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Abstract

Under tidal currents and wave action, sediment particles show complex transport patterns for coastal
systems like tidal inlets. To model the sediment transport in such coastal systems, models have been
derived that can predict that transport using Eulerian (grid-based) or Lagrangian (particle-tracking)
methods. The sediment transport model SedTRAILS uses a Lagrangian method to predict the pathways
that sediment particles will follow. As a process-based model SedTRAILS is limited in how fast it can
compute results. Here we show a methodology to make a faster probabilistic metamodel from the
process-based model SedTRAILS by creating an Auto-regressive Hidden Markov Model (ARHMM).
Creating a probabilistic model of the sediment transport in a coastal system using Markov chains is
a novel approach in that it builds further on the connectivity approach of SedTRAILS, which is still
quite a new development in the field of sediment transport at present. For different versions of the
model, correspondence with physical properties of the system were found, that the development to
estimate sediment pathways accurately look promising. The method of describing sediment transport
pathways of a coastal system as an ARHMM is a form of probabilistic Machine Learning allowing
for faster computation times by describing the patterns the system can make. This is in contrast to a
process-based model that has to compute all of the underlying processes. The autoregressive component
in this approach is expected to be essential in describing any type of dynamical system that consists
of trackable pathways. Taking into account the position of a particle at the current time step highly
limits the position a particle can have at the next time step in favor of accurately estimating sediment
pathways. The modelling approach discussed can find uses in engineering applications where particle
pathways are of importance like the dispersal of nourishments, but also other dispersion events like
dispersed goods from when a vessel loses a container, as long as there is a process-based model available
to create the necessary Lagrangian data.

ii



Contents

Preface i

Abstract ii

List of Abbreviations v

1 Introduction 1
1.1 Sand nourishments in the Netherlands . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Regular shoreline maintenance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3 Tidal inlets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.4 Sediment pathways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.5 Markov chains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.6 Research questions and objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.7 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Theoretical background: probabilistic models 7
2.1 Process-based vs probabilistic . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2 Probabilistic graphical models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2.1 Bayesian networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.2.2 Markov chains . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3 State-space models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.3.1 Hidden Markov models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.3.2 Dynamic Bayesian networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.4 Inference and learning for probabilistic graphical models . . . . . . . . . . . . . . . . . . 11
2.4.1 Exact inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.4.2 Approximate inference . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.4.3 Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

3 Methodology 16
3.1 Schematizing the wave climate and data choice . . . . . . . . . . . . . . . . . . . . . . . 16
3.2 Data transformation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.2.1 Delft3D . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18
3.2.2 SedTRAILS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.3 Developing the probabilistic model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3.1 Transition matrices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3.2 Model structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.3.3 Programming the ARHMM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.3.4 Verification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

4 Results 28
4.1 Markov model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.2 SedTRAILS reference run . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.3 Autoregressive hidden Markov model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.4 Adding evidence . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.4.1 Schematized storm simulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
4.4.2 Pathway occurrences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

5 Discussion 42
5.1 Learning and validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
5.2 Time slice choice . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
5.3 Area schematization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
5.4 Covariates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

iii



Contents iv

5.5 Wave climate schematization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
5.6 Sediment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
5.7 New opportunities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

6 Conclusion 50

References 53

A Emission matrix and transition matrices 58
A.1 Transition matrices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

A.1.1 De Fockert transition matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
A.1.2 Poisson transition matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

A.2 Emission matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60



List of Abbreviations

A
ARHMM Auto-regressive Hidden Markov Model. ii, 14, 23, 25–28, 34–36, 42–45, 47–52, 58, 60–62

B
BN Bayesian Network. 7–12, 24, 26, 42, 50

C
CPD Conditional Probability Distribution. 8, 12, 13

D
DBN Dynamic Bayesian Network. 7, 11, 12, 23–26, 28, 34, 42, 47, 50

E
EM Expectation Maximization. 15, 27, 28, 42, 43

H
HMM Hidden Markov Model. 7, 10–14, 25, 42, 50

K
KFM Kalman Filter Model. 10, 25

M
MC Markov Chain. 7, 9
ML Machine Learning. ii, 26, 43, 49

P
PRNG pseudorandom number generator. 43

R
RWS Rijkswaterstaat. 1, 27, 31, 33, 51

S
SON Schiermonnikoog Noord. 17
SSM State-Space Model. 7, 10, 25, 26, 43, 50

v



1
Introduction

1.1. Sand nourishments in the Netherlands
The Dutch coast uses a dynamic conservation strategy as maintenance policy for flood safety consisting
of sand nourishments to reinforce the sandy coastline (Lodder & Slinger, 2022). Since 1990 more than
300 nourishments have been done, making it one of the most nourished coasts globally (Brand et al.,
2022). The current policy is part of the Delta programme of the Netherlands, which is taken care of by
the Dutch Ministry of Infrastructure and Water Management and executed by Rijkswaterstaat (Glas,
2023). To predict the effects of dredging, nourishment, and natural processes involving sediment, a
large history of sediment transport theory and models have been developed over decades. Present day
predictions of sediment transport still have their limitations, because of the complexity of hydrodynam-
ical processes and the empirical nature of equations in this field of research (Bosboom & Stive, 2021).
This is why although simple cases of sediment transport can be modelled, complex cases take more time
to model or are too computationally expensive to be modelled at all.

1.2. Regular shoreline maintenance
The existing options for dynamic coastline preservation by sand nourishments consist of beach nourish-
ments, shoreface nourishments and channel wall nourishments (Brand et al., 2022). Of these measures,
shoreface nourishments are the cheapest, but beach nourishments are still to be considered based on
morphology, the local setting and the purpose of the nourishment (Brand et al., 2022). The placement
of such nourishments is based on theory about cross-shore and longshore sediment transport.

