.

The difference with regard to the dike core in the Simple model is that the dikes with the
sand core have a clay cover over the sand core now. In the Netherlands, dike cores containing
only sand is not common, but with the clay cover it is.

Outward Inward
@
Clay/Sand
@ @ i @ Tota
® height
~ @
2 G
J
@ ) ® ®© © | ® © @
0 dth d
—Cohesive layer
Sand layer

Figure 3.6: Schematization of the complex dike with the different width, height, and slope
components the dike consists of and the water level to train, validate, and test the surrogate
model.
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Input parameters

Dike height

Inner slope

Thickness of the
Surrogate model
tability FoS
Water height inner slope dikes

Inner berm
width

Depth ditch

Distance between
ditch and inner
dike toe

Figure 3.7: The different input parameters and the output parameter for the surrogate model
trained on complex dike geometries

The eight parameters stated in Table [3.8] are part of the input parameter sets. In Table
the minimum and maximum value for each input parameters is stated. The different input
parameters can take any value that is at the corresponding range. The different values for
the different input parameters will result in different dike geometries and input parameter sets.
In Tables and the references for the values of the input parameters and the constant
parameters related to the dike geometry are shown too. The same minimum and maximum
values for the input parameters that are the same for the Simple and the Complex model are
used, which can be observed in Table

Parameter Symbol | Number in | Value | Unit | References
Figure 3.5
Outer slope* 0S Brown 1 1:3 - current dike
reinforcement projects
Ditch slope DS Brown 5 1:3 - [56]
Width bottom ditch | WBD | Grey 7 05 | m | [
Inner berm slope IBS Brown 3 1:20 | - [48], expert knowledge
Thickness clay TCC - 1.5 m [63] |54
cover**

Table 3.7: The constant input parameters to train, validate, and test the surrogate model for
the Complex model.

*Berms will not be added to the outer slope and the outer slope will still be constant for the
Complex model, since the main focus of this research is on developing a slip plane on the inner
side of a dike (inner slope).

** The clay cover is placed over the entire dike core with the same thickness. In reality, when a
sand dike has a clay cover, the clay cover is only placed on the outer slope of the dike or placed
over the entire dike core but with a decreasing thickness.
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Parameter Symbol | Number in Min. | Max. | Unit | References
Figure 3.5 value | value
Crest width B Grey 2 3 10 m [57] [40]
Inner slope IS Brown 2 and | 1:2 1:4 - [40] [46], current dike rein-
Brown 4 forcement projects, soil type
Dike height H Pink 1 3.5 6 m current dike
reinforcement projects
Water height WH Dark blue1 | 3 9.5 m current dike
reinforcement projects
Thickness TCL Pink 3 0 8 m [13]
cohesive layer
Inner berm 1B Grey 4 0 15 m 26
Distance ditch-dike | DDD Grey 6 0 5 m 66
Depth ditch*** DD Pink 2 0.5 1.25 | m [11] [65]

Table 3.8: The minimum and maximum value for the input parameters to train, validate, and
test the surrogate model for the Complex model.

***Since the ditch slope and the width of the bottom of the ditch are constant, only the depth
or the total width of the ditch can vary. The maximum width of ditches next to a dike is 8 m
[11], which leads to a maximum ditch depth of 1.25 m.

3.3.2 Soil parameters

In section 3.2.2, the soil parameters are stated for the SHANSEP and Mohr Coulomb Advanced
model for the Simple model. For the Complex model, the same soil types and soil parameters
are used.

3.3.3 Phreatic level

For the complex model, dikes can have a clay core and a sand core with a clay cover. In addition
to the different dike core, a ditch is also present in the Complex model. The phreatic line runs
from point A until G, including points F1 and G1. The coordinates of these points can be
observed in Tables [3.5] and 3.6l

The water level inside the ditch is kept constant at height of 0.4 m below ground level in
order to always have some water inside the ditch for different dike geometries.

3.4 Training dataset

Data sampling aims at capturing as best as possible the variability of the original model to train
a suitable surrogate model. Data sampling is used to select a subset of input parameter values
from the input parameter range with a minimum and maximum value mentioned in previous
sections of this chapter. In general, it is difficult for surrogate models to extrapolate, which
means that the sampling method should aim to be space-filling and broader than the expected
values to predict. Data sampling strategies aim to maximize the amount of information per
number of samples [24].

The minimum and maximum values for the input parameters are derived from different
sources, as can be observed in Tables and In reality, all input parameters val-
ues do follow a statistical distribution. However, in this research, it is assumed that each data
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point/input parameter in the dataset has an equal chance of being selected. Due to this assump-
tion, the data points are sampled from a uniform distribution with the minimum and maximum
value for each input parameter described in previous sections of this chapter.

Different smart sampling strategies exist in literature, with the simplest method being the
Grid Sampling.

3.4.1 Grid Sampling (GS)

In Grid Sampling (GS]), a multi-dimensional space is divided into a regular grid of equally
spaced points along each dimension. This sampling strategy is pretty straightforward and easy
to implement, but is computationally demanding if it has to capture variability in the data when
the underlying function is not linear.

The relationship between the input parameters and the FoS is most likely not linear, which
means that the grid sampling strategy will not gain enough information to train the surrogate
model. Therefore it is necessary to go for more advanced strategies. In this research, two
common types of sampling strategies are considered; Random Sampling and Latin Hypercube
Sampling. These two will be elaborated in the following sections. In Figure the difference
between the sampling techniques can be observed.

3.4.2 Random Sampling (RS)

Random Sampling (RS)) is a sampling technique in which an input variable is selected indepen-
dently from the entire range. This technique does not guarantee that the taken samples are
well-spaced, which can affect the accuracy and efficiency of the simulation. However, random
sampling makes sure that the selection bias is reduced, since certain ranges in the data are not
over represented or under represented.

3.4.3 Latin Hypercube Sampling (LHS)

Latin Hypercube Sampling (LHS) is a sampling method that ensures that the samples are
both evenly distributed within each dimension and are also as independent as possible across
dimensions. This sampling strategy divides the range of each input variable into equal intervals
and selects one value from each interval. After doing this, the values are paired randomly. This
way of sampling makes sure that the data points are more evenly distributed than Random
sampling and is beneficial since less samples are needed in comparison with Random sampling
to get an appropriate ML model. The ML models will be trained using both sampling methods
in order to select the sampling method with the best performance for the data used in this
research.

Figure 3.8: From left to right: Grid Sampling, Random Sampling, and Latin Hypercube Sam-
pling [50].
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3.4.4 The dataset

Certain requirements regarding the size of the dataset and the values of the input parameters
have to be considered before sampling the input parameters.

The dataset containing about 10.000 input parameter sets with the corresponding FoS, calcu-
lated by D-Stability, should be used to create a surrogate model for the macro-stability of dikes.
From 10.000 samples of the input parameters propagate in a Bishop model on a Monte Carlo
simulation, it is expected that the FoS estimation error of its mean and standard deviation
is around 1%. The error is estimated to be proportional to the square root of the number of
samples [30]. 1% estimation error is often the limit, since a lower error will result in higher
computational costs, because more samples are needed. This means that 10.000 samples are
taken with Random Sampling and with Latin Hypercube Sampling for each input parameter
following an uniform distribution.

The 10.000 input parameter sets are an initial guess for the amount of D-Stability calcu-
lations that need to be performed. If the input parameter space is not completely filled, after
running the 10.000 D-Stability calculations, then more calculations need to be performed and
more D-Stability calculations will be executed.

To create the dataset, different combinations of input parameters are collected by sampling to
get the FoS. It can happen that certain combinations of input parameters contain values for
the water height that are higher or equal to the crest height of the dike. The input parameter
sets with water heights higher than the crest of the dike are removed from the input parameter
dataset since the water acts as an additional load on top of the dike for these combinations of
the input parameters and the schematization of the phreatic line is not properly schematized
for these combinations.

In reality, dikes are not designed for water levels equal to the crest level. However, the
input parameter combinations with these water levels help the surrogate model to approximate
the FoS better for situations when the water level is very high with respect to the crest level of
the dike and therefore these combinations have not been removed from the dataset.

3.5 Data sampling in Python

In the previous section, the data sampling methods are described. How these two sampling
methods are implemented and how to get the different dike geometries from the input parameters
is explained in this section.

For data sampling, two Python files are created; one for Random Sampling (RS) and one for
Latin Hypercube Sampling (LHS) to keep the methods separate. For RS, the input parameters
are sampled with the function random.uniform() from the random module and for LHS, the
class LatinHypercube is used from module scipy.stats.qmc. After deriving the 10.000 input
parameter sets with the specific sampling method, the dike geometries can be created. For
the dike geometries, a function is defined that describes the dike geometry, which returns a
numpy array containing the x-, y-, and z-coordinates of the characteristic points along the dike.
Two different CSV-files should be created containing the characteristic points along the dike as
input for D-Stability. One CSV-file contains the x-, y-, and z-coordinates of the characteristic
points with the column names X1, Y1, Z1, X2, ... etc. and the other CSV-file contains also all
coordinates, but with column names X_name characteristic point, Y_name characteristic point,
Z_characteristic point, ... etc. until all characteristic points along the dike have been selected.
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First, the characteristic points are stored in two separate data frames called surfacelines and
characteristic_point and later both data frames are saved in two separate CSV-files. The sampled
input parameters are saved in a similar way.

3.6 Conclusion

This chapter presents what the training dataset looks like and how it can be created. First,
the dataset of the Simple model is described. The Simple model is created in order to see if
it is possible to create a surrogate model based on D-Stability calculations with high model
performance before moving on to the more complex dike geometry. The values for the input
parameters come mainly from current dike reinforcement projects in order to eventually apply
the surrogate model in current projects. The values for the soil parameters are derived from
Table 2B of the NEN 9997-1 and the macro-stability manual of WBI2017. If soil investigation
is not performed, this approach is often done to have an idea about the soil conditions.

Some input parameters have more influence on the FoS than the others. This will result
from the outcome of the Simple and the Complex model. Table and Table just gives
an overview of the initial ranges of input parameters. The Simple and the Complex model are
optimized by changing the input parameter ranges such that the range of input parameters,
that influences the FoS the most, and the right values for the FoS are chosen. Optimizing the
Complex model is done in a similar way as optimizing the Simple model. That is why the same
input parameter ranges as the initial ranges for the Simple model are observed in Table
The sensitivity for certain input parameters will be elaborated in detail in chapter 5.

After describing the ’ingredients’ of the dataset, the techniques for generating the data and
certain requirements related to the dataset are elaborated in section 3.4 and 3.5. Three different
sampling techniques are explained. For the Simple model, both methods are used. For the
Complex model, the best sampling strategy, derived from the Simple model, is applied. e

50



Chapter 4 Methodology

4.1 Introduction

The methodology is about discussing the strategy to derive an appropriate surrogate model for
the macro-stability of dikes. Step by step, the different processes are explained until a final ML
model is created. In between different sections of this chapter, the python implementation of
the previous sections is explained. A clear overview of the strategy of deriving an appropriate
surrogate model for macro-stability of dikes is shown in Figure

Hyperparameter tuning
Perform hyperparameter
Sampling the input Performing the Data preprocessing tuning with Random-Search
M parameters D-Stability —=| Mommalizing and splitting the CV and later with Grid-Search
calculations training dataset, CV. During hyperparameter
tuning ML models are
evaluated with -MSE.
[ |
Training final ML Models’ performance Y Mdl- |
Evaluated models’ 0 es ["| models
L = performance with validation Model’s performance / are done

Train final ML models on metrics MSE, MAE, and accurately \

whole training set and
. R*2-score on test dataset
evaluate with MSE. {unseen data).

No

Sensitivity analysis

Change the training dataset, O mieg mod sy T
ML models, or training Improving mode| robustness
procedures based on results
from sensitivity analysis and Data investigation
data investigation Identify data quality issues
Bias detection
Identify data distribution shifts

Figure 4.1: Overview of the strategy to derive an appropriate surrogate model for the macro-

stability of dikes.

4.2 HWL datamodel

Before training the ML model, the dataset should be generated. The dataset is generated by
sampling the different input parameters that create different dike cross-sections and implement
these cross-sections in D-Stability one by one to get the corresponding FoS. Doing this one by one
to get 10.000 D-Stability calculations will take a lot of time. That is why Witteveen+Bos (W+B)
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already created a model that automates this process, the High Water protection and Land
development model, in Dutch the Hoogwaterbescherming and Landinrichting (HWTJ) model, by
combining Python with D-stability. Each dike section is stored in a database after the python
tooling checks if all the properties of the different dike geometries are correctly implemented.

The automated process starts with defining the cross section of the dike, containing the dike
geometry and the underground schematization. The dike geometry is defined by a Linestring
containing the x- and y-coordinates of the characteristic points along the dike. These charac-
teristic points are shown in Figure [3.1] The subsoil is schematized as a 1D borehole. This 1D
borehole contains all the soil properties and the depth of each soil layer. The information of
the dike geometry and the subsoil will be sent to HWL datamodel, which will store and pre-
pare the data for the python underground schematization toolkit, in Dutch python ondergrond
schematisatie toolkit (posf]). After storing the information in HWL datamodel, post will create
a 2D schematization of the dike cross section with the data from the dike geometry and subsoil
schematization. Post has created an embankment, but the water is still missing. The phreatic
line is created as an additional part of the HWL datamodel. The created dike with the phreatic
line (waternet) will be sent to D-Stability to calculate the FoS. After the D-Stability calculation,
the input parameter set with the corresponding FoS will be stored in a tabular dataset encoded
into a pandas’ dataframe [36]. The values for the input parameters will be changed and the same
process follows for another dike cross-section. A lay-out of the automated process containing
the HWL datamodel is depicted in Figure After doing the 10.000 D-Stability calculations,
the different input parameter sets with the corresponding FoS will be stored in a CSV-file for
easy access to train the machine learning (ML) model.

Dike geometry post*
Linestring with x- and y- Post will create a 2D
coordinates of all schematization of tha .
characteristic points along hwi-datamodel dike from the input ‘Dike | D-stability
the dike. The ‘Dike geometry’ geometry’ and ‘Subsoil Based on the
and “Subsoil schematisation'. In short, 0
schematization” will post will schematize the schematization
Subsoil schematisation be put in the hwi-datamodel. l‘_&nd pl?relatl;
The coordinates related ta the . hh\;-dalamndlel. '"':h? ;:;
depth of the top- and battom wi-datamodel just )
of g;ch soil laygr and the soil contains the data of Waternet sgb't'!;g_;'_:""
type of each layer. the dike. Create a phreatic line that -stability.
L| needs to be added to the ||

2D dike schematization in
order to calculate the
stability.

*post = python ondergrond schematisatie toolkit

Change the 2D dike
schematization in order to
calculate the stability for
another dike geometry

Figure 4.2: Explanation of the HWL datamodel.

4.3 Python set-up for FoS

In the previous section, HWL datamodel is explained that is used in this research to get the
10.000 D-Stability calculations quickly. In this section, the implementation of HWL datamodel
in Python is elaborated. The soil data implementation in Python is also explained in this section.
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4.3.1 Soil data

Some requirements related to the soil data exist in order to use this data for the D-Stability
calculations. In sections 3.2.2. and 3.3.2, the characteristics of clay and sand are elaborated
and these characteristics should be named in a way that the soil data is imported correctly. In
a separate Python file, the soil data is stored in a pandas data frame with the correct column
names according to the classes HWL datamodel. This data frame is saved as an CSV-file.

4.3.2 HWL datamodel
The steps that should be taken before running the 10.000 D-Stability calculations are as follows:

1. The four CSV-files, surfacelines, characteristic_point, soil data, and input parameters, are
imported in the Python file.

2. After getting the data, 10.000 1D soil profiles are created with the soil data and the
values for the different dike heights and thicknesses of the cohesive layer, from the input
parameter file, with class SoilProfilel1D from HWL datamodel.

3. 10.000 CSV-files will be created for each surfaceline of the 10.000 dikes from CSV-file
surfacelines and similar for characteristic_point CSV-file.

4. A 2D profile will be created for each dike geometry from the created CSV-files in step 3
with class Profile2D from HWL datamodel.

5. For each dike geometry, a block of soil will be created from the 1D soil profiles in step
1 and the minimum and maximum x-coordinate from the 2D profile in step 4 with class
_create_block from post.

6. After deriving a block of soil, the dike geometry from the 2D profile is cut from the block
of soil with _cut_profile from post.

7. The schematization of the dike is finished using the class SubsoilSchematisation from HWL
datamodel with the input from step 6.

8. Right now, the base schematization is established and is ready to be exported to D-
Stability. First, an empty DStability model should be created. The soils and the schemati-
sation will be exported to the model using convert_soils() and convert_subsoil_schematisation|()
from the wb_geolib package, which is a wrapper around the Deltares GEOLIB package.
This package supplies adapters to convert data between HWL datamodel and Geolib.