For cross-shore transport, summer-winter seasonality (Wright & Short, 1984) explains that sand
lost after storms in the winter is not lost forever, but just moved to the foreshore. During the calmer
months, like in the summer, this sediment moves towards the coast again to build up the coastline again
resulting in a yearly cyclic behaviour. Increase of the water level by sea-level-rise has a different effect
on the cross-shore profile, which is described by Bruun rule (Bruun, 1954, 1962). This rule explains
that the cross-shore profile tends to move landwards with sea-level-rise, but because cities are often
built very close behind the dunes that is not possible. As a result, maintenance of the Dutch coastline
mainly consists of supplying sediment to the active coastal zone that the dune profile can adapt to
sea-level-rise (Lodder & Slinger, 2022).

Longshore transport of sediment is caused by the fact that waves coming in to the coast from an
angle will cause a force on the sediment in alongshore direction. The angle at which waves come in
is not always the same, such that the longshore transport is the residual effect of the waves over time
resulting from the local wave climate. For the Dutch coast this causes that sediment supplied by rivers
moves in northwards direction by alongshore transport like a conveyor belt. This concept was also used
in the Sand Motor project (Stive et al., 2013), where a large nourishment (> 20Mm3) was done at a
specific location making longshore transport distribute the sediment along the Delfland coast over time.

1



1.3. Tidal inlets 2

1.3. Tidal inlets
Between many stretches of sandy coastline there are interruptions that connect the sea to basins behind
the coastline, which together are called tidal inlets. Tidal inlets were formed during post-glacial periods
by sea level rise flooding low-lying areas (Bosboom & Stive, 2021). These gaps in the shoreline exchange
water and sediment with the basin behind the shoreline and are prevented from closing by tidal currents.
Currents and main components
Under the influence of ebb and flood the water level in the basin changes over time constantly drying
and flooding areas in the basin called tidal flats. As currents can not flow over dry areas during ebb
there is a distinctions in residual currents that shoals and tidal flats are generally flood-dominant in
contrary to channels that are generally ebb-dominant.

In Figure 1.1 a sketch is shown of an example of a tidal inlet system. The system mainly consists
of tidal flats and channels defining an ebb-tidal delta at the sea-side and a flood-tidal delta at the
basin side, which are connected by a tidal gorge in between. The basis of how these elements work is
that flows going into the gap accelerate that they can come from all angles, but when going out of the
gap velocities are high that the flow forms a more straight jet. As a result the ebb-tidal delta shows
marginal flood channels (Fig. 1.1, [1]) near the coastlines and a deeper ebb channel that is in the center.
The other areas of the ebb-tidal delta consist of shallows that causes waves from the sea to break and
shelter the basin (Fig. 1.1, [4,5]). In the flood-tidal delta currents will flood the tidal flats (Fig. 1.1
, [6]). Waves that do get into the basin will propagate mostly through the channels by what is called
channeling (Bosboom & Stive, 2021). During ebb water levels drop that currents will be mainly in the
ebb-dominant channels.

Figure 1.1: Sketch of the morphological elements of a tidal inlet based upon a photo from an inlet near Sheep Island,
North Carolina (2016 imagery from NC OneMap Geospatial Portal (2020)). The lower part of the figure shows a

cross-section of the depth variation along the inlet. From Bosboom & Stive (2021).

Empirical relationships
Shore maintenance for tidal inlets is less simple than for regular shorelines. The forces of wind, waves and
tides causes complex 3D current patterns in the system that the relations we use for normal coastlines
are not applicable. For this reason most of the formulas developed for tidal inlets are empirical. More
recent works use computational models that can better describe the processes, but have computational
limitations in space and time resolutions.
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Some of the first works were done by Escoffier (1940) determining how stable the existence of a
tidal inlet is and O’Brien (1931, 1969) determining a relation between the tidal prism and inlet cross-
sectional area. The tidal prism is a valuable characteristic to define tidal inlets being the amount of
water entering the basin during flood and leaving during ebb (Bosboom & Stive, 2021). This has been
defined in most works using the geometry of the basin in combination with the tidal range (Elias et al.,
2019).

Another empirical relationship is that between the tidal prism and ebb-shoal volume by Walton Jr
& Adams (1976). Increasing the basin area due to sea-level-rise, called the accommodation space, will
cause extra sediment to be imported into the basin due to the basin trying to maintain equilibrium
volume (Ranasinghe et al., 2013). In (Elias & van der Spek, 2006) this causes the Wadden Sea to take
sediment from the ebb-tidal delta and the beaches surrounding the tidal inlet and in (Zhang et al.,
2004) it made it not possible to apply Bruun rule in almost 70% of their 220km study area. Conceptual
models and empirical formulas have been developed over time, but as a shortcoming they often lack
descriptions of the underlying physics, which are essential for understanding for human interventions
at a smaller scale (Elias & van der Spek, 2017). These coastal systems are found in many areas in the
world (Mulhern et al., 2017) that will be influenced by sea-level-rise and increased storm activity caused
by climate change. Better understanding is expected to become increasingly important to keep their
function as coastal defence.

To understand the processes leading to these results the morphology of the ebb-tidal delta takes a
major role. Being at the most active part of the system the sediment stored in this part participates the
most in sediment exchanges happening in and around the system (Elias et al., 2019). The main process
of sediment traversing from the updrift to the downdrift island of the tidal inlet is called Sediment
bypassing. Bruun & Gerritsen (1959) were one of the first to use the concept of sediment bypassing
to understand the patterns of shoals and channels on the ebb-tidal delta (Elias et al., 2019). They
noticed the ratio between longshore sediment transport and tidal inlet currents is of influence on the
way sediment traverses the tidal inlet. This ratio determined two mechanism, which are flow bypassing
and bar bypassing. In Figure 1.2 both the sediment drift and wave-driven currents entering over the
shoals and returning through the channels are shown to visualize bar-bypassing on the outer delta. In
case of flow bypassing sediment follows the channel.

Figure 1.2: Sketch visually explaining the concept of sediment bypassing by shoal migration from (Bosboom & Stive,
2021).