9. After converting the soils and schematization of the dike, the waternet should be created.
The waternet is not part of the subsoil schematization of the dike profile, as can be seen in
Figure A class will be defined in the Python file to create the waternet. The phreatic
line that is schematized in section 3.2.3 is part of this class. The waternet is exported to
the D-Stability model using convert_waternet from wb_geolib.

10. The uniform traffic load on top of the crest of the dike and the state points in the different
soil layers are added to the D-Stability model with classes UniformLoad and StatePoint
from Geolib.

11. After performing step 1 until 10, the D-Stability model is done. The only thing that needs
to be done is defining the Analysis method (DStabilityBishopBruteForceAnalysisMethod

93



4.4. DATA PREPROCESSING CHAPTER 4. METHODOLOGY

for the Simple model / DStabilityUplift VanParticleSwarmAnalysisMethod for the Com-
plex model) from Geolib, set it to the model, and performing the D-Stability calculation.
To run the model, the model needs to be serialized (saved) with the function serialize()
first and then the function execute() is called to run the D-Stability calculation. The
output file should be defined in order to save the D-Stability calculation.

12. After running the D-Stability calculations, the results from the calculations are saved in
an CSV-file together with the corresponding sampled input parameters. The results from
the D-Stability calculations are the FoS and the midpoint and the radius of the slip circle
for the Simple model with analysis method DStabilityBishopBruteForceAnalysisMethod,
is Limit Equilibrium Method (LEM) Bishop’s method. The results from the D-Stability
calculations are the FoS, the midpoint and the radius of the active slip circle, and the
midpoint and radius of the passive slip circle for the Complex model with analysis method
DStability Uplift VanParticleSwarm AnalysisMethod, is LEM Uplift-Van method. The FoS
is needed as output parameter to train the surrogate model and the characteristics of the
slip circle are needed for the data investigation in order to improve the surrogate model
for the simple and complex dike geometries.

4.4 Data preprocessing

The ML models can not be trained directly on the data obtained from the D-stability calculations
with the different input parameter sets. Some input parameter sets will result in shallow slip
circles. These need to be removed from the total dataset since these shallow slip circles will not
result in the dike failure due to the macro-stability failure mechanism. After removing these
calculations, the dataset will be normalized and split into a training, validation, and test set.

4.4.1 Normalization of data

Some ML models are sensitive to feature scaling. Therefore it is necessary to scale or standard-
ize the data. In addition to that, a non-normalized dataset often leads to numerically more
challenging optimization problem. Since the input and output parameters have different scales
and differ in orders of magnitude, the best method to scale the data is MinMaxScaler and is an
alternative to mean-variance scaling. The MinMaxScaler scales the data in such a way that the
minimum value in the dataset will be set to zero and the maximum to one.

4.4.2 Splitting the dataset

Splitting the dataset is crucial to assess the models’ performance. The dataset containing the
input parameters with corresponding output parameters should be split into a training, valida-
tion, and test dataset.

The training dataset is applied to train the ML model. The ML model tries to find the
patterns captured inside the data and directly improves its parameters. The training dataset is
often 60-80 % of the total dataset, and even 90% if the dataset is relatively large [41].

The validation dataset is used to calibrate the hyper parameters of the ML model and to
provide an unbiased evaluation of the model fit on the training dataset while tuning the hyper
parameters. The validation dataset is often 10-20 % of the total dataset.

The test dataset is used to provide an unbiased evaluation of the final model fit on the
training dataset. The test dataset is an independent dataset to evaluate the model’s perfor-
mance after training and tuning the hyper parameters. The test dataset is often 10-20 % of the
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total dataset.

In this research, the dataset is split using the function train_test_split from scikit-learn [55]. A
common split is that 80% of the total dataset is for training and validating the ML model and
20% is for testing the ML model [49]. These percentages are used in this research. Since the
dataset is relatively large, the training and testing dataset have the same statistical properties.
The size of the validation dataset varies due to the value for CV, which is explained in section
4.5.

4.5 Hyperparameters

Before training the final ML models, the hyper parameters for each ML model will be tuned
first. Hyper parameters are settings of the ML model, which will not be changed during training
of the ML model. The hyper parameters associated with each type of machine learning model
have a crucial impact on determining the bias and variance.

Hyper parameter tuning is the process to optimize the hyper parameters of the ML al-
gorithms. The validation set, described in section 4.4.2, is used to evaluate the ML algorithms
during hyper parameter tuning. During hyper parameter tuning, the ML models are evaluated
based on negative mean squared error, which is a commonly used scoring parameter [17] [35].
Two common used hyper parameter tuning techniques are Grid-Search Cross-Validation and
Random-Search Cross-Validation. The ML models are evaluated based on the negative mean
squared error since the classes in scikit-learn for Grid-Search Cross-Validation and Random-
Search Cross-Validation are designed to maximize the scoring metric. Since MSE needs to
be minimized, using negative mean squared error allows the optimizer to effectively minimize
MSE by maximizing the negative MSE. Grid-Search Cross-Validation and Random-Search Cross-
Validation will be elaborated in the following section and afterwards the hyper parameter tuning
process for the different ML algorithms with their corresponding hyper parameters.

4.5.1 Hyper parameter tuning techniques

In this section, the two considered hyper parameter tuning techniques are elaborated. The
hyper parameter tuning process will be explained in the next section. However, one parameter
is important to mention in this section and that is the cross-validation (CV]).

Both hyper parameter techniques evaluate the ML model’s performance using CVis
a technique to create better fitting models by splitting the training dataset into multiple random
subsets, called folds, holding one group out as validation set and the remaining groups serve as
training set. If c¢v equals 5, then 5 folds are created and the model is trained on 4 folds and
evaluated on 1 fold. This process is repeated five times, with each fold serving as validation set
exactly once. The model’s performance is evaluated based on the validation fold and after 5
iterations, the average score of all folds for a certain set of hyper parameters is calculated to get
a robust estimate of the model’s performance. This iterative process can be observed in Figure
The default value for c¢v equals 5 in both techniques. However, a debate is going on which
value and strategy is the best for cv and the value 10 for cv for a small total dataset seems
to be better [42]. Tuning the hyper parameters for a cv of 10 takes longer, but is doable for a
dataset consisting of 10.000 data points. That is why a cv value of 5 and 10 are both used in
this research.
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Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

First Iteration
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Figure 4.3: Cross validation strategy with cv=>5 H

Grid Search Cross-Validation

Grid Search Cross-Validation is a technique for finding the optimal hyper parameter values
from a given set of parameters in a grid to enhance the model’s performance. This technique
works in the same way as grid sampling, which is explained in section 3.4. Grid Search Cross-
Validation explores each possible combination of hyper parameters that is provided in the grid
that is defined by the researcher. This method evaluates the model’s performance by testing it
on various sections of the dataset. After trying out all possible hyper parameter combinations,
Grid Search Cross-Validation presents the best combination of hyper parameters with the corre-
sponding score. This method performs an exhaustive search to get the right hyper parameters.
In Figure [£.4] the grid lay-out of Grid Search Cross-Validation can be observed. This technique
is extremely costly in computing power and time when the number of hyper parameters and the
hyper parameter grid is large.

Random Search Cross-Validation

Random Search Cross-Validation is a technique for finding the optimal hyper parameter values by
selecting random combinations of hyper parameters from given hyper parameter grids to enhance
the model’s performance. The default value for sampling the hyper parameter combinations is
10 and this value is used in this research. This method also evaluates the model’s performance by
testing it on various sections of the dataset, just like Grid Search Cross-Validation. After trying
out the 10 random sampled hyper parameter combinations, Random Search Cross-Validation
presents the best combination of hyper parameters out of the 10 considered combinations with
the corresponding score. This method is less costly in computer power and time since not all
possible hyper parameter combinations are assessed. In Figure the grid lay-out of Random
Search Cross-Validation can be observed.

Grid Layout Random Layout

Unimportant parameter
Unimportant parameter

Important parameter Important parameter

Figure 4.4: Grid Search Cross-Validation vs Random Search Cross-Validation ||
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4.5.2 Hyper parameter tuning

Before tuning the hyper parameters for each ML algorithm, the hyper parameters and the
corresponding ranges must be chosen first. The hyper parameters and their ranges have been
chosen based on literature. Some of the used literature is cited in Tables [4.1] to 4.4l The most
common hyper parameters with the ranges are used in this research.

After defining the hyper parameters and the range, the base ML model will be created with
the default hyper parameters that belongs to that model. When the ML models are created, the
Random Search Cross-Validation object is set up using the defined hyper parameter grids, which
are observed in Tables until for the corresponding ML model, and a cv value of 5 and 10
is used. For Random Search Cross-Validation, the amount of iterations is the default value, 10.
After setting up Random Search Cross-Validation object, the Random Search Cross-Validation
is fitted to the data, iterates over combinations of hyper parameters and assesses the hyper
parameter combination by the scoring parameter, negative mean squared error. Eventually, the
Random Search Cross-Validation returns a score of the model’s performance for a cv value of 5
and 10 and the best hyper parameters. Based on this score and the best hyper parameters, the
hyper parameter grid will be changed and a decision is made which value for cv is used for Grid
Search Cross-Validation.

The cv value with the best score is selected for the second search for the best hyper
parameters with Grid Search Cross-Validation. Grid Search Cross-Validation is selected for the
second search since this method considers all possible hyper parameter combinations. For every
hyper parameter, 3 values are selected, which are around the best hyper parameter value that
is derived from the Random Search Cross-Validation. Finding the best hyper parameters is
done in the same way as for Random Search Cross-Validation, but the number of iterations is
higher since all possible hyper parameter combinations are considered. The hyper parameter
combination that is derived from Grid Search Cross-Validation is the one that is used for training
the final ML model.

Hyper parameter | Definition Range of values for
Random Search Cross-Validation

n_estimators number of trees in the forest (50, 1000, stepsize=>50)
max _features considering number of features [log2’, 'sqrt’, 'None’]

when looking for best split
min_samples_split | min. number of samples (2, 10, stepsize=1)

required to split an internal node
min_samples_leaf | min. number of samples (1, 5, stepsize=1)

required at a leaf node
max_depth max. depth of a tree (10, 100, stepsize=10)

Table 4.1: The hyper parameters that will be tuned for RFR based on literature [14] [27] |5].
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Hyper parameter

Definition

Range of values for
Random Search Cross-Validation

n_estimators

number of trees in the forest

(50, 250, stepsize=50)

used for training each tree

max_depth max. depth of a tree (3, 10, stepsize=2)
n (learning rate) | contribution of each tree [0.01, 0.02, 0.05, 0.1, 0.2, 0.3]
subsample fraction of training data (0.5, 1, stepsize=0.1)

colsample_bytree

fraction of features
used for training each tree

(0.5, 1, stepsize=0.1)

0% min. reduction loss for (0.1, 0.2, stepsize=0.01)
creating new split in leaf node

« L1 regularization term on weights | (0, 1, stepsize=0.1)

A L2 regularization term on weights | (0, 1, stepsize=0.1)

min_child_weight

min. required weight to create
a new node in tree

(1, 10, stepsize=2)

Table 4.2: The hyper parameters that will be tuned for XGB based on literature |20] |4] [2].

Hyper parameter

Definition

Range of values for
Random Search Cross-Validation

complexity and error tolerance

C regularization parameter [0.1, 1, 10]

y kernel coefficient [0.01, 0.1, 1]

kernel kernel type ['linear’, 'rbf’, 'poly’]

€ specifies the € tube; trade-off model | [0.01, 0.1, 0.2, 0.3, 0.5, 0.7]

Table 4.3: The hyper parameters that will be tuned for SVR based on literature [33] [39] [51].

Hyper parameter

Definition

Range of values for
Random Search Cross-Validation

hidden_layer_sizes

number of neurons in
the hidden layer(s)

[(3), (5), (10), (20), (3, 3), (5
20), (3, 3, 3), (5, 5, 5), (10, 10, 10), (20, 20, 20)]

batch_size

size of the mini
batches for optimizer

[100]

learning_rate_init

controls the step size in
updating the weights

[0.001, 0.002, 0.005, 0.01, 0.02, 0.05, 0.1]

optimizer

solver for weight
optimization

"Adam’, 'SGD’]

activation_function

activation function for
the hidden layer

'ReLU’, ’sigmoid’, "tanh’]

alpha

strength of the L2

regularization

[0.00001, 0.0001, 0.001, 0.01]

Table 4.4: The hyper parameters that will be tuned for FNN based on literature 3] [37].
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4.6 Loss function

After hyper parameter tuning, the final ML models will be trained. Loss functions are used to
evaluate the model’s performance during training the model and help to improve the model’s
performance. For each ML algorithm in this research, the basis loss function is the Mean Squared
Error (MSE]), except for SVR since this ML algorithm uses the ¢ - Insensitive Loss Function.
For SVR, the goal is to find a regression function that has a prediction error no larger than a
specified margin ¢ for as many training samples as possible.

MSE measures the average squared difference between the predicted target values and
actual values and can be observed in equation This loss function is modified for certain ML
algorithms in this research if the chosen hyper parameters for the considered ML algorithm are
related to regularization terms. These regularization terms help to prevent overfitting.

1 .
MSE = o Z(yi — i) (4.1)
where:
n is the number of data points;

y; is the actual target value;

y; is the predicted target value;

4.7 Validation metrics

After training the ML models with the training dataset, the model’s performance should be
evaluated with the test dataset in order to see how well the ML models perform to new, unseen
data. The model’s performance will be assessed using validation metrics. Validation metrics
measures the model’s performance with the test dataset. In this research, three different vali-
dation metrics are considered for testing the ML models on unseen data; [MSE], Mean Absolute
Error (MAE), and Coefficient of Determination (B%). MAE measures the average of the abso-
lute differences between the predicted target values and actual values and can be observed in
equation R? gives an indication of the quality of fit of the ML model and can be observed
in equation The value of R-squared ranges from 0 to 1, the higher the value, the better the
model predicts the target value. How MSE works, is already explained in section 4.6.

1 .
MAE:;'Z\%—?JH (4.2)
where:
n is the number of data points;

y; is the actual target value;

y; is the predicted target value;

where:

99



4.8. PYTHON SET-UP FOR MACHINE LEARNING CHAPTER 4. METHODOLOGY

SSE = >(yi—9i)?% v is the actual target value;
y; is the predicted target value;
SST =>(yi—1%)% v is the actual target value;

7 is the mean of the actual values;

4.8 Python set-up for Machine learning

In the previous sections of this chapter and the chapters before, the different steps are elaborated
to develop ML models and to train them in a way that the target values are predicted well. How
these steps are performed in Python that will be explained in this section.

First, the CSV-file with the sampled input parameter together with the results from the D-
Stability calculations is imported in the Python file. The data is normalized using an own
defined MinMaxNormalizer class and split into training and test datasets using train_test_split()
[55]. After data normalization and splitting the dataset, hyper parameter tuning is performed.
The ML algorithms are trained with different sets of hyper parameters in order to see which
combination of values for the different hyper parameters will result in the best ML model. First,
hyper parameter tuning is done with RandomizedSearchCV and later with GridSearchCV from
module sklearn.model_selection. After training the different ML models, the model’s perfor-
mance is evaluated with the test dataset and assessed using the different validation metrics from
section 4.8. The best model is saved with function joblib.dump().

4.9 Conclusion

This chapter shows how to perform the 10.000 D-Stability calculations and the steps that need to
be taken to achieve a ML model that performs well. First, HWL datamodel is explained. HWL
datamodel is established by W+B and can be used to store, validate, serialize and communicate
data. HWL datamodel makes sure that performing the D-Stability calculations with it is quicker
than doing it by hand. How HWL datamodel is implemented in Python, is elaborated in the
section 4.3. The data is saved after performing the D-Stability calculations and should be
normalized and split into a training and test dataset. Normalizing and splitting the data is
better for the ML model’s performance. This is explained in section 4.4. The same yields for
hyper parameter tuning, which is elaborated in section 4.5. Tuning the hyper parameters will
increase the ML performance. Many hyper parameters exist for each ML model, but the most
used ones are selected to improve the ML model’s performance. After hyper parameter tuning
with Random Search Cross-Validation and Grid Search Cross-Validation the final models can
be trained. The ML models will be evaluated during training with a loss function, which is
explained in section 4.6. The basis for the loss function is the Mean Squared Error, except for
the SVR model. The loss function for the SVR model is the ¢ - Insensitive Loss Function. The
ML models XGB, SVR, and FNN adjust the loss function by adding regularization terms, which
are hyper parameters for each ML algorithm, to prevent overfitting. After training the ML
models, the model’s performance can be evaluated with the three different validation metrics
that are discussed in section 4.7. How the derived data from the D-Stability calculations results
in different ML models in Python, will be discussed in the last section of this chapter. In the
end, the best ML model will be used in the Multi Criteria Analysis (MCA) to optimize dike
designs.
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Chapter 5 Surrogate model results

5.1 Introduction

In chapter 3 and 4, the set-up for the database and the methodology for creating a surrogate
model is explained. In this chapter, the results regarding the database and the model’s per-
formance are elaborated. First, the Simple model will be explained with all the needed steps
to get the best macro-stability model for simple dike geometries. After getting an appropriate
ML model for the simple dike geometries, a surrogate model will be created for the complex
dike geometries. The best ML model for the complex dike geometries will be used in the Multi
Criteria Analysis (MCA) in part 2 of this research.