Various other conceptual models were developed to explain the variability of shoals on tidal inlets.
Some that are used a lot are Davis & Hayes (1984) who determined a relation classifying the inlet
morphology using the relative importance of wave versus tidal energy. Also for mixed-energy coasts
FitzGerald et al. (1978) used the relationship between the stability of the inlet throat and the movement
of the main ebb-channels to created 3 conceptual models for sediment bypassing. These are inlet
migration and spit breaching, stable inlet processes and ebb-tidal delta breaching.
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Sediment transport:
More recent research has the availability of a lot more tools to analyse the behaviour of the shoals and
the corresponding sediment transport. For example Ridderinkhof et al. (2016) used satellite images to
analyse changes of shoals in the ebb-tidal delta seawards of Osterems. Other research using process-
based numerical models has found the bypassing mechanism from Bruun & Gerritsen (1959) as different
pathways of sediment transport. Herrling & Winter (2018) show a classification of 3 possible sediment
bypassing mechanisms that can be seen in Figure 1.3. The flow-bypassing by the main channel (A) and
bar-bypassing by the outer delta (C) were again found, but also a mechanism of sediment recirculation
(B). These mechanisms were shown to be different for different sediment sizes as shown in Figure 1.4.
For Otzum ebb-tidal delta and Texel inlet it was seen that the process of sediment recirculation is
dominant (Elias et al., 2019). This means that for some tidal inlets sediment may not bypass to the
downdrift side of the tidal inlet.

Figure 1.3: Sediment bypassing mechanisms by Herrling & Winter (2018).

Figure 1.4: Example different sediment sizes influencing bypassing mechanisms by Herrling & Winter (2018).

In Elias et al. (2019) the large documenting history of Ameland inlet was used to analyse the
bypassing processes happening. From this it was found that for a full conceptual model of tidal inlets a
scale-cascade model using the concept of De Vriend (1991) gives a useful structure to help understand
changes in the system. In Figure 1.5 this scale-cascade model for Ameland inlet is shown. Four different
levels were recognised being the Wadden Sea, the tidal inlet system, the ebb-tidal delta and individual
shoals. Different scales can interact with each other that the small scale individual shoals can cause
the larger scale main ebb-channel to switch. The opposite also happens that at the baisn scale land
reclamations and levee building since 1600 CE have caused the tidal divides to move eastwards, but
the inlet was prevented to move the same way. As a result the inlet gorge at the ebb-tidal delta scale
moved eastwards.
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Figure 1.5: Dynamics of Ameland inlet over different scales from (Elias et al., 2019)

1.4. Sediment pathways
In recent years much research has been done on the topic of tidal inlets. As part of the Dutch research
programme Kustgenese 2.0 (Lodder & Slinger, 2022) Pearson et al. (2020) made big steps in under-
standing the underlying physics of sediment transport in tidal inlets by describing the system in terms
of connectivity and the development of the Lagrangian model SedTRAILS (Pearson et al., 2023).

We learned from that, that dividing the complex system into a network of nodes and links gives a
quantitative framework to analyse the sediment transport patterns in the system. Connectivity in the
system was found to be a function of sediment grain size identifying major bypassing paths across the
tidal inlet (Pearson et al., 2020).

SedTRAILS is a Lagrangian model that uses hydrodynamic data and computes sediment pathways
(Pearson, 2022). Lagrangian models are different from Eulerian models in that they follow the particles
and calculate trajectories from the forces acting on these particles. These sediment pathways describe
the position of particles released at different areas acting as sources in the model. This information can
be put into a connectivity network, which gives a description of tidal inlets that can be analysed using
various mathematical techniques that are available for networks including graph theory.
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1.5. Markov chains
The connectivity network divides the system into some defined areas and tracks how many particles are
in which area in comparison to the area the particles started in. Another representation of the sediment
pathway data is in the form of an adjacency matrix. This type of matrix describes the pathways of all
particles in the system by putting in the rows the source areas of the particles and in the columns the
position of those particles at that moment in time (Pearson et al., 2020). When instead of the amount
of particles probabilities are calculated a transition matrix is obtained that mathematically is equivalent
to a Markov chain. Markov chains are discrete state Markov processes (Ibe, 2013) that describe one
or multiple random variables in which each state only dependent on the state before it (Everitt, 2006).
This is also called the Markov property.

Having the transitions as probabilities creates a lot of opportunities to describe the system using
probability, which can be used to create a probabilistic model of the system. One of the biggest
advantages of probabilistic models is that they do not need to describe the exact processes, which is
why a probabilistic model of the system using Markov chains is expected to be much faster than how
SedTRAILS can predict sediment pathways currently. Other advantages can be found in how often
results in terms of probability are desired. Input parameters like the wave climate can have uncertainty
in itself, which would be easier to implement into a probabilistic model than a deterministic model. Also
for engineering purposes results are expected to include some uncertainty that having a probabilistic
model could directly include those effects that can not be computed deterministically.

1.6. Research questions and objectives
To approach this the main research question in this thesis is defined as the following:

How can we use sediment pathways data of complex tidal systems to create a probabilistic model that
can make fast and accurate estimates of those pathways using Markov chains?

To answer this the first 2 research questions go into how to create the model by explaining the type of
model chosen and the steps that are necessary to get to that model:

RQ1: What type of probabilistic model could be made for sediment pathways by using Markov chains?

RQ2: What processing steps are necessary to create the probabilistic model?

The last 2 research questions tie the thesis back to the main research question by looking at the accuracy
and computational speed of the obtained model and compare it to the original sediment pathways model
used SedTRAILS:

RQ3: How accurate are results of the probabilistic model in comparison to SedTRAILS results?

RQ4: How fast can the probabilistic model compute results compared to SedTRAILS?

1.7. Outline
This thesis will first in Chapter 2 bridge the knowledge gap between readers experienced with the relevant
probabilistic models for this thesis and those who are not. Next Chapter 3 will discuss the methodology
for developing the probabilistic model using Markov chains of Ameland tidal inlet. This includes
the steps: schematizing the wave climate, modelling the hydrodynamics with Delft3D, transforming
the hydrodynamic data with SedTRAILS to obtain a synthetic database of sediment pathways and
developing the probabilistic model from that data. In Chapter 4 the obtained model will be compared
for different settings for the model. In Chapter 5 the results are discussed to analyse how the model
performed in terms of strengths and limitations the model has to discuss the opportunities this will
bring for future research. In Chapter 6 a conclusion will be made answering the research questions that
were defined.



2
Theoretical background: probabilistic

models

This chapter is to bridge the gap between readers that are not very experienced with probabilistic
graphical models and readers that are. Most of the theory is based on (Murphy, 2002), which is why
for a more extensive coverage of Dynamic Bayesian Network (DBN) models the reader is recommended
to read that thesis. Especially for the last section there are more algorithms that were not discussed
for brevity.

First will be discussed how probabilistic models are different from process-based models. After that
probabilistic graphical models will be explained by covering Bayesian Network (BN) and Markov Chain
(MC). The following State-Space Model (SSM) will be a different group of models with latent variables,
which will discuss the specific example of a Hidden Markov Model (HMM) and how it can be described
as a DBN. The last section will discuss for probabilistic graphical models the general concepts of the
algorithms to learn parameters and obtain information from the model using inference.

Some of concepts in this chapter are very theoretical that the connection to sediment transport can
be difficult to grasp. For those it may be mentioned that this connection becomes more clear in Chapter
3 explaining the methodology. Any reader that has a good understanding of the topics of this chapter
may also continue to that chapter immediately.

2.1. Process-based vs probabilistic
To estimate sediment transport pathways in complex coastal systems, we want to use a probabilistic
method to get a model that is faster and can handle stochastic variables more efficiently than the
existing process-based models available.

Existing models for sediment transport in tidal inlets can be classified into process-based models,
aggregated (semi-) empirical models and idealised models which are simplified process-based models
(Ranasinghe, 2020). Some examples of these models are the idealised model of Schuttelaars & de Swart
(2000), the process-based models Delft3D (Elias & Hansen, 2013) and the aggregated (semi-) empirical
model ASMITA (Wang et al., 2020). An overview of many other sediment transport models can be
found in (Hoagland et al., 2023). Ranasinghe (2020) mentions that there is a need for new models in
that the existing process-based models are only accurate for simulation times of less than 5 years and
that highly aggregated models lack providing much insight into the processes governing morphological
evolution.

Beside the increase in computational power a new generation of models was also mentioned that
there is a demand for probabilistic models for risk informed coastal management (Jongejan et al., 2016;
Wainwright et al., 2015). Also for the input of variables it was mentioned by Pearson (2022) that wave
forcing, morphodynamic feedbacks, sensitivity of initial conditions and climate change are of a stochastic
nature that probabilistic modelling approaches are a promising way forward. In Hirschberg et al. (2011)
the importance of uncertainty information is also mentioned for weather forecasting showing that this
information is of importance. Some work has already been done on probabilistic models for sediment

7
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transport. For fluvial sediment transport Schmelter et al. (2012), Schmelter et al. (2011), and Schmelter
& Stevens (2013), Schmelter et al. (2015) developed a Bayesian model for sediment transport. More
recently Kroon (2024) analysed uncertainties in predicting large-scale interventions in the coastal zone.

These methods have in common that they take into account uncertainty by making variables in
the process-based model stochastic to get probabilistic results. As a way to get the uncertainty of
results these methods are good for validity, but to speed up computations a different representation of
the system would be needed. That is where in this thesis the connectivity description of SedTRAILS
comes in. Where the other methods could be seen as a bottom up approach taking into account
the uncertainty of initial variables to compute the uncertainty of the final variables, the connectivity
approach can be seen as more of a top down approach by computing the sediment particle pathways
and obtaining probabilities when describing those pathways using connectivity. In that matter there
could be here a trade-off between the two methods of creating probabilistic models in terms of validity
and computational speed.

2.2. Probabilistic graphical models
To describe dependencies between random variables in our model we will use what is called a probabilistic
graphical model. This is a type of model that can be seen in Figure 2.1 consisting of vertices, which
are also called nodes or points, connected by edges, which are also called links or lines. The vertices
represent the states of the system being the random variables, while edges represent dependencies within
the system that are described using Conditional Probability Distribution (CPD). This representation
we can also call a graph and this terminology is directly from the mathematical field of graph theory.
The connectivity description of sediment pathways by SedTRAILS is also a graph, which explains why
a probabilistic graphical model is a logical choice for the model.

Figure 2.1: Example probabilistic graphical model of a BN showing the edges and nodes

The basic idea of these type of models is that by using a prior distribution of a random variable and
the CPD relating it to another random variable, you can get the joint probability distribution of both
random variables. When there is a description of the joint probability distribution of the full system,
obtaining the probability distribution of any random variable in the system is a matter of marginalizing.

2.2.1. Bayesian networks
The most basic form of a probabilistic graphical models is a Bayesian Network (BN). In this case the
network describes dependencies between random variables in the system without time playing any role.
The network is Bayesian in that this model uses Bayes rule shown in Equation 2.1 to compute the
joint probability distribution P (B ∩A), but for all the random variables in the network. By this same
equation also the probability of a variable given some evidence can be obtained by calculating P (A|B)
when B is the evidence.
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P (A|B) = P (B ∩A)
P (B)

= P (B|A)P (A)
P (B)

(2.1)

This type of model is used by many fields to describe causal dependencies between different random
variables in a system. The structure of such systems can be learned from data describing the parameters
of interest (Ekanayake & Zois, 2022). A common example is that from the medical field determining
the relations between symptoms leading to a disease. Symptoms in such a system would be the discrete
random variables that can have a value true or not true. When there is evidence of a symptom the
probabilities in the system are updated to take into account the confirmed information about the
system. For sediment transport we would want these to be variables that are naturally stochastic like
wave climate parameters or the effect of sea level rise.

The relations in a BN are causal in that they only have to go in one direction and have no directed
cycles. The graph being directional in this way gives the advantage that from the structure it can be
seen which sets of variables are independent of other sets of variables. A criteria called d-separation
also helps with this definition by inspecting which sets of variables are independent given a third set
(Pearl, 1988). In Figure 2.1 an example of a BN was shown. It can be seen that if edge B to A was the
other way around there would be a cyclic structure, which would result in a system that is not a BN.