5.2 ’Simple’ model

After running the 10.000 D-Stability calculations, the training dataset is created to train the
ML algorithms. This dataset is normalized and splitted into a training and test dataset. Before
training the ML algorithms, two steps must be taken first. First, a quick check is performed
whether the size of the training set is good. When the different input parameters are plotted
against each other, then the whole space is covered by data points. This applies to both the
train and test dataset, which means that the amount of samples is enough to train the ML
algorithms.

Secondly, the training dataset should be cleaned by removing outliers. Part of data pre-
processing is removing the D-Stability calculations which has shallow slip circles as result and
therefore lead to outliers in the training dataset. After checking the training dataset, the ML
algorithms can be trained.

In section 5.2.1, the model’s performance for each ML algorithm is shown and in section
5.2.2 the correlations in the training data can be observed. In section 5.2.3, the database is
investigated and important changes in the parameters are elaborated in order to increase the
model’s performance for the Simple model.

5.2.1 First results training ML models

After normalizing and splitting the database into a training and test dataset, hyper parameter
tuning and training the final ML models can take place. First, hyper parameter tuning will take
place to find the best values for the hyper parameters with Random Search and Grid Search
Cross-Validation and after that the final ML models are trained on the whole training dataset
and tested with the test dataset. The final ML models are evaluated with the different validation
metrics and the results after the final training are stated in Tables and The differences
in results for the different ML models with the different sampling methods are small, with a
maximum deviation of 0.5 - 1072 for MSE, 0.3 - 10~2 for MAE, and 0.03 for R?-score. At first
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glance, it looks like the sampling method and the type of ML algorithm does not matter for the
performance of the MLL model. The values for the MSE and MAE are small and the values for
the R-squared are high after the final training, but still the values can be improved since the
dike geometries are simple. In the next sections, the training data derived from the D-Stability
calculations will be investigated, the input parameters will be adjusted and some small changes
are made in order to improve the model’s performance.

H ML models ‘ MSE ‘ MAE ‘ R2-score H
RFR 3.0-107% [4.8-1072 |0.83
XGB 3.1-107° | 4.9-107% | 0.82
SVR 2.7-1073% | 4.7-1072 | 0.84
FNN 2.7-1073 | 4.7-1072 | 0.84

Table 5.1: Results of the validation metrics for Random Sampling for the different ML algorithms
after the last training on the whole training dataset.

| ML models | MSE MAE R?-score ||

RFR 3.2-107% [5.0-1072 | 0.81
XGB 32-107% [5.0-1072 | 0.81
SVR 3.0-102% | 5.0-1072 | 0.82
FNN 3.1-107° | 5.0-1072 | 0.82

Table 5.2: Results of the validation metrics for LHS for the different ML algorithms after the
last training on the whole training dataset.

5.2.2 Sensitivity analysis

After training the first ML models, sensitivity analysis and data investigation have to take place
in order to improve the ML models. From section 5.2.1, it could be concluded that, at first
glance, the sampling method and type of ML algorithm do not have a major influence on the
performance of the ML model so far. That is why the training dataset is investigated in order
to improve the ML models.

Before creating the first ML models, the training dataset was already checked on outliers
and whether the size was good. A logical step, after data preprocessing and creating the first
ML models, is creating a pairplot. A pairplot is a type of data visualization that shows pairwise
relationships in the dataset. This plot is typically used for exploring the relationships between
different variables (input parameters) in a multivariate dataset. The off-diagonal scatter plots
show the relationships between two input parameters, and the diagonal histograms show the
distribution of individual input parameters. The different input parameters were sampled fol-
lowing an uniform distribution and therefore the histograms along the diagonals should be flat.
However, the histograms along the diagonal for the dike height and the outer water level are
not flat. All the input parameters are sampled following an uniform distribution, but during
sampling, the samples were removed for which the water height was higher than the dike height
resulting in a histogram which is not flat. This way of correcting the water height is not right
since the histogram of the dike height should be flat. That is why for the improved Simple
model the water height should be corrected by having the minimum value between the sampled
dike height and the sampled water height. This means that, during sampling, when the value
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for one water height sample is higher than the value for one dike height sample that the value
for the water height sample is corrected to the value for the dike height sample.

Dike height [m]
FT ]
w o w

E
E)

Crest width [m]

Inner slope [-]

o

ES

Thickness cohesive layer [m;

‘Water height [m]

0.0 25 5.0 7.5
Dike height [m] Crest width [m] Inner slope [-] Thickness cohesive layer [m] ‘Water height [m]

Figure 5.1: Pairplots of the different input parameters and the FoS for the simple dike geometries
sampled with Random Sampling.

In the pairplots, the correlation between the different input parameters and the target value
(FoS) can be computed. This is shown in the last row of Figure The correlations between
the different input parameters and the FoS are computed with Kendall’s correlation. Kendall’s
correlation is a non-parametric test procedure, which means that Kendall’s tau does not as-
sume that the data follows any specific distribution . The considered relations for which
Kendall’s tau should be calculated are non-linear and that is why Kendall’s correlation is used.

The correlations between the different input parameters and the FoS for the different sampling
methods are of the same size, which can be observed in Table [5.3] That is why the pairplot of
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the different input parameters and the FoS for the simple dike geometries sampled with RS is
only shown in Figure 5.1

When the different input parameters are plotted against each other, then the whole space
is covered by data points. This can be observed in Figure 5.1 This is also the case when the
dataset is splitted into training and test dataset, as mentioned at the beginning of this section.

Parameter Correlation w.r.t. FoS | Correlation w.r.t. FoS for
for Random Sampling | Latin Hypercube Sampling

Dike height -0.05 -0.06

Crest width 0.09 0.08

Inner slope 0.46 0.45

Thickness of the cohesive layer | -0.20 -0.19

Water height* -0.33 -0.33

Table 5.3: Correlation of the input parameters of the simple surrogate model w.r.t the FoS.

*This correlation is calculated between the outer water level and the FoS and not the difference
between the water level in the foreland and the water level in the hinterland and the FoS,
while the last one, the head difference, is the main driver. However, the correlation is taken
between the outer water level and the FoS since the outer water level is, just like the other input
parameters, a sampled parameter, and the value for the correlation remains the same, when the
water height is replaced by the head difference.

The input parameters inner slope and the water height are strongly correlated with the FoS. If
the inner slope is very steep, the slope is less stable, and the FoS decreases. If the outer water
level is high, the phreatic line inside the dike is high, which means that the effective stresses
inside the dike decreases, and the FoS decreases.

The input parameters dike height and crest width are less correlated with the FoS. Widen-
ing the crest of the dike has a small positive influence on the FoS. A wider crest helps to improve
the stability of the inner slope by spreading the loads, but this influence on the FoS is not as
significant as other input parameters. The dike height is an independent input parameter, but
is in reality connected to the water height and the inner slope. The dike height is negatively
correlated with the FoS, although the dike height is not strongly correlated with the FoS. When
the dike height increases, the stresses on both the dike material and the soil underneath the
dike increase, leading to increase in shear stress along potential slip surfaces within the dike
or the soil layers underneath the dike and reducing the stability of the inner slope of the dike.
When the difference between the dike height and water level is plotted against the FoS, then the
difference is positively correlated with the FoS. However, since the dike height is an independent
input parameter, this input parameter itself does not influence the FoS that much.

Looking at Table when the current dike geometry is not stable, the most effective way
to make the dike more stable is to increase the inner slope of the dike.

Polynomial functions input parameters vs FoS

In order to see what the exact impact of one input parameter is on the FoS, one input parameter
will be varied and the others will be constant and the FoS is calculated with the best model
coming from Table or The model with the best values for MSE, MAE, and R?-score is
the Feedforward Neural Network from sampling with RS. This model will be used in order to
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see the relation between the specific input parameter and the FoS. The values for the constant
input parameters is the mean value of the specific input parameter range derived from Table

B.1
The mean value for the different input parameters are:
e Crest width: 6.5 m
e Dike height: 4.75 m
e Inner slope: 1:3.1
e Thickness cohesive layer: 4 m
o Water level: 4.25 m

In Figure [5.2] the relations between the different input parameters and the FoS is shown. The
input parameters from Figure are sampled from RS, but similar relations between the input
parameters and the FoS can be found for LHS. The polynomial function for each plot is stated
below this figure.

105 105 105
* Data + Data * Data
100 —— Fitted Polynoom (degree 1) 1.00 —— Fitted Polynoom (degree 1) 1004 —— Fitted Polynoom (degree 2)

0.95 0.95 0.95 4
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0.80 0.80 0.80 4

3 4 5 6 7 8 9 10 35 4.0 45 5.0 55 6.0 3.0 35 4.0 45 5.0 55
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Figure 5.2: Relations between the different input parameters and the FoS sampled with Random
sampling.

The polynomial function for each plot is, from left to right and top to bottom:
e Crest width: 0.0075 - x 4+ 0.8353
e Dike height: 0.2380 -z + 0.7714
e Water level: 0.0119 - 2% — 0.1840 - = + 1.4520
e Thickness cohesive layer: —0.0008 - 23 + 0.0131 - 22 — 0.0750 - = + 1.0240
e Inner slope: 0.1028 - x + 0.5684

In the plot thickness cohesive layer against the FoS, a tangent line is plotted near x = 6.5 m in
order to see if a linear relationship exists between the thickness of the cohesive layer and the
FoS for greater thicknesses.

When the plot in Figure [5.2]is compared with the correlations in Table most relations that
can be observed in Figure [5.2] are in line with what is expected.
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In Table the crest width of the dike is weak positive correlated with the FoS. The
polynomial function for the crest width is also a gently increasing linear function, which is in
line with the computed correlation between the two.

The dike height is weak negative correlated with the FoS in Table but the polyno-
mial function is a gently increasing linear function. It would be expected that the polynomial
function is a gently decreasing linear function. When changing the values for the constant input
parameters or changing the ML model, the polynomial function still remains a gently increasing
linear function. It seems that the ML model can not capture the relation between the dike
height and the FoS that well. As mentioned at the start of this section, the distribution of the
dike height went wrong. This could influence the relation between the dike height and the FoS
that is shown in Figure [5.4] The sampling procedure for the dike height will change for the
improved Simple model and this will affect the relation between the dike height and the FoS
too. The relation between the dike height and the FoS will be discussed further in section 5.3 -
Improved ’Simple’ model.

The water height is strongly negative correlated with the FoS in Table [5.3] and a negative
trend can be observed in the plot of the water height against the FoS in Figure which is in
line of what is expected.

The plot that stands out is the plot of the thickness cohesive layer against the FoS. A sharp
decrease in the FoS for the first meters of thickness of the cohesive layer can be observed and
for greater thicknesses the decrease in the FoS is less. In Table the thickness of the cohesive
layer is negatively correlated with the FoS. Overall, a negative trend can be observed in the plot
of the thickness of the cohesive layer against the FoS, but for the first meters a strong decrease.
Looking at the correlation coefficient for the thickness of the cohesive layer and the FoS, at first
glance it is not expected that the relationship between these two parameters proceeds in this
way, but a negative trend can be observed which is in line with what is expected.

The correlation coefficient between the inner slope of the dike and FoS is extremely posi-
tive and this relationship can also be observed in Figure In comparison with the other input
parameters, the resulted range for the FoS is the biggest for the input parameter inner slope.
This is expected since the correlation coefficient is the highest for the correlation between the
inner slope of the dike and the FoS.

5.2.3 Data investigation

In Figure [5.1] each input parameter, sampled with RS, is plotted w.r.t. the FoS and the pos-
itive/negative trends in some plots can be observed. The values for the FoS are not that high
in Figure the minimum value for the FoS is 0.6 and the maximum 1.5. The average FoS
value for the complete dataset, 0.9, is lower than the value for the FoS for which a dike is called
stable. In this research, a dike is called stable when the FoS is at least 1.2. In order to increase
the values for the FoS, to have more stable dikes in the training dataset, some changes in the
input parameters must be made.

As mentioned in the previous section, some changes in the input parameters should also
be made in order to improve the model’s performance. Before introducing the changes with the
corresponding explanation, the data is investigated first.

For the Simple model, a slip plane constraint is applied. The slip plane constraint is that the
minimum circle depth is 1 m. This constraint is applied since shallow slip circles arose on the
inner slope of sand dikes with the lowest point of the slip circle being 0.5 m above the ground
level, which means that the slip circle did not enter the subsoil and only developed in the dike
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core. To be sure that no shallow slip circles occur and that the slip circles will develop in the
subsoil, a minimum circle depth of 1 m is applied. That deeper slip circles will appear, can
be confirmed by plotting the bottom of the slip circle. The lowest point of the slip circle is
calculated by extracting the radius of the slip circle from the y-coordinated of the midpoint of
the slip circle. To see if a correlation with the FoS exists, the bottom of the slip circle is plotted
against the FoS. The bottom of the slip circle w.r.t. the FoS can be observed in Figure |5.3
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Figure 5.3: The maximum depth of the slip circle in the subsoil w.r.t. the FoS. The data in the
plot is sampled with LHS.

The pattern that is observed in the plot of the bottom of the slip circle vs the FoS in Figure
[5.3] is due to the resolution that is initially set for the D-Stability calculations. In this plot, a
difference of 0.5 m between the lowest points of the slip circles can be observed, which is the
set resolution. If the radius of the slip circle is plotted against the FoS and the y-coordinate of
the mid point of the slip circle against the FoS, both plots looks similar, but have a small shift.
This can be observed, when the same D-Stability calculation is highlighted with a red dot in
both plots, see Figure The shift is due to depth of the slip circle into the subsoil and, as can
be observed from Figure the radius of the slip circle is always higher than the y-coordinate
of the mid point of the slip circle, indicating that the slip circle always enters the subsoil in this
training dataset.
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Figure 5.4: The values for the different y-coordinates of the mid point of the slip circle and the
radius of the different slip circles are plotted w.r.t. the FoS. Both results from the D-Stability
calculations are derived from the input parameters sampled with LHS.

Error plot for the first best simple model

As mentioned in section 5.2.2 - Polynomial functions input parameters vs FoS, the Feedforward
Neural Network derived from sampling with Random sampling is the best model yet. For this
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model, the errors are plotted in a histogram. The values on the x-axis are the differences between
the actual FoS and the predicted FoS by the best model, the residuals.
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Figure 5.5: Histogram of the difference between the actual FoS and the predicted FoS for the
Simple model. The red lines belong to the residual values [-0.09, -0.05, 0, 0.04, 0.08] that
corresponds to the 2.5%, 25%, 50%, 75%, and 97.5% of the data.

Looking at Figure the size of the residuals is not that big for a first training, without
adjusting the input parameters, and no significant outliers can be observed. Another interesting
thing is the shape of the histogram. It makes more sense if the frequency is the highest around
0, like a normal distribution, where the predicted FoS equals the actual FoS. Right now, the
plot looks like two normal distributions that overlaps each other.

The shape of the histogram can be explained by printing the index values of the test
dataset. Index values from 0 to 4999 belongs to a dike containing a clay core and index values
5000 to 9999 belong to a dike containing a sand core. When the index values are stored for
residuals values that are lower than the 25 percentile and higher than the 75 percentile, which
more or less corresponds to the mean of the two normal distributions, the cause of the shape
of the plot in Figure can be explained. 94% of the residuals that are lower than the 25
percentile belongs to a dike containing clay and 94% of the residuals that are higher than the
75 percentile belongs to a dike containing sand.

The model is not trained on the dike core type. When using the best model and create
a dataset containing only clay dike core. The shape of the histogram is the shape that it is
expected to have, see Figure [5.5)
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Figure 5.6: Histogram of the difference between the actual FoS and the predicted FoS for the
Simple model. The data contain only clay core dikes. The red lines belongs to the residual
values [-0.13, -0.09, -0.07, -0.06, 0.02] that corresponds to the 2.5%, 25%, 50%, 75%, and 97.5%
of the data.

The whole dataset contains dikes having a clay or a sand core. This a parameter that is varied,
but it is not taken into account when the ML models are trained. It is expected that the models’
performances are slightly worse when this parameter is not taken into account in training the
ML models since some knowledge is taken away from the training process. That is why this
parameter should be added to the next training process.

Changes based on data investigation

Based on the conclusions drawn in the previous sections of this chapter, some changes will be
applied to training dataset. The changes and explanation of the changes are summarized in
this section. These changes will be implemented to improve the Simple model. The mentioned
changes to the training dataset are not necessarily about improving the values for the FoS, but
it is more about obtaining a representative dataset, which has a good distribution of stable and
unstable dikes.

e Range inner slope: 1:2.5 - 1:4 instead of 1:2 - 1:4. In the plot inner slope vs FoS in
Figure the values for the FoS for an inner slope between 1:2 and approximately 1:2.5
are never higher than 1.0.

In general, a dike is called stable when the FoS is equal to or higher than 1.0.
However, in dike reinforcement projects, a dike is never built with a safety factor that is
equal to 1.0 since in that case there is no safety margin. That is why a dike is called stable
when the FoS is equal to or higher than 1.2 in this research.

Since many dike geometries that are considered in this research have a FoS lower
than 1.0, average FoS for the dataset is 0.9, the FoS should be increased in order to have
more stable dikes in the training dataset such that the surrogate model can also predict
the FoS accurately for stable dikes. The value 1.0 for the FoS is highlighted in this part
since it emphasizes that the training dataset consists of a few stable dikes. In order to
increase the values for the FoS, the inner slope range is adjusted.

e Range thickness cohesive layer: 0 - 5 meters instead of 0 - 8 meters. The initial range
0 - 8 m is based on DINOloket [13]. A cross-section of the substrate from north to south
and from west to east in the Netherlands is created in DINOloket in order to see that the
cohesive layer is often between 0 and 8 m.
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For the thickness of the cohesive layer is a strong negative correlation between the
FOS and thickness of cohesive layer for a range of 0 - 2 m for the thickness of the cohesive
layer, as can be observed in Figure It seems that a smaller thickness influences the FoS
more than a larger thickness. The range of the thickness of the cohesive layer should be at
least from 0 - 2 m to capture the critical zone where small variations can have significant
effects on the stability of dikes.

Between 0 - 3 m thickness of the cohesive layer, the lowest point of the slip circle
can be found under the cohesive layer, i.e. in the sand layer. This happens about 1000
times out of 10.000 D-Stability calculations. For the model’s performance, it would be
good to include all cases where the slip circle is below the cohesive layer. This means that
the thickness of the cohesive layer must certainly be taken up to 3 m.

The lowest point of the slip circle can be found at - 4.5 m below ground level for a
range of 0 - 8 m cohesive layer, only once this is -5 m. To include the different depths of
the slip circle in the improved model, the changed range should be at least 0 - 5 m for the
thickness of the cohesive layer.

The FoS decreases a lot when the difference between the thickness of the cohesive
layer and the lowest point of slip circle is bigger than 5 m. High values for the difference
between thickness cohesive layer and the lowest point of the slip circle indicates that the
cohesive layer is thick and that the slip circle develops very shallow in the cohesive layer.
Higher thicknesses of the cohesive layer does not influence the progression of the slip circle
since it will develop very shallow in the subsoil, but higher thicknesses of the cohesive layer
result in lower values for the FoS. In order to create a dataset with higher values for FoS,
values for the thickness of the cohesive layer higher than 5 m is not included in the new
range.

For all the reasons mentioned, the thickness of the cohesive layer will vary between
0 and 5 meters. That is why a range of 0 to 5 meter is more suitable in this research than
a range of 0 to 8 meter.

There is a strong negative correlation between the FoS and the thickness of the cohesive
layer for a range of 0 - 2 m, as can be observed in Figure More samples are taken
in this range of the cohesive layer for the improved simple model in order to capture this
strong negative correlation; 6000 samples for range 0 - 2 m and 4000 samples for range 2
- 5 m are taken.

Low values of the FoS is also caused by the schematization of the phreatic line. First,
the phreatic line was schematized by the rules from the Technische Adviescommissie voor
de Waterkeringen. This resulted in a high phreatic level inside the dike core. Therefore
another schematization is considered to get a lower phreatic level inside the dike core,
which is also elaborated in section 3.2.3, in order to get a more realistic representation of
the phreatic line.

In general, dike cores containing only sand are never built. Most sand dikes have a partial
or complete clay cover. For simplicity, the clay cover was not schematized in the Simple
model and only schematized for the Complex model. However, it is better to schematize
it for the Simple model too. Adding a clay cover on top of a sand dike core lowers the
phreatic level inside the dike by reducing water infiltration, which is beneficial for the FoS.
The thickness of the clay cover can be observed from Table [3.7]

In section 5.2.2 - Sensitivity analysis, it was mentioned that the sampling of the dike
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height went wrong. The samples were removed for which the water height exceeded the
dike height. In this way, the distribution for the dike height was changed. In order to
sample the dike height following an uniform distribution, only the values for the water
height needs to be changed. This means that, during sampling, when the value for one
water height sample is higher than the value for one dike height sample that the value
for the water height sample is corrected to the value for the dike height sample. This
correction for the water height is implemented in the improved simple model.

The last change is to add the input parameter whether the dike core contains clay or
sand. The schematization of the phreatic line is different for a clay and sand dike and if
the model know whether the dike contains clay or sand, the model performance may also
increase. The number 0 is assigned to a dike containing clay and the number 1 is assigned
to the dike containing sand.

In addition, looking at the error plots in section 5.2.3 - Error plot for the first best
model, the error plot makes more sense when including the dike core.

5.3 Improved ’Simple’ model

The changes that are mentioned at the end of section 5.2.3 are implemented in the code and
the 10.000 D-Stability calculations are performed again. In Tables and the results after
training the ML algorithms can be observed with adding the extra input parameter the type of
soil in the dike core. Adding this input parameter has a significant impact on MSE, MAE, and
R2-score. The values for the MSE and MAE are quite lower and the values for R-squared are
higher compared to the previous results for the validation metrics, which means that the ML
models improved and can predict the FoS better.

H ML models ‘ MSE ‘ MAE ‘ R2-score H
RFR 40-107% [ 14-1072 | 0.98
XGB 6.4-107% [ 1.7-1072 | 0.97
SVR 22-1073 [ 1.0-1072 | 0.99
FNN 2.3-107°% [ 1.1-1072 | 0.99

Table 5.4: Results of the validation metrics for Random Sampling for the different ML models

for the improved simple model with extra column dike core.

| ML models | MSE MAE R?-score ||
RFR 3.6-1073 [ 1.3-107% [ 0.98
XGB 6.9-1073 [1.9-1072 | 0.97
SVR 25-1073 | 1.1-1072 | 0.99
FNN 25-103[12-107% | 0.99

Table 5.5: Results of the validation metrics for LHS for the different ML models for the improved

simple model with extra column dike core.

According to Tables and the best model for the improved Simple model is Support
Vector Regression sampled with RS. In Figure a histogram can be observed containing the

differences between the actual and the predicted
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Figure 5.7: Histogram of the difference between the actual FoS and the predicted FoS for the
improved Simple model. The red lines belong to the residual values [-0.04, -0.01, 0.00, 0.01,
0.03] that corresponds to the 2.5%, 25%, 50%, 75%, and 97.5% of the data

As can be observed from Figures[5.5 and the errors are smaller and the mean of the error lies
around 0, as expected. 95% of the data have a maximum deviation of 0.04 from the actual FoS.
This is a very small deviation. In reality, at an early stage of dike design, a maximum deviation
of 0.1 is allowed, which indicates that a deviation of 0.04 from the FoS is quite accurately.

5.3.1 Sensivity analysis

The correlations between the input parameters and the FoS for the improved Simple model are
shown in a pairplot in Appendix A. The values for Kendall’s tau are slightly changed, which
makes sense because the ranges for the input parameters did change and this time the water
heights are only corrected in order to have the water heights equal to or lower than the dike
height. However still the different input parameters are correlated in a similar way with the FoS
as in section 5.2.2 - Sensitivity analysis.

However, as for the polynomial functions between the different input parameters and the FoS,
the polynomial function between the dike height and the FoS did change. The polynomial
function is not a gently increasing linear function anymore, as can be observed in Figure
The polynomial function is a gently decreasing polynomial function, which is in line with the
Kendall’s tau, -0.14, as can be observed in Appendix A.
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Figure 5.8: Relations between the dike height and the FoS sampled with Random sampling.
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5.3.2 Best sampling method

Looking at Tables |5.4] and the difference in model’s performance between the two different
sampling methods is quite small. In general, Random Sampling has lower values for the MSE
and MAE and Latin Hypercube Sampling has slightly higher values for the R2-score, but these
difference are almost negligible. The relative differences between the R?-scores are a bit higher
than for the MSE and MAE for the two different sampling techniques. The differences between
the R2-scores are in the order of 1072 - 1073, Since the data for the Complex model consists of
more complex dike geometries with more input parameters, it is good to have a high R2-score
that the model fits the data well. In addition to that, 10.000 D-Stability calculations will be
performed to create the Complex model, the same amount as for the Simple model, but with
more input parameters. In order to gain as much as information from the data to create a good
surrogate model, LHS is a better sampling method than RS.
For these reasons, the Complex model will be created with Latin Hypercube Sampling.

5.4 ’Complex’ model

Since it is possible to create a surrogate model with D-Stability calculations for simple dike
geometries, complex dike geometries are considered. Complex dike geometries are the simple dike
geometries extended with a berm and a ditch. The input parameters for the Complex model can
be observed from Tables and In section 5.3, the ranges for the input parameters thickness
cohesive layer and inner slope were changed in order to improve the model’s performance and
get higher values for the FoS for the simple dike geometries, but the ranges for the thickness
cohesive layer and inner slope for the Complex model will be the initial, old ranges, as a starting
point. The difference w.r.t. the initial input parameter ranges of the Simple model is that
the Complex model has added input parameter dike core since this resulted in a better error
distribution.

In addition to the dike core, the thickness of the clay cover on top of the sand dike also
changed. A thickness of 1.5 m for the clay cover was initially chosen because this resulted in
another schematization of the phreatic line for the sand dike. However, the schematization
of the phreatic line has changed from the rules from the Technische Adviescommissie voor de
Waterkeringen to the schematization from the D-Stability manual. The thickness of the clay
cover does not influence the schematization of the phreatic line according to the D-Stability
manual. The initial thickness of 1.5 m is a bit on the high side and a more common thickness
for the clay cover is 0.8 m. On top of the clay cover, a certain type of soil is situated with a
thickness of 0.1 m in order to let grass grow. This results in a total thickness of the clay cover
of 0.9 m for the Complex model instead of 1.5 m that was considered for the Simple model.

Initially, the code for deriving the D-Stability calculations for the Simple model was copied and
extended with the complex dike geometries. However, the Python code could not be copied
since error arose due to the fact that some points were overlapping each other, while this er-
ror did not occur during running the 10.000 D-Stability calculations for the improved Simple
model. In the meantime, the HWL datamodel was modified and a new function was developed,
Modification_ClayLayer(). This function applies a clay cover on top of the sand dike without
changing the geometry of the dike. This clay cover is a bit extended in the subsurface, which
can not be removed, otherwise errors will occur in the code. After implementing this function,
the D-Stability calculations can be performed.

As a starting point, 10.000 D-Stability calculations are performed for the Complex model. The
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amount of D-Stability calculations was enough for the Simple model and the Complex model
has only three additional input parameters compared to the Simple model, so that is why 10.000
D-Stability calculations are performed initially.

After running the 10.000 D-Stability calculations, several outliers can be observed in the dataset.
These outliers have a very low FoS. When looking at the D-Stability calculations of these outliers,
it is observed that these low values for the FoS result from the shallow slip circles. These shallow
slip circles are not the interesting slip circles for the failure mechanism inner slope stability. That
is why these D-Stability calculations are removed from the dataset.

After removing the outliers in the dataset, a pairplot can be created for the complex dike
geometries. Since the figure is large, the pairplot, together with the correlations between the
different input parameters and the FoS, can be observed in Appendix A. The values for Kendall’s
tau that are computed in the pairplot can also be observed in Table

H Parameter ‘ Correlation w.r.t. FoS H
Dike height -0.19
Crest width 0.03
Inner slope 0.27
Thickness of the cohesive layer | -0.17
Water height -0.23
Inner berm width 0.41
Distance ditch - inner toe dike | 0.17
Depth ditch -0.04
Dike core -0.12

Table 5.6: Kendall’s correlation between the input parameters of the complex surrogate model
and the FoS.

As for the Simple model, the crest width is still less correlated with the FoS. The dike height
is slightly more negatively correlated with the FoS compared to the Simple model. The inner
slope and the water height are less correlated with the FoS for the Complex model than for the
Simple model. The correlation between the thickness of the cohesive layer and the FoS remains
more or less the same. The input parameter that influences the FoS the most is the inner berm
width. When the width of the inner berm increases, the stability of the inner slope increases
as well. The input parameters distance ditch - inner toe of the dike and depth of the ditch
influences the schematization of the phreatic line a bit. The schematization of the phreatic line
has a significant impact on the value for the FoS and that is why these two input parameters
have a slight effect on the FoS.

When the ditch is further away, the schematization of the phreatic line is more gradual
and not sharp. No sudden drop exists in the phreatic line, which results in a more stable inner
slope of the dike.

The water level inside the ditch is given, 0.4 m below ground level, and only the depth of
the ditch varies. The pore water pressure remains the same when varying the depth of the ditch.
This means that the water level inside the ditch does not influence the height of the phreatic
line near the ditch. If the water level inside the ditch would vary, then the water level would
have some impact on the FoS. For these reasons, the depth of the ditch has less impact on the
value for the FoS.
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After computing the correlations between the different input parameters and the FoS, the dif-

ferent ML models are trained and evaluated with the different validation metrics. The results
after the training are stated in Table [5.7]

| ML models | MSE | MAE R?-score ||
RFR 9.0-10% [1.8-107% [ 0.93
XGB 1.2-107% [2.3-1072 | 0.90
SVR 6.0-10%4[1.2-10°2 ] 0.95
FNN 9.0-107% [1.7-1072 | 0.93

Table 5.7: Results of the validation metrics for the different ML models for the Complex model
with the FoS as output.

The results after training for the different ML models are already quite good. From Table
Support Vector Regression is the best ML model. In order to see how good this ML model the
FoS predicts, a histogram is made, containing the differences between the actual FoS and the
predicted one by SVR model. The histogram is shown in Figure [5.9
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Figure 5.9: Histogram of the difference between the actual FoS and the predicted FoS for the
Complex model. The red lines belong to the residual values [-0.04, -0.01, 0.0, 0.01, 0.05] that
corresponds to the 2.5 %, 256%, 50%, 75%, and 97.5% of the data.

As can be observed from Figure 95% of the data has a maximum deviation of 0.05 from
the actual FoS. Figure [5.9] consists of some outliers in the errors. When the corresponding D-
Stability calculations are investigated, a clear pattern can not be recognized why these outliers
occur. However, in comparison with the best model’s performance for the Simple model, the
model performs well for the complex dike geometries. The dike geometries are much more
complex than the dike geometries considered for the Simple model, but that does not influence
the model’s performance that much. The SVR model will be used to assess the inner slope
stability of dikes.

5.5 ’Complex’ model - slip plane

In the previous section, the surrogate model for the complex dike geometries is created. For
visualisation purposes, it would be nice if the surrogate model can also assess the slip circle.
To visualize the slip circle, the surrogate model should be trained at least on the outputs the
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coordinates of the midpoints of the active and passive circle, the radius of the active and passive
slip circle, and the FoS. The coordinates of the midpoints of the active and the passive slip circle
are relative coordinates. The dike geometries are built from a reference point in D-Stability with
a x-coordinate that is equal to the x-coordinate of the crest of the inner slope and a y-coordinate
that is equal to the ground level.

For training the surrogate model on more outputs, the same dike geometries as the Complex
model with only the FoS as output is used. The same ML models can be used for training the
models on more output parameters, except for the SVR model. The SVR model is typically used
for single output regression problems and it can only predict multiple outputs when the models,
for each output parameter, are combined in another type of model. Since three ML algorithms
are left from the previous sections, which can predict multiple outputs, it is not necessary to
introduce a new type of ML algorithm. Therefore only the RFR, XGB, and FNN models are
trained first. The results after training the different ML models can be observed in Table [5.8

H ML models ‘ MSE ‘ MAE ‘ R2-score H
RFR 32-1072% [ 3.1-1072 | 0.65
XGB 3.6-107% [ 3.5-1072 | 0.59
FNN 3.7-1073 [3.6-1072 | 0.60

Table 5.8: Average results of the validation metrics for the different ML, models with the complex
dike geometries with more outputs.