2.2.2. Markov chains
A different form of probabilistic graphical model can be created by using Markov Chain (MC). Markov
Chain consist of one or multiple random variables of which the states show the Markov property (Ibe,
2013). This property says that every state in the system only has limited memory. In the case of the
strong Markov property this means that each next state is only dependent on the current state shown
in equation 2.2. This assumption may not be true for all processes, but for processes varying in time
this is often a good assumption.

P (Xn+1 = x|X1 = x1, X2 = x2, ..., Xn = xn) = P (Xn+1 = xn+1|Xn = xn) (2.2)

Different from BN Markov Chain does allow cyclic structures to describe a system. This is useful for
physical systems like sediment transport as transitions are possible by allowing sediment particles to
stay in one area or to return to an area depending on the forces acting on it.

A Markov chain can be visually described by a state transition diagram. In Figure 2.2, two examples
of transition diagrams representing one random variable with three possible states are shown. In both
examples a cyclic structure can be seen, but over time they behave quite differently. In the left example
states A,B and C are recurrent that over time they can keep happening, but if p > 0.5 in the full system
the probability of state C to occur will be higher than state B and the probability of state B to occur
will be higher than state A. In the right example it can be seen that states A and B are only transient
before going to state C being the recurrent state. The definitions of recurrent and transient states can
also be described mathematically with the descriptions below:

• Recurrent states: P (Ti < +∞|X(0) = i) = 1
• Transient states: P (Ti < +∞|X(0) = i) < 1

Figure 2.2: Two examples of Markov chains as state-transition diagrams. The left example shows a system with only
recurrent states in contrary to the right example showing a system in which nodes A and B are transient states and

node C is the only recurrent state.
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To describe all the different transition probabilities from a state transition diagram they can be
written more mathematically and compact as a matrix. The obtained matrix is called a transition
matrix like shown in equation 2.3. The rows of the transition matrix represent the current state and
the columns give for each row the probabilities of where it can end up at the next time step. As a result
each rows sums up to a probability of one. Using an initial probability distribution between the nodes
of the system the transition matrix can repeatedly be applied to find the probability distribution over
the system in the next time steps.


x1
x2
...
xn



p11 p12 . . . p1n

p21 p22 . . . p21
...

... . . . ...
pn1 p2n . . . pnn

 =


y1
y2
...
yn


(2.3)

Like with a BN a model can be made to describe the relations between multiple random variables
using Markov chains. Such a system is called a Markov random field or Markov network. Different from
a BN the edges in a Markov random field are undirectional allowing cyclic structures. As a consequence
the joint probability distribution is also differently described by Equation 2.4 (Murphy, 2002). In this
equation the ψ represents potentials between random variables and Z is a normalisation factor.

P (x) = 1
Z

∏
C∈C

ψC(xC)

Z =
∑

x

∏
C∈C

ψC(xC)
(2.4)

To describe sediment transport pathways in the complex system of a tidal inlet using a Markov
random field, the connectivity approach developed by Pearson (2022) can be used. It was suggested to
use the method of ensemble modelling by running the Lagrangian model SedTRAILS multiple times for
different hydrodynamic conditions and create a transition matrix using those conditions. By analogy of
the Snakes and Ladders example by Althoen et al. (1993), this could be used to create a state absorbing
Markov chain in discrete time. An absorbing Markov chain is a Markov chain in which every state can
reach an absorbing state, which is a state that once entered cannot be left.

An ecological example of using Markov chains for connectivity can be found in Bacher et al. (2016).
Different from the suggested method they used an Eulerian approach to create the transition matrix.

2.3. State-space models
State-Space Model (SSM) are different from probabilistic graphical models in that they always include
some underlying hidden states. Having hidden states in the system gives the advantage that variables
can be included in the system that are desirable to know but can not be measured (Murphy, 2002).

2.3.1. Hidden Markov models
Very common SSM are Hidden Markov Model (HMM) and Kalman Filter Model (KFM). The KFM is
not explained here as the research for this thesis was mainly focused on Markov models. The structure
of an HMM can be seen at the left side in Figure 2.3. The upper row of the HMM shows the hidden
states A,B and C behave as a Markov chain, which causes some the observed states 0 and 1 to happen.
The transitions between the hidden states are described using a transition matrix like in the Markov
random field before. The relations between hidden variables and observed variables are described using
an emission matrix, which is a conditional probability distribution. Similarly to the transition matrix
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each row of the emission matrix has to sum up again to one, but as the latent variables are the rows
and the observed variables are the columns this matrix does not have to be square in shape.

The observed values allow extra information to be added to get better estimate of the sequence of
hidden states described by the transition matrix. The obtained model this way can be used in various
ways which are classified by the term inference. Some examples of inference are computing the most
likely sequence of hidden states and both hind- and forecasting observations.

2.3.2. Dynamic Bayesian networks
A different way to describe the HMM structure is by using the Dynamic Bayesian Network (DBN)
structure at the right side of Figure 2.3. Like a BN, a DBN describes causal relationships between
random variables in the system that the edges only go in one direction. As a difference, DBN do change
in time by repeating the BN structure for each time step. Most state-space models can be described as
a DBN giving the advantage that structure changes can be made that algorithms can easily be chosen
to adapt to these changes (Murphy, 2002). Similarly to the BN, the joint probability distribution of the
DBN can be described by adding the time dependency as another product resulting in equation 2.5. In
this equation Pa(ZT

i ) are the parent nodes of Zi
t .

P (Z1:T ) =
T∏

t=1

N∏
i=1

P (Zi
t |Pa(Zi

t)) (2.5)

Figure 2.3: Example structure HMM as DBN. π represents the initial distribution of variable x at t = 1, A represents the
conditional probabilities of transitions from Xt to Xt+1, B represents the conditional probabilities describing the

relation between X and Y and π represents the initial probability distribution of X.

2.4. Inference and learning for probabilistic graphical models
So far only descriptions of the different types of models were discussed, but to use probabilistic graphical
models some algorithms are necessary.