As can be observed from Table the values for the MSE and MAE are higher and the values
for the R2-score are lower compared to the values from Table where the FoS was the only
output parameter. This makes sense because the amount of output parameters has increased,
leading to higher complexity and requires more data, computational resources. In Table the
RFR-model has the best performance. In order to see why the ML models’ performance is bad
and which output parameter causes poor models’ performance, the values for MSE, MAE, and

R2-score are calculated separately for each output parameter for the RFR-model. These results
are shown in Table (5.9

H Output parameter ‘ MSE ‘ MAE ‘ R2-score H
FoS 1.4-1072 [ 2.5-1072 | 0.89
Milx 85-1073 | 5.4-1072 | 0.79
M1y 8.0-107*]2.0-1072 | 0.77
M2x 1.8-1072 [ 3.2-1072 | 0.93
M2y 2.0-107° [ 1.2-1072 | 0.15
R1 1.1-1072 [ 2.3-1072 | 0.81
R2 2.0-10%1.3-107%20.19

Table 5.9: Results of the validation metrics for the RFR-model with the complex dike geometries
and different output parameters.

In Table many interesting aspects can be observed. The values for the MSE and MAE is
very high for the output parameter M1x, when these values are compared to the values for the
MSE and MAE for the other output parameters. However, the value for the R?-score for output
parameter M1x is not low. When the values for the MSE and MAE are high and the R2-score
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is not low, the ML model captures the variability in the data well, but the target variable has a
large range or high variance. Comparing the variance of M1x with the variance of other output
parameters, then the variance is of similar size and does not stand out. The high values for
MSE and MAE and low values for the R?-score can also be explained the fact that the model
is complex. The ML model is trained on 9 input parameters and 7 output parameters. If the
relationship is complex, a simple ML model can capture the overall variance, but can still have
large errors for specific predictions.

When looking at the values for the R2-score in Table then the output parameters
M2y and R2 score very low. For the output parameters M2y and R2, the values for MSE and
MAE are low and the R2-score is low. The parameters M2y and R2 are related to each other
since the value for R2 can be calculated when the value for M2y is known. That is why the
scores for MSE, MAE, and R?-score are of similar size for these two output parameters. When
the values for the MSE and MAE are low and the R2-score is low, the model’s predictions are
close the the actual target values, but the model can not capture the variability in the data well.
Looking closely at the relative y-coordinates of the midpoint of the active and the passive slip
circle, 0.1% of whole dataset for the relative y-coordinates of the active slip circle and 0.2% of
the whole dataset for the relative y-coordinates of the passive slip circle are outliers. When the
test dataset is investigated, this dataset does not contain outliers for the M1y values, but it does
contain outliers for the M2y values. A few outliers are in the test dataset causing large errors,
but not that many outliers are present in the test dataset to significantly increase the MSE
value. Since outliers are present in the test dataset, the model can not predict these outliers
well resulting in higher values for SSE and SST in Equation and thus a lower R2-score. The
total variance can not be explained by the ML model due to outliers resulting in a low R2-score.

The outliers in the values for M1y come mainly from the clay core dike, only 1 outliers is coming
from a sand core dike. The outliers in the values for M2y come only from the sand core dikes.
For both M1y and M2y, the outliers are very high values for the relative y-coordinates of the
midpoints of the active and passive slip circle. Looking at the sand core D-Stability calculations
with high values for M2y, the cohesive layer underneath the dike is between 0 and 1 meter for
all calculations and the slip circle ends almost horizontally in the ditch. This indicates that the
radius of the passive slip circle does not really matter as long as the slip circle ends in the ditch.
The slip circle does not start developing near the crest of the dike, but at the end of the inner
berm.

For the outliers in the values for Mly are not so clear. It is a combination of input
parameters that result in high values for M1ly. Due to high values for the width of the inner
berm, high thickness of the cohesive layer underneath the dike and a large distance between the
inner toe of the dike and the ditch, the value for M1y is high. Another case where the value of
M1y is high is when the thickness of the cohesive layer underneath the dike is low.

When the outliers for M1y and M2y are kept away from the test dataset and only exists in the
training dataset, then the ML models do not improve. When the outliers for M1y and M2y are
removed from the dataset, the values for MSE and MAE increase and the R?-score’s increase.
The results after training the ML models, without the outliers for M1y and M2y, can be observed

in Table B.100
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H ML models ‘ MSE ‘ MAE ‘ R2-score H
RFR 4.5-1073% | 4.3-1072 | 0.73
XGB 49-1073 [ 45-1072 | 0.69
FNN 48-107° | 4.5-107% | 0.70

Table 5.10: Average results of the validation metrics for the different ML models with the
complex dike geometries with more outputs. The complete dataset does not contain the outliers
for M1y and M2y.

The low models’ performances are mainly caused by the outliers of M2y. To improve the models’
performances, the ML models need to better understand this parameter. Therefore it has been
decided that more samples are taken from a low thickness for the cohesive layer since this causes
high values for M2y. In Table the results are shown after getting 5.000 additional samples,
2.000 for clay core dike and 3.000 for sand core dike, with a low thickness of the cohesive layer.

| ML models | MSE MAE R?-score ||
RFR 2.7-10% [3.1-107% | 0.68
XGB 3.0-107% [3.3-1072 | 0.63
FNN 2.5-1073 [ 2.9.1072 | 0.66

Table 5.11: Average results of the validation metrics for the different ML models with the
complex dike geometries with more outputs. The previous total dataset is increased with 5.000
additional samples.

Looking at Table training the ML models with 1.5 times the original dataset, the models’
performances do not improve significantly. Still the RFR model is the best model, even though
the MSE and MAE values are not the lowest for this model, but that is due to rounding off the
values for MSE and MAE and the difference is very small compared to the difference between
the R%-scores. The individual value for the MSE, MAE and R2-score for each output parameter
is a bit improved, slightly less improved, or not improved at all compared to initial training with
10.000 D-Stability calculations.

All steps that are taken in order to improve ML models based on data investigation did not
work out yet. In general, the performance of ML models increase when the amount of output
parameters decreases. When the ML algorithms are trained on all input parameters and on a
single output parameter, the models’ performance remain in similar size as the results in this
section.

Looking at the results of the performance of the different ML models, then the differences
in validation metrics are quite small, indicating that another type of ML algorithm won’t help
increasing the models’ performance.

For the Simple model, when the dike core input parameter was added to the dataset,
the models’ performance increased significantly, meaning that changing the training dataset has
a significant impact on the performance of the ML models. In order to increase the models’
performance, it would be beneficial if an input parameter can be added to training dataset,
which gives some information about the slip circle development.

However, when the predicted and the actual slip plane are computed for a dike containing clay
and sand in its core, then the difference between the two does not look bad, as can be seen
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in Figures and Despite the fact that the relative distances of the coordinates of the
midpoints of the active and passive slip circles are predicted wrong, the representation of the
slip plane is still accurate.
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Figure 5.10: Plot of the difference between the actual and the predicted slip circle for a dike
containing sand in its core.
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Figure 5.11: Plot of the difference between the actual and the predicted slip circle for a dike
containing clay in its core.

5.6 Conclusion

This chapter presents all the needed steps to derive a suitable surrogate model for the macro-
stability of the inner slopes of dikes. First, the Simple model is evaluated. After running the first
10.000 D-Stability calculations, the correlation matrix and the validation metrics are printed for
the dataset. The inner slope is the most influencing parameter on the FoS. When increasing the
inner slope of a dike, the FoS increases. The model’s performance is already quite good, but
it can still be improved. In the next subsection, the data is investigated in order to see which
input parameter needs to be adjusted to increase the model’s performance. Interesting to see in
the plots of the different input parameters vs the FoS is that the values for the FoS are not that
high. For the improved Simple model, the values for the FoS need to be higher since for this
research the dike is safe at a FoS of 1.2 and most of the schematized dikes have a FoS lower than
1.2. That is why the input parameter ranges inner slope and thickness of the cohesive layer are
adjusted. After changing these input parameter ranges, the model’s performance is good and
predicts the FoS well.

After deriving the Simple model, the dike geometries are adjusted. The 10.000 D-Stability
calculations are performed again, but this time the input parameters are only sampled with Latin
Hypercube Sampling since the results from this sampling method was a bit better compared to
Random Sampling for the Simple model. After running the 10.000 D-Stability calculations, the
correlation matrix is plotted and the validation metrics are printed. The most influencing input
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parameter on the FoS is the width of the inner berm for the complex dike geometries. When
increasing the width of the berm, the FoS increases the most. The values for the MSE and MAE
in Table are very low and the value for the R?-score is quite high after training the different
ML models. When looking at Figure 5.9} it is not needed to improve the best model from Table
5.7 since 95 % of the predicted FoS’s have a deviation of 0.05.

For visualisation purposes, it would be nice to assess the slip circle too. More output parameters
have been added to the dataset in order to train the ML such that it can predict the slip circle
too for complex dike geometries. Many steps have been taken in this chapter to improve the
ML models, but the models’ performance for some output parameters remains bad. However,
when plotting the actual slip plane against the predicted slip plane for a dike containing clay or
sand in its core, the representation of the slip plane is still accurate.

When comparing the approach of improving performance of the ML models for the complex
dike geometries with the simple dike geometries, adding additional input parameters to the
training dataset did increase the models’ performance for the simple dike geometries. Looking
at approach, it would be beneficial if an input parameter can be added to training dataset for
complex dike geometries, which gives some information about the slip circle development.
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Chapter 6 Integrated model

6.1 Introduction

In the first part of this report, a surrogate model for the macro-stability of the inner slope is
derived. In the second part of this report, the models for the other engineering aspects related
to dike design are explained and the Multi Criteria Analysis (MCA) is explained. This chapter
focuses on explaining the models for ecology, wave overtopping, costs of the dike, and the
Environmental Cost Indicator (ECI) for dike design. These models will be used, together with
the macro-stability model, to get to an integrated dike design. At the end of this chapter, the
implementation of the ditch in the cost and ECI model is explained separately since it needed
a further detailed explanation about changing the ditch geometry.

6.2 Ecology

Surface water quality is under significant pressure due to some natural processes and human
activities. Surface water is polluted by industrial discharges, agricultural intensification, and
urbanization and is influenced by climate change due to changed rainfall patterns, increased
temperature, and more extreme weather events. When the surface water is too polluted, it is
less suitable for drinking water, irrigation, recreation, and other functions, while an increasing
demand exists for clean water [7].

It is important that the surface water remains clear and healthy and when the water is not
clear, that measures are taken to achieve clean water. Which measures have the most effect on
improving the water quality for a certain ditch, is shown by the PCDitch model. PCDitch is
a metamodel developed by W+B, STOWA, NIOO-KNAW, Netherlands Environmental Assess-
ment Agency and the WUR and is based on a dataset with 360.000 runs by the PCDitch model
developed by Jan Janse [69]. The PCDitch model is the ecology model in this research and will
be implemented in the MCA. It is a trained neural network, which requires a value for the water
depth of the ditch, flow rate, and sediment type as input parameters. The output parameter of
this model is the critical nutrient load. The critical nutrient load is the maximum amount of
nutrients that the ditch can receive without negative effects on the ecological value of the ditch.

When the nutrient load increases in a ditch, the system can initially handle this. When
the increase in the nutrient load is too large, the critical nutrient load is exceeded, plants and fish
are saturated and algae take advantage of this. The amount of algae increases in the ditch and
blocks the sunlight. Plants can receive less sunlight and the amount of plants decreases. The
diversity of fish is also decreasing and the (submerged) plant dominates. The system changes
from a clear to a turbid state. The system can change to a clear state with a plant-rich envi-
ronment if the nutrient load is greatly reduced. The PCDitch model can be used to derive the
right measures to restore the system in order to the plan dominated clear state. The ranges
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for the input parameters for the ecology model are shown in Table The output parameter
of the Ecology model is the critical nutrient load. To have a stable environment in the ditch,
the critical nutrient load should exceed the external nutrient load. When optimizing the dike
designs, the critical nutrient load should be maximized.

H Input parameter ‘ Value/Range ‘ Unit ‘ References H
Water depth ditch | depth ditch - 0.4* | m -
Flow rate 20 mm/d | [23]
Sediment type Clay - -
Sand - -

Table 6.1: Values for the input parameters for the ecology model.

*The water level inside the ditch is kept constant at a height of 0.4 m below ground level. The
water depth inside the ditch is calculated by taking the difference of the depth of the ditch and
the water level inside the ditch.

The surrogate model for macro-stability and the ecology model have two sheared input param-
eter, the depth of the ditch and the thickness of the cohesive layer.

When the thickness of the cohesive layer is equal to or bigger than the depth of the ditch,
the sediment type in the ditch is clay. The sediment type is sand when the thickness of the
cohesive layer is smaller than the depth of the ditch.

The water level inside the ditch is kept constant at a height of 0.4 m below ground level
and the depth of the ditch varies, which results that the water depth in the ditch also varies.

In general, for ditches with the sediment type clay, the more shallow the ditch, the higher
critical nutrient load. For ditches with the sediment type sand, the optimal ditch depth is ap-
proximately 0.96 m. In Figure the depth of the ditch is plotted against the critical nutrient
load for sediment type clay and sand.
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Figure 6.1: Depth of the ditch plotted against the critical nutrient load for sediment types clay
and sand. The red lines in both plots show the local maximum of the critical nutrient load.

For macro-stability of the inner slope of the dike yields, the more shallow the ditch, a higher
value for the FoS. However, the pore water pressure remains the same in this research since the
water level in the ditch is kept constant at a level of 0.4 m below ground level.
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6.3 Wave overtopping

This failure mechanism is already explained in section 2.2.2 and the amount of wave overtopping
is calculated in this section. According to the requirements for the inner slope of a dike, the
maximum amount of wave overtopping is 10 L/m/s for a dike with a clay cover and grass on
top of that [58]. When the amount of wave overtopping is higher than 10 L/m/s, erosion on the
inner slope of the dike will take place, which can affect the macro-stability of the inner slope of
a dike.

The amount of wave overtopping is calculated with a formula derived from a report of the
Technische Adviescommissie voor de Waterkeringen and can be observed in Equation [58].
Equation is a simplification of the complete formula from this report and is the maximum
of the complete formula.

Ry 1 5
q=02 exp(—-2.3 - —— - )-+/g-H3,-10 (6.1)
Hmo 5 -8 o

m

where:

hi is the free crest height above the still water line [m];

H,,o is the significant wave height at the toe of the dike [m];

ol is the influence factor for the roughness on the dike slope [-];
8 is the influence factor for the angle of wave attack on the dike slope [-];
g is the acceleration due to gravity [m/s?];

The formula in Equation will serve as the wave overtopping model in this research. For
this model, parameters hy, Hpo, and vz will vary and ~; will be constant. The values for
the different input parameters for the wave overtopping model are stated in Table The
parameters stated in Table are the input parameter of the wave overtopping model and the
amount of wave overtopping is the output parameter.

H Input parameter ‘ Value/Range ‘ Unit ‘ References H
hi* dike height - water level | m -
Hpo [0 - 1.5] m Expert knowledge
o7 1.0 - [58]
B [0 - 80] ° 58]
vp** 1—0.0033 - |A] - [58]
g 9.81 m/s? | -

Table 6.2: Values for the input parameters for the wave overtopping model.

*The dike height and the water level both vary, which results that this parameter also varies.

**v5 varies because the angle of wave attack varies, indicated by the parameter 3, which is
dependent on the location where the dike is situated. The formula that is used to calculate vz
is derived from the same report as Equation

For the dike optimization, only the dike height can be optimized. H,,o, 8, and the water level
outside the dike are given for a dike on a specific location and can not be varied for that location.
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For these input parameters, Tables [3.8 and [6.2) give the minimum and maximum value that the
specific input parameter can have.

Wave overtopping is often accompanied by the wind set-up of water. The wind blows over water
and the water level will be elevated, depending on the ”free length” of the water surface. This
should be taken into account in the calculation of the free crest height above the still water line,
hi. However, the dike geometries that are considered in this research are not location specific.
This means that the ”free length” of the water surface can not be determined and it is hard to
incorporate the effect of wind in the calculation of hi. That is why the difference between the
dike height and the water level is used to calculate the free crest height above the still water
line, but in reality the impact of wind should be taken into account in this parameter.

The surrogate model for macro-stability and the wave overtopping model have two sheared
input parameter, the height of the dike and the outer water level. However, the two shared
input parameters result in one input parameter for the wave overtopping model by taking the
difference between the dike height and the outer water level.

When the dike is high and the water height is low such that the difference between the dike
height and the water height is big, the amount of wave overtopping is small. A larger difference
between the dike height and the outer water level is also more favorable for the surrogate model
since a larger difference result in a lower phreatic level inside the dike core, higher effective
stress, and therefore a higher value for the FoS.