The first type of algorithms are for inference, which is the process of drawing conclusions about a
population by using observations of a sample of individuals from that population (Everitt, 2006). For
probabilistic graphical models this practically means all the methods to compute the probabilities of
a set of query variables XQ given some evidence XE . Using Bayes rule this is done by computing the
conditional probability distribution as described in equation 2.6.

P (XQ|XE) = P (XQ, XE)
P (XE)

(2.6)
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Having a description of the joint probability distribution of the full system inference mainly consists
of the process of marginalizing joint distributions (Murphy, 2002). There are many types of inference,
which are: filtering, smoothing, prediction, control, Viterbi decoding and classification (Murphy, 2002).
The goals of these methods are different, but they are all variations to the main method for inference
that will be discussed in the next section.

There is also the distinction between exact and approximate inference. Approximate inference is nec-
essary for large structures like grids as in this case exact inference may quickly become computationally
expensive (Murphy, 2002).

The second type of algorithms necessary are for learning. There are two types of learning, which
are structure learning and parameter learning. Structure learning is less important for this thesis, but
the general concept of it is that the structure of a probabilistic graphical model can be learned from a
dataset by first assuming all variables are connected and finding the zeros in the system. When not
all the Conditional Probability Distribution (CPD) in the system are known parameter learning can be
used that for given data determines the parameters for the system that gives the maximum likelihood
or the maximum a posteriori of the model. For learning algorithms inference is a subroutine making it
more computationally expensive than inference.

2.4.1. Exact inference
There are two main methods to do exact inference on a probabilistic graphical model. The first method
called variable elimination does this by using the description of the joint probability distribution of the
system and repeatedly ”eliminate” a node from the system by marginalization. In a system with N
nodes this computation takes O(N) time, but to do this computation for each of the N nodes it would
take O(N2) time (Murphy, 2002). The second method reduces computing the marginals of all the nodes
to O(N) time by storing the terms calculated from ”eliminating” nodes to re-use them for computing
the other marginals. This is done by turning the system into a junction tree data structure and using
a method called message passing to compute all the marginals of the system. To make these methods
clear, they will be discussed in more detail including a simple numerical example.
Variable elimination
For variable elimination of a BN the joint probability distribution can be described by Equation 2.7. In
this equation P (X1, ...XN ) is the joint probability distribution of all N random variables in the system.
P (Xi|Pa(Xi)) is the probability of a random variable i given the parent nodes node(s) of that variable.
For example in Figure 2.1 node D only has one parent being node C, but node C itself has two parents
being nodes B and E.

P (X1, ..., XN ) =
N∏

i=1
P (Xi|Pa(Xi)) (2.7)

To marginalize variables have to be summed out, which is described by Equation 2.8. Summing
out a variable is done by summing the different states of that random variable in the conditional or
joint probability table that, that variable is not present anymore in that distribution. The sum for
each elimination can be put into separate λ structuring this process. The order in which variables are
summed out affects how computationally expensive this calculation is. Finding the optimal order is a
separate problem most of the time taken care of by the software used. less important for this thesis,
but is extensively discussed in Murphy (2002).

P (X1) =
∑

X2,...,XN

P (X1, ..., XN ) (2.8)

In Huang & Darwiche (1996) it was addressed that some of the explanations of these methods can be
difficult to understand. For that reason in this thesis the choice was made to explain variable elimination
by means of Example 2.4.1 on the next page. To stay close to the specific structures considered in this
thesis, we continue from Figure 2.3 by choosing the HMM as DBN unrolled for 3 time steps for the
example. Also random variables are kept simple by giving them only 2 possible states.
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Example 2.4.1: Calculating P (X1|Y2=1) for a HMM by using variable elimination

For this example of variable elimination Figure 2.4 shows an HMM structure for 3 time slices
with 2-state random variables. The values for P (X1) and the CPD were arbitrarily chosen.
Writing out the joint probability distribution for this structure gives Equation 2.9.

P (X1, X2, X3, Y1, Y2, Y3) = P (X1)P (Y1|X1)P (X2|X1)P (Y2|X2)P (X3|X2)P (Y3|X3) (2.9)

It was chosen to compute P (X1, Y2 = 1), which is the probability distribution of variable X1
given the evidence variable Y2 = 1. In equation 2.10 it can be seen that variables are summed
out only over terms that include that variable starting from the right side. Generally terms that
are summed out without influence of the evidence will sum to 1 not affecting the solution. For
the evidence it is different that only the terms of the evidence are used for summing giving a
result that is not equal to 1.

P (X1, Y2 = 1) = P (X1)
∑
Y1

P (Y1|X1)
∑
X2

P (X2|X1)
∑
Y2=1

P (Y2|X2)
∑
X3

P (X3|X2)
∑
Y3

P (Y3|X3) (2.10)

Figure 2.4: Example of an HMM with some arbitrarily chosen discrete random variables, each being able to only
take on values of 0 or 1 for simplicity. P (X1) in this representing node X1 and the conditional probability

distributions representing the edges of the model.

To make the computation more efficient each sum term is put into a term λ. The subscript first
shows what variable is summed and after the arrow shows what variable it will be summed next.
Underneath the computations for the different lambda terms and the final result P (X1|Y2 = 1)
are shown.
λY3→X3(X3) =

∑
Y3
P (Y3|X3) = [0.9 + 0.1 0.5 + 0.5] = [1 1]

λX3→X2(X2) =
∑

X3
P (X3|X2)λY3→X3(X3) = [1 ∗ (0.2 + 0.8) 1 ∗ (0.7 + 0.3)] = [1 1]

λY2→X2(X2) =
∑

Y2=1 P (Y2|X2) = [0.5 0.4] = [0.5556 0.4444]
λX2→X1(X1) =

∑
X2
P (X2|X1)λX3→X2(X2)λY2→X2(X2)

= [1 ∗ 0.5556 ∗ 0.6 + 1 ∗ 0.4444 ∗ 0.4 1 ∗ 0.5556 ∗ 0.1 + 1 ∗ 0.4444 ∗ 0.9]
= [0.5112 0.4556] = [0.5288 0.4712]
λY1→X1(X1) =

∑
Y1
P (Y1|X1) = [0.2 + 0.8 0.5 + 0.5] = [1 1]

P (X1, Y2 = 1) = P (X1)λX2→X1(X1)λY1→X1(X1)
= [0.3 0.7][0.5288 0.4712][1 1]
= [0.1586 0.3298] = [0.3247 0.6753]
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In the example some of the lambda terms are normalised, but that was just a choice to prevent
rounding errors by numerical underflow (Huang & Darwiche, 1996). Normalizing can also be done at
the end, which represents the denominator step in equation 2.6.