6.4 Environmental Cost Indicator (ECI)

Sustainability is not only playing an increasingly important role in our lives, sustainability is
also becoming increasingly important in projects. The environmental cost indicator is a value
that indicates the size of the environmental impact for a certain project. All environmental
impacts are included in the ECI, from the material- and energy consumption during extraction
of raw materials up to the demolition and reuse phase. The impacts are calculated over the
entire life of a product. All these different impacts are converted to one single value, the ECI.
The lower the ECI, the more durable the dike design is.

To calculate the ECI for a certain project, W+B uses the program DuboCalc. DuboCalc is
a calculation tool that assesses projects on sustainable material and energy use. This tool is
developed by Rijkswaterstaat, who is responsible for the management and maintenance of the
Dutch infrastructure. Before calculating the ECI value for a certain dike reinforcement project,
the duration of the project must be indicated first in DuboCalc, in other words, how long the
dike will remain in place. For a green dike, W+B often takes a lifespan of 50 years and this is
also the lifespan of dikes that are considered in this research.

DuboCalc has a library in which objects for a dike reinforcement project can be found
under '"HWBP Dijkversterking PU-fase’. Under '"HWBP Dijkversterking PU-fase’ values for the
ECI can be found for supplying, applying, excavating, and disposing of soil in a dike reinforce-
ment project. These values are taken from DuboCalc to calculate the ECI and can be found in
Table [6.3l
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Categories in earthmoving | ECI including allowances | ECI including allowances | Unit
for clay for sand

Supplying soil 1.7405 3.0758 ECI/m?

Applying soil 0.1481 0.1444 ECI/m?

Excavating soil 0.1037 0.1000 ECI/m?

Disposing soil 0.8924 0.4216 ECI/m?

Table 6.3: Values for the ECI for different processes in a dike reinforcement project. The values
are including allowances, which is an uncertainty margin since a LCA expert did not look at
this project.

In DuboCalc the ECI is expressed in MKI, the dutch word for ECI and shows some kind of
environmental impact points. The soil is transported by axle and not by ship in Table [6.3| and
these values will be implemented in this research. In Equation environmental cost indicator
model for this reseach is displayed and the ECI value is calculated per meter dike in length

direction.
ECI = 1.7405 - Qsc + 3.0758 - Qss
+ 0.1481 - Qac + 0.1444 - Qas
+0.1037 - Qec + 0.1000 - Qes
+0.8924 - Qdc + 0.4216 - Qds
where:
Qsc s the quantity clay that is supplied from an external location [m3];
Qss  is the quantity sand that is supplied from an external location [m?];
Qac is the quantity clay that is moved from a project depot to the
place of processing and is processed within the project [m3];
Qas is the quantity sand that is moved from a project depot to the
place of processing and is processed within the project [m?];
Qec is the quantity clay that is excavated from the dike and is brought
to the project depot [m?];
Qes is the quantity sand that is excavated from the dike and is brought

to the project depot [m?];

Qdc is the quantity clay that is excavated from project depot and is moved

to an external location [m

3].

7

Qds is the quantity sand that is excavated from project depot and is moved

to an external location [m

3].

I
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All the soil quantities in Equation [6.2] can differ and that is why they are all taken apart. The
quantities indicated in Equation [6.2should be as small as possible in order to have a sustainable
project.

The formula in Equation |6.2| will serve as the ECI model in this research. The input parameters
of this model are the same as the input parameters for the surrogate model for macro-stability,
except for the input parameter water height. The change in soil volume and the shape of the
dike and the ditch lead to movement of soil and may lead to supply and removal of soil and this
influences the ECI value (output parameter ECI model). The more the dike and ditch change,
the greater the ECI, leading to a higher environmental impact.

A wider dike and a shallower ditch at a certain distance from the dike is the most optimal
situation for the macro stability of the inner slope of a dike. Changing the dike and ditch
geometry too much can be favorable for the macro-stability, but unfavorable for the ECI-value.

In this research, the dikes already exist and a new dike geometry is designed based on the old
one. When calculating the ECI value, the difference in soil volume between the old and new
dike geometry (after dike reinforcement), including the ditch, is taken. Moving soil and adding
or removing soil also has an impact on the ECI. This is further explained in chapter 7.

6.5 Costs of the dike

The Standaardsystematiek voor Kostenramingen (SSKI) is used for cost estimates in projects.
SSK is a method developed by CROW and is a conceptual framework and a framework for
project division. SSK provides a clear insight into what is and is not included in a project and
improves the communication about the financial management in projects. The CROW does not
provide any guidelines in the SSK for the unit prices and the percentages that are considered in
dike reinforcement projects. These are based on the experience of W+B.

The schematization of the dikes that are considered in this research are not at a detailed level,
the dikes are coarsely schematized. According to SSK, the costs that are considered in this
research is the sum of the direct costs, the indirect costs, and the contingencies. The direct
costs are all the effort and material supply involved in certain activities. The indirect costs are
non-reoccurring costs like mobilization/demobilization, site facilities, site management, general
costs. Sometimes indirect costs are referred to as ‘contractors overhead’. The contingencies are
the uncertainties involved in the timeline of the construction, the project’s costs or outcome.
The total construction costs are divided into direct costs, indirect costs, and the contingencies
and how each part of the costs is calculated can be observed in Equations and the
total construction costs in Equation All mentioned costs are excluding VAT and the costs
are per meter dike in length direction.

Direct costs (Dc) = (Qc-Uc) 4+ (Qs - Us) (6.3)
where:

Qc is the quantity clay that is needed to reinforce the dike [m?];
Uc s the unit price for clay [€/m3];
Qs is the quantity sand that is needed to reinforce the dike [m3];

Us is the unit price for sand [€/m?];
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The unit price of the different soils is divided into several parts. How the unit price is constructed
for the different soil types can be seen in the Table

H Components direct costs \ Value for clay \ Value for sand \ Unit H
Supply soil 19 12 €/m?
Transport and loading soil in depot | 5 5 €/m?
Excavate soil from depot and 2 2 €/m3
transport to working platform
Processing soil in dike core 2.5 2 €/m?
Unit price soil 28.5 21 €/m?

Table 6.4: Components of the direct costs in order to calculate the unit price for the different
soils, excluding VAT.

The direct costs schematized in Equation are without considering allowances. To include
the allowances in the direct costs, the direct costs should be multiplied by 1.15; 15% of the
calculated direct costs are added to the total direct costs in order to account for uncertainties
in the costs that needs to be further detailed.

The indirect costs consists of non-reoccurring costs, site facilities, site organisation, general costs,
profit, and risks. In Equation the indirect costs are split into 3 parts in order to make the
indirect costs more clear. Indirect costs part 1 consists of the non-reoccurring costs, site facilities
costs, and the site organisation costs. Indirect costs part 2 consists of general costs and indirect
costs part 3 consists of profit and risks. The formula to calculate the total indirect costs can
be observed in Equation and how the different components of the total indirect costs are
constructed can be seen in the Table All the percentages that are used in Table are
derived from W+B’s own experience.

Total indirect costs (TIDc) = Indirect costs part 1 (IDcl) + Indirect costs part 2 (IDc2)
(6.4)
+ Indirect costs part 3 (IDc3)

H Components indirect costs ‘ Value for clay ‘ Unit H
Non-reoccurring costs (NRc) 0.01 -DCax €
Site facilities (SFc) 0.02 -DCax €
Site organisation (SOc) 0.12 -DCax €
Indirect costs part 1 (IDcl) | NRc + SFc + SOc €
General costs (Gc) 0.08 -(DCa * +IDcl) €
Indirect costs part 2 (IDc2) | Ge €
Profit (Pc) 0.03 -(DCa * +IDcl + IDc2) €
Risks (Rc) 0.02 -(DCa * +IDcl + IDc2) €
Indirect costs part 3 (IDc3) | Pc + Re €
Total Indirect costs (TIDc) | NRc + SFc + SOc + Ge + Pc + Re | €

Table 6.5: Components of the indirect costs in order to calculate the total indirect costs in
Equation excluding VAT.
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*DCa are the direct costs including allowances.

The last component of the total construction costs are the contingencies. The input for cal-
culating the contingencies is the direct costs and the indirect costs and the formula for the
contingencies can be seen in Equation 15% of the sum of the direct costs and the total
indirect costs are the contingencies and this percentage is derived from W+B’s own experience.

Contingencies (Cc) = 0.15 - (Direct costs including allowances (DCa)
(6.5)

+ Total Indirect costs (TIDc))

All things considered, the total construction costs are calculated in Equation in euro’s. The
formula in Equation together with the equations that are needed for this formula, will serve
as the cost model in this research. The input parameters of this model are the same as the input
parameters for the surrogate model for macro-stability, except for the input parameter water
height. The change in soil volume and the shape of the dike and the ditch lead to movement of
soil and may lead to supply and removal of soil and this influences the costs (output parameter
cost model). The more the dike and ditch change, the more costs are incurred.

A wider dike and a shallower ditch at a certain distance from the dike is the most optimal
situation for the macro stability of the inner slope of a dike. Changing the dike and ditch
geometry too much can be favorable for the macro-stability, but unfavorable for the costs.

Total construction costs = Direct costs including allowances (DCa)
(6.6)
+ Total Indirect costs (TIDc) 4+ Contingencies (Cc)

The total construction costs in Equation are the costs when the dike is built from scratch.
However, in this research, the dikes already exist and a new dike geometry is designed based on
the old one. When calculating the costs, the difference in soil volume between the old and new
dike geometry (after dike reinforcement), including the ditch, is taken. Moving soil and adding
or removing soil also has an impact on the costs. This is further explained in chapter 7.

6.6 The ditch

Supplying, excavating, and transporting soil is not only necessary for the dike core, but is also
needed to change the ditch geometry. As mentioned in section 6.2, the critical nutrient load
is dependent on the depth of the ditch. In order to optimize a dike design, the depth of the
ditch can also change in order to meet the ecological requirements. On top of that, the distance
between the ditch and the inner toe of the dike is also a varying parameter in the optimization.
When the ditch geometry is changed, soil has to be excavated from the ditch to deepen the ditch
or soil has to be supplied to the ditch the make the ditch less deep. This soil volume has to be
added to the considered soil volumes in the costs and eci calculation. To keep the calculation
for the amount of soil coming from or going to the ditch simple, it is assumed that the soil that
is excavated from the ditch is clay since in most cases the ditch lies in the cohesive layer. In
reality, the amount of clay and sand should be calculated when soil has to be excavated for the
ditch. Since the amount of excavated soil is often a small quantity and a detailed calculation
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of amount of excavated soil can be computer demanding, it is assumed that the soil that is
excavated from the ditch is clay. When more soil is needed for the ditch, sand will be supplied
since this a cheaper solution and is also done in reality.

6.7 Conclusion

This chapter elaborates the models for the other engineering aspects that are considered in this
research. All the equations that are shown in this chapter are implemented in Python in order to
perform the multi criteria analysis (MCA) there. The PCDitch metamodel is already computed
in Python. The last section is about how the movement of soil volumes regarding the ditch is
implemented in the cost and ECI model since this can be a rather complicated calculation.

In each section of this chapter, the relation between the surrogate model for macro-stability of
the inner slope of dikes and the models for the different engineering aspects are elaborated. A
clear overview of the shared input parameters between the different models for the engineering
aspects and the surrogate model can be observed in Figure [6.2l The input parameters dike
height, crest width, inner slope, inner berm width, distance between the ditch and the inner
toe of the dike, and the depth of the ditch are highlighted with a red box since these input
parameters of the surrogate model for macro-stability will be the varying parameters in the
MCA.

Water height

Dike height

Crest width
Inner slope || Inner berm

Thickness of the width
cohesive layer

. Distance ditch
Depth ditch - inner toe dike

Figure 6.2: Plot of the shared input parameters between the ecology, wave overtopping, ECI,
and cost models and the surrogate model for macro-stability. The red circle contains all the
considered input parameters for the MCA and these are the input parameters for the surrogate
model for macro-stability of the inner slope of dikes. The blue ellipse shows the shared input
parameters between the wave overtopping model and the surrogate model. The green circle
indicates the shared input parameters between the ecology model and the surrogate model. The
purple ellipse shows the shared input parameters between the ECI and the surrogate model and
the cost model and the surrogate model.
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Chapter 7 Multi criteria analysis (MCA)

7.1 Introduction

In the previous chapter, the models are explained for the other engineering aspects that are
considered in this research. These models will be combined together with the surrogate model
for macro-stability in a Multi Criteria Analysis (MCA]) in order to find the most optimal dike
geometry. Since all the models are clear, the MCA can be elaborated in order to get the most
optimal dike design.

7.2 Multi criteria analysis

A multi criteria analysis is performed in order to get the most optimal dike design. A MCA is a
method that is used to support decisions in complex issues. For a specific case, multiple criteria
should be gathered that belong to certain objectives. These criteria needs to be standardised
in order to have the different criteria on the same level. Some criteria are more important than
others, that is why the criteria are weighted. After doing all these steps, the different alternatives
for the specific case can be ranked from best to worst alternative. The best alternative is selected
to solve the complex issue.

The criteria for an optimal dike design are the costs of the dike, the ECI, and Ecology model in
this research. The dike designs won’t be optimized based on the wave overtopping model and
the surrogate model for macro-stability of the inner slope. These two criteria forms a constraint
for the MCA. The considered dike geometries should have a value for the FoS that is equal
to or higher than 1.2 and the amount of wave overtopping should be equal to or less than 10
L/m/s, otherwise these dike geometries can lead to dike failure. The weights for the MCA can
be adjusted depending on the priorities in different dike reinforcement projects in order to meet
the wishes of the different water boards and Rijkswaterstaat, so they are not fixed. The MCA
is performed in Python and to perform the MCA certain steps must first be taken. The needed
steps are written down below and a clear overview can be observed in Figure [8.1

1. First the five models, surrogate model for macro-stability inner slope dike, ecology, costs,
wave overtopping, and ECI model, are implemented in the Python file. The surrogate
model and the wave overtopping model are needed for defining constraints for the MCA
and the ecology, costs, and ECI model are the criteria inside the MCA.

2. The criteria needs to be standardised in order to have the different criteria on the same
level. Standardizing the criteria is done with the minimum and maximum value that each
model for a certain criteria can generate. The scaling formula can be observed in Equation

1l
The minimum value for the ECI and cost model is 0. This is when the dike and ditch
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geometry do not have to change. The maximum value for these models is that the dike
and ditch geometry have to undergo the maximum change that is possible. This means
that the dike height, crest width, inner slope, and the width of the berm changes from
the minimum value to the maximum value from the range that can be observed in Table
3.8] and when the ditch changes from the biggest possible ditch to the smallest and the
distance between the ditch and the inner toe of the dike is changed from the minimum
value to the maximum from Table 3.8 Since the minimum value for the ECI and cost
model is 0, the result from these criteria can also be multiplied by a scaling factor. The
formula for the scaling factor is shown in Equation

The minimum and maximum value for the Ecology model is derived by calculating
the critical nutrient load for different water depths inside the ditch and sediment type.
A distinction has been made between clay and sand as a sediment type since the size of
the critical nutrient load varies enormously for sediment type clay and sand, as can be
observed in Figure ?7?7. The minimum and maximum value for clay and sand as sediment
type is saved for scaling the result from the Ecology model.

3. After getting the values for the scaling formula, the objective function is defined. The
formula for the objective function is shown in Equation The score for the cost and
ECI model is calculated by calculating the cost and the ECI value for the current dike
geometry first. After that, the value for the cost and ECI model is calculated for the new
dike geometry. The score for the cost and ECI model is derived by taking any difference
between the new dike and ditch geometry and the current geometry. Every movement of
soil and any amount of soil that needs to be supplied or removed from the dike and ditch
result in higher costs and a higher ECI score. The score for the cost and ECI model is
multiplied by the scaling factor associated with the corresponding model.

The score for the ecology model is derived by calculating the critical nutrient load for
the new dike geometry with the ecology model and put this value as X iginal in Equation
[Z.1] to calculate the scaled score.

The scores for the different criteria/models are multiplied by the weight that are
chosen by the client. The minus sign for the ecology part in the objective function is
explained in step 7.

4. For the integrated dike design, another aspect of the cost of a dike has been added to the
MCA. If a dike needs to be made wider, then the dike can sometimes be made so wide
that a part of the dike enters the ground of another parcel owner. If this is the case, then
extra costs are incurred to pay the parcel owner. The water board applies 80,000 euros per
ha and this is €8 per extra meter of dike. This aspect is an fixed extra input parameter
in the objective function and varies per location of the dike. If the width of the new dike
exceed it’s own parcel, then additional costs are calculated and added to the current costs
for the new dike design.

5. In step 3 and 4 is the objective function defined. After defining the objective function,
the constraints needs to be defined. If a constraint is not met, a penalty is counted on
top of the outcome of the objective function to make sure that every constraint is met.
The penalty is equal to 10 when one constraint is not met. This penalty should be high
compared to the outcome of the objective function, otherwise the constraints are not that
important to the objective function and the constraints will be easily exceeded. The out-
come of the objective function is in the order of 10~! and thus is a penalty of 10 relatively
high.
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In this research, 3 constraints exist:
Constraint 1: The result from the wave overtopping model should be equal or
lower than 10 L/m/s. By applying this constraint, the the water level is always
lower than the crest level and therefore the constraint that the water level should be
equal or lower than the crest level of the dike does not have to be implemented.
Constraint 2: This is a hydrological precondition, the wetted cross-sectional area
of a ditch should be equal or higher than 0.625 m?. This constraint belongs to a
ditch with the following standard dimensions for water boards: water depth is 0.5
m, slope ditch is 1:1.5, and the width of the bottom of the ditch is 0.5 m.
Constraint 3: The FoS of the dike should be equal to or higher than 1.2. The value
for the FoS is derived from the surrogate model for the macro-stability of the inner
slope of a dike.

6. The input parameters for the different models are defined in this step. Some input pa-
rameters are fixed and some will vary when the dike geometry will change. The input
parameters that will vary in order to optimize the dike design are: dike height, crest
width, the inner slope of the dike, the width of the berm, the depth of the ditch, and the
distance between the ditch and the inner toe of the dike. The parameters that are fixed,
but can be changed dependent on the location of the dike and the client’s wishes, are:
the weights in the objective function, the wave height, the angle of wave attack, the outer
water level, the thickness of the cohesive layer underneath the dike, the type of soil in the
dike core, and the width of the dike that is on the parcel of another owner. The values for
the fixed parameters can just be filled in and for the varying parameters, an initial guess
is made by filling in the parameters that corresponds to the current dike geometry. For
the varying parameters, the bounds are defined which corresponds with the values from
Table 3.8l

7. In order to optimize the dike designs, an optimization function is defined. This optimiza-
tion function is used to iterate over possible improved dike and ditch geometries that are
close to the current dike and ditch geometry. In this way, the MCA is not performed by
weighing different dike and ditch geometries against each other by hand, but the optimiza-
tion function returns the most optimal dike and ditch geometry. It is important that the
optimize function will find the global minimum, instead of the local minimum.

Another important aspect of the optimization function is the initial guess. The
initial guess can be implemented in some optimization functions, but not all. For this
research, it is important that the initial guess can be implemented in the optimization
function since the initial guess is the current dike geometry.

The last important aspect is the constraints in the initial guess. In some cases, the
current dike geometry does not meet the set constraints of the MCA. When the current
dike geometry does not meet all the constraints, the objective function returns a high score
for the current dike geometry since penalties are added on top of the outcome of the ob-
jective function. When this is the case, the optimization function is looking for optimized
dike and ditch geometries close to the current geometry, the initial guess, and thus also
look for dike geometries that exceed the constraints. This is not the intention. Therefore
the initial dike geometries should be updated first in order to get closer to meeting the
constraints. The following will explain exactly how the geometries should be updated in
order to get closer to meeting the constraints.
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Constraint 1: When the amount of wave overtopping is larger than 10 L/m/s,
exceeding Constraint 1, the dike height needs to be increased. As can be observed
from Figure the dike height is the only influencing input parameter in the
objective function for the wave overtopping model and therefore the value for this
input parameter needs to be changed in order to get closer to meeting Constraint 1.

Constraint 2: When the wetted cross-sectional area of the ditch is smaller than

0.625 m?, the depth of the ditch should be increased in order to get closer to meeting

Constraint 2.

Constraint 3: When the value for the FoS is lower than 1.2, the inner berm width

should be increased first in order to get closer to meeting Constraint 3. Changing

the width of the inner berm has the largest impact on increasing the value for the FoS
since the inner berm width has strongest positive correlation with the FoS. When
the inner berm width can not be increased further, because the width of the inner
berm is equal to the maximum value of the inner berm width in Table the inner
slope of the dike should be increased in order to get closer to meeting Constraint

3. The inner slope of the dike is also strongly positive correlated with the FoS, but

less strong compared to the width of the inner berm. The initial dike geometries are
changed based on the three constraints and when the geometries are getting closer to meet
the constraints, these geometries are implemented in the objective function. This change
in the geometries has been processed in the objective function in order to calculate what
the impact is on the score for the costs, ecology, and ECI and this impact should be taken
into account in the MCA.

Multiple optimization functions are available and many have been tried in this re-
search, but the scipy.optimize.basinhopper() function works the best for optimizing dike
designs. The input for this function is the objective function, the initial guess, the bounds
of the of varying parameters, the number of iterations, the temperature, the step size, and
method. The bounds of the varying parameters are the minimum and maximum value of
the input parameters and can be observed in Table[3.8] A higher value for the temperature
parameter can help the optimization function to escape local minima. A higher value for
the step size parameter helps the objective function to explore the solution space. The
method parameter specifies the algorithm that is used to perform local minimizations.
Basinhopper searches for the global optimum by combining random jumps that explore
the solution space with local minimization to find the precise minimum. For an optimal
solution, the results from the cost and the ECI model are low and the result from the
ecology model is high. That is why a minus sign is in front of the ecology part in the
objective function. The number of iterations is set to 200, the temperature to 5, step size
1, and the method SLSQP. The method SLSQP is chosen since this method can be used
when complex constraints are incorporated in the objective function, including non-linear
(in)equality constraints.

Xoriginal — min. result model

X, = 7.1
scaled max. result model — min. result model (7.1)
Scaling fact ! (7.2)
in I = )
cattig tacto max. result model
Objective function = (we - S¢) — (We - Se) + (Weci * Seci) (7.3)
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where:
we  is the weight for the cost model [-];
Sc  is the score of the cost model [-];
we  is the weight for the ecology model [-];
Se is the score of the ecology model [-];
Weei 18 the weight for the ECI model [-];
Seci 18 the score of the ECI model [-];

A clear overview of the MCA procedure can be observed in Figure[8.1] In Figure the loop of
the updated dike and ditch geometry can be observed. When the initial dike and ditch geometry
does not meet all constraints, then the optimizer will only search for optimized dike and ditch
geometries that do not meet all constraints. Therefore the dike and ditch geometry should be
updated, to have optimized geometries without exceeding the constraints.

Cost model
ECI model
Ecology model

Constraints
Wave overtopping
Wetted cross-sectional area
Surrogate model macro-stability

Initial guess
Dike height
Crest width
Inner slope of dike
Inner berm widih
Depth of the ditch
Distance between the ditch and
the inner toe of the dike

—-{ Objective function }—-| Optimizer |

Update dike and Result optimizer
ditch geometry includes a penalty?

Fixed parameters
Weights objective function for cost,

ECI, and Ecology model
Wave height
Angle of wave attack

Outer water level
Thickness of cohesive layer
Type of sail in dike core
‘Width of dike that is on parcel of
another owner

Result from optimizer
is optimized dike and
ditch geometry

Figure 7.1: MCA procedure to derive the optimal dike and ditch geometries.

7.3 Conclusion

This chapter shows what a MCA is and how it is used to get the most optimal dike designs. It
is important that the optimize function returns a global minimum instead of a local minimum.
Initially, the function scipy.optimize.minimize() with multiple solvers was used since this
optimization function worked for the Simple model. When the amount of input parameters
increased, the most optimal result was the same, regardless of the initial guess. This meant
that another optimization function must be implemented. After trying the several optimiza-
tion algorithms for finding the global minimum with multiple initial guesses, the function
scipy.optimize.basinhopper() returns one optimized result for one dike reinforcement project.
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Chapter 8 Results integrated model

In chapters 6 and 7, the models for the other engineering aspects and the MCA procedure is
elaborated. In this chapter, results from the MCA are shown. The impact of changing the
weights of the objective function on optimizing dike geometries is explained.

8.1 Varying weights

In order to see what the impact of the different weight factors is on the optimized dike geometries,
one weight factor increases and the other weight factors are kept similar. The sum of the weight
factors for ecology, costs, and ECI always equals 1. The initial dike geometry is the minimum
values for the varying input parameters from the ranges that can be observed in Table For
the fixed parameters in the objective function, the average values are used. This means that
Hmo equals 0.75 m, 8 equals 40 °, the outer water level is 4.25 m, the thickness of the cohesive
layer is 4 m and the dike core contains clay. The results can be observed in Figure [8.1
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Figure 8.1: Varying weights in the objective function against the outcome of the objective

function.

When the varying weight is set to 0.2, the other weight is set to 0.4 (0.8/2) to create a total
weight of 1.0. This means that when the varying weight is set to 0, this criteria is not taken into
account in the MCA, and when it is set to 1.0, the other criteria are not taken into account.
The negative value of the objective function is derived from the impact of ecology criteria, which
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is explained in the previous section. When the impact of the ecology model is not big on the
outcome of the objective function, then the outcome of the objective function is positive.

The MCA is performed multiple times with the same initial dike geometry and the same weights
for the criteria in order to see if the optimization function returns the optimized result. A simple
calculation can be performed in order to check one value from Figure 8] if the calculated
outcome is the same as the resulted outcome.

When the weight for the ecology criteria is set to 1.0, the weights for the costs and ECI are equal
to 0. This indicates that the optimization function should look for highest value for the critical
nutrient load. In Figure the depth of the ditch is plotted against the critical nutrient load.
To meet the constraint of the minimum wetted cross-sectional area of a ditch, the depth of the
ditch should be bigger than values left from the green line in Figure [8:2] The optimal depth of
the ditch derived from the optimization function is 0.96 m, which is indicated by the red line in
Figure Looking at the area on the right side of the green line, the red line crosses indeed
the maximum of the curve, which means that the returned value from the optimization function
is indeed the optimized result.

Critical nutrient load [mg/m?/day]
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Figure 8.2: Plot of the depth of the ditch vs critical nutrient load for sediment type clay.

The optimized dike geometries from Figure[8.1| are more or less the same, but results in another
value for the optimization function due to the different weights. The optimized dike geometries
are the same due to the implementation of the changed intial dike geometries, which is explained
in step 7 in section 7.2.

The input parameters for initial dike geometry that is considered for the plots in Figure
B.1] were the minimum values from the ranges in Table This means that the considered
constraints in this research were not met. The optimization function is strongly bounded to
the initial dike geometry and when the initial dike geometry does not meet the constraints,
the optimization function searches for an optimal dike geometry that does not meet all con-
straints, despite the fact that penalties are added. To make sure that the optimization function
searches for optimal dike geometries that meet all constraints, the initial dike geometry should
be updated. This means that the initial dike geometry is changed first and then implemented
in the optimization function in order to get dike geometry which are closer to meeting all con-
straints. This updated version is implemented in the optimization function. However, after the
optimization, the returned dike geometry is more or less similar to the updated version of the
dike geometry. This makes sense, because the updated dike and ditch geometry just meets all
constraints, which is the most optimal dike geometry since the amount of wave overtopping is
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close to 10 L/m/s, the wetted cross-sectional are of the ditch is the minimum value, and the
FoS is just 1.2.

8.2 Conclusion

In this chapter, a Multi Criteria Analysis is performed by having an initial dike geometry that is
optimized by a deterministic approach and an optimization function. The deterministic approach
makes sure that the initial dike geometry is updated first, otherwise the optimization function
will look for dike geometries, which will exceed the constraints. In many cases, this deterministic
approach is the optimal dike geometry since all contraints are just met, which means that the
optimization function is not needed. Only when the influence of the Ecology model is high, the
dike geometry, which is returned by the optimization function, will sometimes deviate from the
dike geometry derived from the deterministic approach.

97



Chapter 9 Conclusions

In the upcoming year, many dikes need to be reassessed as a result of Hoogwater Bescher-
mingsprogramma [HWBP] and stricter requirements regarding macro-stability of dikes. The
failure mechanism macro-stability is very important since this failure mechanism is often cost-
determining in dike reinforcement projects. To achieve the goal of the HWBP by 2050, many
stability calculations need to be performed in a short amount of time. Current dike reinforce-
ment projects check the failure mechanisms, regarding the integration of a flood defense in a
certain area and other design aspects. This results in testing and designing a lot of dikes and
this costs a lot of money and takes a lot of time and therefore it often proves difficult to deliver
good integral designs. In order to improve this, this research has been set up.

To achieve this objective, the following research question and sub-questions will be answered:

RQ:How can a surrogate model for inner slope stability of a flood defense be created for use
in combination with other (machine learning) models to generate conceptual flood defenses,
making it possible to optimize the design using an interdisciplinary MCA?

SQ1: Which input and output variables of a stability model does the surrogate model
need to train the machine learning on certain combinations of input and output vari-
ables for accurate prediction of the model outcome for macro-stability of dikes in the
Netherlands?

SQ2: Which sampling method is needed to have enough information about dike stability
captured in the dataset to train, validate, and test the surrogate model?

SQ3: Which type of ML algorithms perform best for emulating macro-stability models
best?

SQ4: What are the equations / models for the other relevant aspects for dike design and
what do these equations / models look like?

SQ5: How can the macro-stability surrogate model be combined with the equations/models
for the other relevant engineering aspects related to dike design to get to an optimal
design?

This chapter will answer the sub-questions based on the conclusions made in the previous chap-
ters. The first part of this research answers sub-questions 1 to 3 and the second part answers
sub-questions 4 and 5. The answer to the main research question will derive from these sub-
questions.

9.1 Macro-stability model
In this section, the surrogate model for the macro-stability of dikes is developed. This is done
by answering sub-questions 1 to 3. First, simple dike geometries were considered in order to see
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if a surrogate model can be developed based on D-Stability calculations and later complex dike
geometries were considered.

SQ1: Which input and output variables of a stability model does the surrogate
model need to train the machine learning on certain combinations of input and
output variables for accurate prediction of the model outcome for macro-stability
of dikes in the Netherlands?

Initially, for the simple model, five varying parameters are chosen to create simple dike geome-
tries. These parameters are the height, the crest width and the inner slope of the dike, the
thickness of the cohesive layer underneath the dike and the outer water level. These parameters
serve as input parameters for ML model. The output parameter is the FoS.

After the first training, the models’ performances were already quite good, having a MSE
value of 2.7-1073, MAE value of 4.7-1072, and a R?-score of 0.84 for the best ML model sampled
with Random Sampling. The mean value for the FoS for the complete dataset is lower than
the FoS for which dikes are considered stable. In this research, dikes are stable when the FoS
is equal to or larger than 1.2 to have some margin. In order to have a representative training
dataset with a sufficient amount of unstable and stable dikes, the values for the FoS needed to
be increased.

To increase the FoS, the ranges of the varying input parameter were changed based on data
investigation. The models’ performances were improved by adding another input parameter, the
type of soil in the dike core. After plotting the residuals for the FoS, two normal distributions
could be observed belonging to the two different dike cores. This knowledge was kept away in
the training process.

After the second training, the models’ performances were quite accurate, having a MSE
value of 2.2 - 1073, MAE value of 1.1 -1072, and a R2-score of 0.99 for the best ML model sam-
pled with Random Sampling. The best ML model is the Support Vector Regression. 95% of the
predicted FoS having a maximum deviation of 0.04 from the actual FoS, which is an accurated
prediction of the FoS at an early stage of dike design.

Since the surrogate model for the simple dike geometries is accurate, a surrogate model for
complex dike geometries could be made. The amount of varying input parameters were extended
by three parameters, namely the inner berm width, the distance between the ditch and the inner
toe of the dike, and the depth of the ditch. The dike core parameter was also taken into account
in the varying input parameters since this parameter was needed to have improved models’
performances. The sand core dikes were made more realistic by adding a clay cover of 0.9 m on
top of the sand core. This clay cover was included in the dike height. The output parameter of
the surrogate model for complex dike geometries is the FoS.

After training the ML models, the models’ performances were already quite good, having
a MSE value of 6.0-10~%, MAE value of 1.2-1072, and a R?-score of 0.95 for the best ML model.
These values for the validation metrics were comparable with the values for the validation metrics
for the simple dike geometries. The best ML model is again the Support Vector Regression. 95%
of the predicted FoS having a maximum deviation of 0.05 from the actual FoS, which is again
an accurated prediction of the FoS at an early stage of dike design.

For visualisation purposes, the ML models were also trained on more output parameters to
predict the slip circle. Since the Limit Equilibrium Method is Uplift-Van for assessing the slope
stability for complex dike geometries, eight additional output parameters were needed in order
to predict the slip circle. The minimum amount of additional output parameters was 6 in order
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to approach the slip circle and the additional output parameters are the x- and y-coordinates
of the active and passive slip circle and the radii of the active and passive slip circle. The
same input parameters are considered when the ML models were trained only on the output
parameter FoS for the complex dike geometries.