The summing out of variables to marginalize the joint probability distribution of the system has
also been called the sum-product algorithm, when instead the max-product is used it results in Viterbi’s
algorithms computing the most likely sequence of states.
Junction trees and message passing

The second method turns the model into a junction tree data structure and use message passing
to do the inference. For a HMM this is similar to the forward-backward algorithm (Murphy, 2002).
Determining the marginals of the system is called sum-product message passing also better known as
belief propagation.

The general concept of message passing is that messages are collected from the outer nodes, also
called the leaves of the probabilistic graphical model, and will propagate towards a node that is chosen
to be the root of the model. After that messages are distributed again from the root back to the nodes
that makes sure that every node in the model is affected by possible evidence anywhere in the system.
This can also be seen in the example of a junction tree for a HMM in Figure 2.5 by first the normal
arrows collecting evidence to the root at node X2X3 followed by the dotted arrows distributing the
messages back to the leaves. A limitation of this method is that in case of loops message passing is not
exact. Creating a junction tree from the probabilistic graphical model has the function to turn a model
that contains loops into a tree structure.

Figure 2.5: Example of message passing/belief propagation on the junction tree for a HMM. Messages are first passed by
the normal arrows to the chosen root node X2X3 and after that the messages are distributed back by the dotted arrows.

The junction tree structure is that of a factor graph consisting of round nodes having sets of nodes
of the original structure and square factor nodes representing connections between those sets of nodes.
There are many methods to create a junction tree that optimization is important for the fastest com-
putational speed. For this thesis the way to find the most optimized junction tree is of less importance,
but for understanding of the algorithms for this process can be found explained in (Murphy, 2002). For
a HMM and ARHMM examples of junction trees are shown in Figure 2.6. It can be seen that in the
case of a HMM in Figure 2.6a the junction tree structure is less effective only combining sets of 2 nodes
than in the case of a Auto-regressive Hidden Markov Model (ARHMM) in Figure 2.6b where sets of 3
nodes can be combined.

(a) HMM with a possible junction tree.
(b) ARHMM with a possible junction tree. Dotted lines are

from the moralizing step to create the junction tree.

Figure 2.6: Junction tree examples
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What a junction tree does is in fact encode the data structure before using belief propagation on it.
For the message passing this has the consequence that the definition of the joint probability distribution
of the system changes into equation 2.11 (Huang & Darwiche, 1996). The ϕx in this equation are the
belief belief potentials of sets of parameters and the ϕs are the belief potentials of the factor nodes. For
a more in depth mathematical explanation see (Murphy, 2002) and in (Huang & Darwiche, 1996) an
elaborate example of message passing can be found.

P (U) =
∏

i ϕxi∏
j ϕsj

(2.11)

2.4.2. Approximate inference
In computer science the computational expense can be expressed in terms of the millennium problem
P vs NP (Cook, 2000). Problems that are P can be solved in polynomial time being problems that if
such a problem is not solvable at the moment the steady increase of computational power of computers
over the years will eventually be able to solve it. Problems that are NP are not that easy to solve that
increase in size generally means a fast increase in computational expense. Exact inference is #P-hard,
which is harder than NP-hard making it necessary to approximate solutions using approximate inference
(Murphy, 2002).

The most common method of Approximate inference is Loopy belief propagation, which applies belief
propagation to the original graph even if it has loops in the structure. This gives a risk of double counting
information and the solution not converging or converging in the wrong solution, but in practice is seen
to often work well (Murphy, 2002).

2.4.3. Learning
Learning parameters is a step necessary for most state-space models as having no measurements of
the hidden states also comes with limited knowledge about the dependencies between those hidden
states. Two option discussed in (Murphy, 2002) are gradient descent and Expectation Maximization.
The difference between these methods is that gradient descent when using maximum likelihood tries to
minimize the gradient explicitly in contrary to EM trying to minimize the gradient implicitly. Again a
more elaborate explanation on these methods can be found in (Murphy, 2002) and other sources.



3
Methodology

The goal of this thesis is to see if a probabilistic model can be made using Markov chains that estimate
sediment pathways like SedTRAILS and if it does that in a faster way. To create a probabilistic model
of the system the following questions had to be answered:

1. Data: Which and how much data is needed for the probabilistic model?
2. Model components: How to transform this data that it can be used in the probabilistic model?
3. Model creation: How to create the probabilistic model from the chosen data format?
4. Validation: How well does the model perform?
These questions resulted in the following framework for the model shown in figure 3.1. Most of

these steps have been applied, but due to time constrains and some limitations in the Python packages
some alternative to the learning step had to be chosen and instead of a validation a verification was
done. There is great promise in the method that adapting the flow chart to these changes was omitted.
Some mention will be made of how these steps could have been done, but those changes will be mostly
discussed in Chapter 5.

Figure 3.1: Flow chart for data preparation and developing the final model. Due to some limitations in the Python
packages used, a distribution was chosen instead of the learning step and the validation was only done in a qualitative

way instead of a quantitative way.

3.1. Schematizing the wave climate and data choice
For the first step data was needed for the model. What data was available depended on the chosen
model area. The Ameland tidal inlet shown in figure 3.2 was chosen, which is one of the tidal inlets in
the Netherlands connecting the Wadden Sea with the North Sea. This tidal inlet has been extensively
studied as part of the SEAWAD and Kustgenese 2.0 projects (van Prooijen et al., 2020), which is why
there was already a Delft3D model available that just had to be adapted for the different hydrodynamic
conditions.