After training the ML models, the models’ performances were bad in comparison with
the models’ performances for the complex dike geometries with the FoS as only output. The
averaged best MSE value was 0.0032, MAE value 0.0313, and R2-score 0.6531. The best model
is the Random Forest Regressor. The bad performance was mainly caused by y-coordinate of
the passive slip circle and consequently the radius of the passive slip circle. Very great values for
the relative y-coordinate of the passive slip circle were the cause of the bad performance, because
these values formed outliers for the dataset. The great relative values for the y-coordinates of
the passive slip circle were the result of thin thicknesses of the cohesive layer underneath the
dike.

In order to improve the models’ performances, more samples were taken for a low value
of the thickness of the cohesive layer. However, this didn’t improve the models’ performances.
In order to improve the models’ performance, the ML algorithms might need more information
about developing the slip circle, which should be translated into an input parameter. Adding
more information to the training dataset resulted in a higher models’ performance for the Simple
model too.

In summary, for the simple dike geometries the input parameters are the dike height, the crest
width, and the inner slope of the dike, the thickness of the cohesive layer, the outer water level,
and the soil in the dike core. The output parameter is the FoS. For the complex dike geometries,
the input parameters are the dike height, the crest width, and the inner slope of the dike, the
thickness of the cohesive layer, the outer water level, the width of the inner berm, the distance
between the ditch and the inner toe of the dike, the depth of the ditch and the soil in the dike
core. The output parameter is the FoS. For visualisation purposes, the output parameters are
the FoS, the x- and y-coordinates of the active and passive slip circle, and the radii of the active
and passive slip circle.

SQ2: Which sampling method is needed to have enough information about dike
stability captured in the dataset to train, validate, and test the surrogate model?

The input parameter sets for the simple dike geometries are derived by sampling with the meth-
ods Random Sampling and Latin Hypercube Sampling from the uniform distributions for the
input parameters. This means that 2 times 10.000 input parameter sets are created, with 10.000
input parameter sets sampled with Random Sampling and 10.000 input parameter sets sampled
with Latin Hypercube Sampling. After the first training, the differences in models’ performances
between the sampling methods were small, but Random Sampling performs better for each ML
model. When the input parameters are changed, a second training is performed. The difference
in models’ performances between the two different sampling methods are quite small. Random
Sampling performs better on the values of MSE and MAE and Latin Hypercube Sampling on
the values for the R?-score. Since the differences between the values for the MSE and MAE
are a bit smaller compared to the differences between the values for the R?-score and a high
R2-score is important to capture the underlying relationships in the data, the Latin Hypercube
Sampling method is the best method.

SQ3: Which type of machine learning model assesses macro-stability of dikes the
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best?

The best ML models are already mentioned under sub-question 1 with the corresponding ex-
planation. For the simple dike geometries, the Support Vector Regression was the best ML and
this type of ML: model was also the best model for the complex dike geometries with the FoS
as output parameter. The Support Vector Regression model was not used for training on more
output parameters since this ML model is typically used for single output regression problems.
For the complex dike geometries with more output parameters was the Random Forest Regressor
the best ML model.

9.2 Integrated dike design

In this section, the multi criteria analysis is set up and performed to get the optimized dike
designs. This is done by answering sub-questions 4 and 5. The surrogate model for macro-
stability is combined with the equations/models for the ecology, costs of the dike, environmental
cost indicator, and wave overtopping in a MCA to get the optimized dike designs.

SQ4: What are the equations / models for the other relevant aspects for dike
design and what do these equations / models look like?

The relevant aspects that are considered in this research for dike design are ecology, the costs
of the dike, the environmental cost indicator (ECI), and wave overtopping. For each relevant
design aspect, the equation/model is explained below.

e Ecology: The ecology model that is used in this research is a metamodel developed
by W+B, STOWA, NIOO-KNAW, Netherlands Environmental Assessment Agency and
WUR. It is based on a dataset with 360.000 runs by the PCDitch model. This model as-
sesses water quality in ditches and show which measures have the most effect on improving
the water quality in a certain ditch. The input parameters of this model are water depth
in the ditch, the flow rate, and the sediment type. The output parameter is the critical
nutrient load, which is the maximum amount of nutrients that the ditch can receive with-
out negative effects on the ecological value of the ditch. The input parameters that vary
are the water depth in the ditch and the sediment type. The water level inside the ditch
is kept constant at a height of 0.4 m below ground level, but the depth of the ditch varies,
which results that the water depth in the ditch also varies. The sediment type can vary,
because the thickness of the cohesive layer underneath the dike can be thinner than the
depth of the ditch, resulting in sand as sediment type. In other cases the sediment type is
clay. The flow rate is constant and equal to 20 mm/d.

e Wave overtopping: Wave overtopping is schematized by an equation derived from the
Technische Rapport Golfoploop en Golfoverslag bij Dijken from the Technische Adviescom-
missie voor de Waterkeringen. The equation that is used in this research is a simplification
of the complete formula from this report and is the maximum of the complete formula.
The input parameters of this equation are the free crest height above the still water line,
the significant wave height at the toe of the dike, the influence factor for the roughness
on the dike slope, the influence factor for the angle of wave attack on the dike slope, and
the acceleration due to gravity. The output parameter amount of wave overtopping. The
varying input parameters are the free crest height above the still water line, the significant
wave height at the toe of the dike, and the angle of wave attack on the dike slope. The
influence factor for the roughness on the dike slope is equal to 1.0 since it is a green dike.
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The free crest height above the still water line is calculated without the impact of the wind
since the dike geometries that are considered in this research are not location specific and
is calculated by taking the difference between the dike height and the water level. The
significant wave height varies between 0 and 1.5 m and the angle of wave attack between
0 and 80 °. The influence factor for the angle of wave attack on the dike slope can be
calculated with the following formula: 1 —0.0033 - |3|. The maximum allowable amount
of wave overtopping is 10 L/m/s.

e Environmental Cost Indicator (ECI): The model that is set up for ECI makes use of
the program DuboCalc. This is a tool developed by Rijkswaterstaat. DuboCalc has a
library in which objects for a dike reinforcement project can be found under 'HWBP
Dijkversterking PU-fase’. Under '"HWBP Dijkversterking PU-fase’ values for the ECI can
be found for supplying of soil, applying of soil, excavating of soil, and disposing of soil in a
dike reinforcement project and these values can be observed in Table A distinction is
made between clay and sand and these values belong to a green dike that was considered
with a lifespan of 50 years. The ECI is calculated by multiplying the quantities of clay
and sand with the corresponding value in Table

Categories in earthmoving | ECI including allowances | ECI including allowances | Unit
for clay for sand

Supplying soil 1.7405 3.0758 ECI/m?

Applying soil 0.1481 0.1444 ECI/m?

Excavating soil 0.1037 0.1000 ECI/m?

Disposing soil 0.8924 0.4216 ECI/m?

Table 9.1: Values for the ECI for different processes in a dike reinforcement project. The values
are including allowances, which is an uncertainty margin since a LCA expert did not look at
this project.

e Costs of the dike: The Standaardsystematiek voor Kostenramingen (SSK) is used as basis
for the cost estimate in this research project. The dikes that are considered in this research
are coarsely schematized and according to SSK, the costs that are considered in this re-
search is the sum of the direct costs, the indirect costs, and the contingencies. The direct
costs are all the effort and material supply involved in certain activities. The indirect
costs are non-reoccurring costs like mobilization/demobilization, site facilities, site man-
agement, general costs. Sometimes indirect costs are referred to as ‘contractors overhead’.
The contingencies are the uncertainties involved in the timeline of the construction, the
project’s costs or outcome. The unit prices and the percentages that belongs to these costs
are based on experience of W+B. The costs are excluding VAT. A detailed elaboration of
the cost estimation can be found in section 6.5.

SQ5: How can the macro-stability surrogate model be combined with the equa-
tions/models for the other relevant engineering aspects related to dike design to
get to an optimal design?

A multi criteria analysis is performed in order to get an optimal dike design. In this MCA,
the five models, macro-stability, wave overtopping, ecology, costs, and ECI will be combined.
The macro-stability model and the wave overtopping equation will serve as constraints in the
optimization function since a dike geometry should meet these requirements. When the FoS is
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high, the dike geometry is not the most optimal one. The same applies to wave overtopping,
when the dike is very high, waves won’t go over the crest of the dike, but the dike geometry is
not optimized. The ecology, costs, and ECI model will serve as criteria in the objective function.
The input parameters for the optimization function are the objective function, constraints, ini-
tial dike geometry (is the initial guess), and the hyper parameters of the optimization function.
The optimization function is scipy.optimize.basinhopper() which searches for the global mini-
mum based on the initial dike geometry and returns the value of the objective function and the
optimal dike geometry.

9.3 Research question
The answers to the sub-questions, from the previous section, will help answering the research
question. In this section, a summary is made to answer the research question.

The surrogate model for the inner slope stability of a dike is created step by step. First, simple
dike geometries were considered with as few parameters as possible in order to see if a ML model
can assess the FoS. The input parameters for training the ML models on simple dike geometries
are the dike height, crest width, inner slope, the thickness of the cohesive layer underneath
the dike and the outer water level. Combinations of values for these five input parameters
are created by the two sampling methods Random Sampling and Latin Hypercube Sampling.
After deriving the input parameter set, the D-Stability calculations can be performed in order
to get the FoS for the corresponding dike geometry. HWL datamodel, which is a python tool
developed by Witteveen+Bos, is used to help running the D-Stability calculations as quickly
as possible. After deriving the FoS for each input parameter combination, the whole dataset is
normalized using MinMaxScaler and is split into a training, validation, and test dataset using
train_test_split() from scikit-learn with a train_size of 0.8 and test_size of 0.2. Before training
the final ML models, hyper parameter tuning will take place in order to optimize the hyper
parameters for the concerned ML model to improve the models’ performances. Random Search
Cross-Validation and Grid Search Cross-Validation are used to find the best hyper parameters for
the corresponding ML model with cv-values that equals 5 and 10, resulting in 64% training and
16% validation and 72% training and 8 % validation dataset. After hyper parameter tuning, the
final ML models can be trained and can be assessed by the three validation metrics, MSE, MAE,
and R2-score. In this way, a surrogate model for the macro-stability of inner slope is created.
Data investigation, resampling, retraining is needed to increase the surrogate performance. The
surrogate model for complex dike geometries is developed in the same way as the simple dike
geometries. The only difference is that the complex dike geometries do contain more input
parameters, namely the inner berm width, ditch depth and the distance between the ditch and
the inner toe of the dike. Some snippets of the code has been added to the Appendix B in order
to see how the functions are implemented in python.

The surrogate model for inner slope stability of a dike is combined with the models/equations for
ecology, ECI, costs, and wave overtopping via a multi criteria analysis. The wave overtopping
equation and the macro-stability model serve as constraints for the MCA and the ecology,
ECI, and costs model serve as criteria. The criteria is normalized and included in an objective
function. The scores for the criteria are multiplied by a weight factor that varies depending on
the stakeholders in the dike reinforcement project. To get optimal dike designs, the objective
function is minimized in an optimization function. The optimization function that is used in
this research is scipy.optimize.basinhopper(). Another constraint that is set in this research are
the minimum wetted cross-sectional area in the ditch. The last element that is included in the
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optimization process is the parcel owner. When the dike should be extended, the dike can enter
ground of another parcel owner. If this is the case, extra costs of €8,- per extra meter dike
should be taken into account. All constraints, the objective function, the initial dike geometry
(is the initial guess), and the hyper parameters of the optimization function are implemented in
the optimization function. The optimization function searches for the global minimum based on
the initial dike geometry and returns the value of the objective function and the optimal dike
geometry.
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Chapter 10 Recommendations

During this research, some recommendations for further research were found. In addition to
the recommendations for further research, some recommendations are about the results derived
from this research.

e Simple models: The models for the engineering aspects that are considered in this
research are very simplified w.r.t. the reality. In order to implement the MCA in projects,
complex models and more design aspects should be implemented in the MCA to have a
more accurate outcome of the optimized dike geometry. For now, simple versions of those
complex models and a few design aspects are considered to see whether the MCA performs
well in familiar territory.

¢ Wave overtopping equation: The wave overtopping equation that is used in this re-
search is picked out since this equation is very simplified. As mentioned in section 6.3, the
wind set-up of water is not taken into account. However, not only the wind set-up has a
large impact on the wave overtopping, also the wind direction, the outer slope of the dike,
and more aspects. In a certain situation, due to wind, the wave height can be up to 1 m
for the west side of a river and at the east side, the wave height is negligible. This example
shows how important wind is and such parameter should be included in calculating the
amount of wave overtopping in this case.

e Subsoil variation: To implement the MCA for different project across the Netherlands,
the subsoil should also be varied. Right now, the only parameter related to the subsoil is
the thickness of the cohesive layer underneath the dike. The subsoil in the Netherlands
varies enormously with varying soil parameters. In order to implement the MCA in more
projects, subsoil variation should be implemented in the MCA.

e POP value: In this research, one value for the POP-value is used. This leads to very
high over consolidation ratio near ground level. This is also explained in section 3.2.2.
In practice, lower POP-values near ground level need to be considered in order to have a
more realistic subsoil.

e Current dike reinforcement projects: For further research, it would be nice if the
current MCA is used in a current dike reinforcement project in order to see how accurate
the MCA is.

e MCA: Currently the MCA is strongly bounded to the initial dike geometry and an up-
dated dike geometry is needed in the optimization function when the initial dike geometry
doesn’t meet the constraints. This means that the optimization is helped upfront with a
deterministic approach to update the dike geometries based on constraints. For further
research, it would be nice if the optimization function can also find the optimized dike
geometries without this deterministic approach.
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When using a logarithmic function for the penalties instead of adding just the value
10 on top of the outcome of the objective function when the optimized dike geometry
exceeds one of the constraints, the optimization function can approach an optimal dike
geometry better without the need of a deterministic approach. This further explained in

Appendix C.
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Appendix A - Pairplots

Pairplot of the improved Simple model
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Pairplot of the Complex model
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Appendix B - Code snippets

Code snippet of MinMaxNormalizer

mali 3
__init (self, data training):
self.max = data_training.max()
self.min = data_training.min()

f normalize(self, data):
normalized_data = (data - self.min) / (self.max - self.min)

return normalized data

f denormalize(self, data):
return data * (self.max - self.min) + self.min

X_normalizer i izer(train_data.iloc
y_normalizer 1inM “ma r(train_data.iloc[:

X normalized = X normalizer.normalize(train data.iloc[:, :9])
y normalized = y normalizer.normalize(train data.iloc[:, 9])

X_train, X_test, y train, y_test = train_test_split(X normalized, y_normalized, test_size=08.20, random_state=42)

model = load(’

1 arange(1, 6, 1)),

np.arange(1@, 110, 10)),

(random_state=42, criterion=
rfr_regl = Randomi archcV(regr, params, cv=5, scoring="neg_r
rfr_regl.fit(X train, y train)

print(” yperparameters found:™)
print(rfr_regl.best_params_)
print(” SE e:", rfr_regl.best_score_ )

Best hyperparameters found:
{'n_estimators®: 760, 'min_samples split’': 4, "min_samples leaf': 3, 'max features': None, ‘max _depth’': 6@, ‘bootstrap’': True}
Best MSE score: -0.003120462271961431
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Code snippet of validation metrics

best_model RFR = rfr_reg3.best_estimator_

y_pred_RFR = best_model_RFR.predict(X_test)

mse RFR = mean_squared error(y test, y pred RFR)
mae RFR = mean_absolute error(y_test, y pred RFR)
r2 RFR = r2 _score(y_test, y pred RFR)

print (" 3 mse_RFR)
print( u » mae_RFR)
print("R2

Mean Squared Error: 0.0027480700265921513
Mean Absolute Error: ©.03054106901718148
R2 score: ©.68434419310940856

Code snippet of the defined constraints

fixed param):
e = vars
* fixed param[4])
fixed param[5]
_overtopping(hk, fixed_param[3], gamma_b:

)+ (wl * 3 * wl)) - 8.625

ixed param):
, Dtoe vars

[m]": [fixed_param[7]],
_param[5]],

x_norm = X normalizer.normalize(x data)

y_pred = model.predict(x_norm)

FoS = y_normal denormalize(y_pred)
o} FoS - 1.2
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Appendix C - Improved optimization process

In the main report, a penalty of a value of 10 was applied on top of the outcome of the objec-
tive function. This resulted in a very high jump in the value of the objective function, which
was needed, otherwise the optimization function did not care about the constraints. However,
when a logarithmic function is used instead of a value of 10 for exceeding the constraints, the
optimization function can approach optimal dike designs better without the help of a determin-
istic approach. The logarithmic function should have a shape like the one that is indicated in
the figure. The resulting values for the objective function are of similar size with a maximum
deviation of 0.2 m for the input parameters inner berm width and distance between the ditch
and the inner toe of the dike for the dike geometry.
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