16
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Figure 3.2: Site overview Ameland inlet. (Pearson et al., 2019)

Probabilistic models do not have descriptions of the physical processes, which is why to make
this type of model we have to take into account all the different conditions the system can be in.
The available software to compute sediment pathways SedTRAILS uses hydrodynamic data, which is
why the hydrodynamic model Delft3D was used to first make a representation of the hydrodynamic
conditions the system can be in before transforming these conditions to sediment pathways.

There is a lot of experience in describing the hydrodynamics an areas can be in for designing hydraulic
structures like breakwaters and oil platforms. For this reason many methods already exist to describe
the different hydrodynamic conditions an area can be in, which is done by determining the wave climate
of an area. Like a normal climate, a wave climate describes the weather conditions over a long period of
time, which is why it is based on very long time series from measurement stations. Processing so much
data to do any calculations that need the wave climate would not be computationally feasible, which is
why generally an input-reduction technique is used to make a wave climate schematization.

A good wave climate schematization describes the wave climate to the same effect as the big dataset
does, but with less data. There are many ways to do a wave climate schematization (Antolínez et al.,
2016; Benedet et al., 2016). For this thesis the wave climate schematization shown in figure 3.3 was
chosen, that was already made for the Ameland tidal inlet area. This wave climate schematization
considers the significant wave height (Hm0), the peak wave period (Tp), the wave direction (Dir),
the setup, the wind velocity (Uwind), the wind direction (Dirwind) and gives each wave condition a
percentage weight. To create this wave climate schematization De Fockert (2008) used the data from
measurement station Schiermonnikoog Noord (SON) over 1989-1999 and reduced 126 wave conditions
to 12 using a morphological wave climate as described by Latteux (1995). The leftover 1.16% of this
wave climate represents the cases of Hs < 0.25m, which is added as a 13th wave condition without any
waves. The method to create the morphological wave climate can be summarized as that the original
wave conditions were iteratively reduced one by one, taking into account the morphological effect stays
the same by redistributing the weights of the wave conditions with each step until the 12 conditions
were left.
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Figure 3.3: Wave climate data for Ameland inlet at Schiermonnikoog noord buoy (1989-1999) as from De Fockert (2008).
On the left a table with the wave climate components, on the right a wave rose diagram with the different wave

directions of the wave climate components

3.2. Data transformation
Having a wave climate schematization Delft3D and SedTRAILS were used to compute the sediment
pathways data necessary for the probabilistic model. This was done by first running Delft3D for each
of the 13 wave conditions described by the wave climate schematization. These conditions the model
was run for a full tidal cycle of 24 hours and 50 minutes with also some extra time for spin-up effects of
the model. Choosing that time frame corresponds with the most apparent pattern in the system, being
the tide. The same period of a full tidal cycle was also chosen by De Fockert (2008) for determining
the morphological wave climate. The second step the data from each run was used to do a SedTRAILS
run giving the sediment pathways data as the (x,y) positions of each sediment particle populated into
the model for each time step in the time period of a full tidal cycle. The details of both models will be
discussed in the next subsections.

3.2.1. Delft3D
To model the hydrodynamics Delft3D version (4.04.01) from Deltares was used (Lesser et al., 2004). As
described by the user manual: “Delft3D-FLOW is a multi-dimensional (2D or 3D) hydrodynamic (and
transport) simulation program which calculates non-steady flow and transport phenomena that result
from tidal and meteorological forcing on a rectilinear or a curvilinear, boundary fitted grid” (Deltares,
2023). The program does this by solving the Navier Stokes equations for an incompressible fluid, under
shallow water and the Boussinesq assumptions when given initial conditions and boundary conditions.
There are also several other equations included in the program of which we will just use the ones to
include the effect of waves.

Waves in Delft3D are computed by coupling SWAN, a third generation wave model (Ris, 1997), with
the flow model of Delft3D. The model uses a different grid for the wave and flow simulation, allowing
the wave grid to be less fine than the flow grid. In figure 3.4 this can be seen in that the red grid for
the waves shows a mesh size (highest resolution of 500 m), in comparison to the green grid representing
the flow grid (highest resolution of 60 m).
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Figure 3.4: Grids for the flow and wave part of the model

Together with the grid the bathymetry is also necessary for the model, which was constructed from
interpolation of bathymetry measurements from 1989. This seems a bit outdated, but is not so relevant
for proving the concepts discussed in this thesis. Boundary conditions consist of a harmonic boundary
condition in the north and Neumann boundary conditions in the east and west. The bathymetry and
positions of the boundary conditions for the model can be seen in figure 3.5. Other settings involve an
uniform Manning roughness being used with a value of 0.026,

Figure 3.5: Visualization bathymetry of the flow model for the Ameland tidal inlet area. Also including the positions of
the boundary conditions of the model on the north, east and west border of the model.
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The time frame for the model is set at 4 days duration with a time interval of 1 minute. The output
of the model is every 10 minutes. The model was run for all the different wave climate components of
De Fockert (2008) wave climate for a time duration of 4 days for spin-up effects. Actual run time was
for each run between 20 and 30 minutes. For the next step SedTRAILS only uses a full tidal cycle of
data and output for the depth averaged velocity, bed shear stress, maximum bed shear stress and grid
cell surface area.

3.2.2. SedTRAILS
To model the sediment pathways the Lagrangian modelling software SedTRAILS was used (Pearson
et al., 2023). Most coastal sediment transport models use an Eulerian approach that describe fluxes
going in and out of a control volume. A Lagrangian approach is different in that the frame of reference
moves with the individual particles, taking into account the forces acting on the particle. This gives
the full trajectory of particles in the system.

The Lagrangian approach of SedTRAILS uses equation 3.1 from Soulsby et al. (2011) to advect
particles through the system. This equation calculates the mean speed of a mobile grain during a time
step Ugr by multiplying the current speed averaged over the lowest 1 m of the water column Uc with 3
different factors, which can vary between 0 and 1. Consequently Ugr can never be bigger than Uc. The
first factor F stands for the freedom factor describing if a particle is trapped or free to move. The second
factor P decides the probability that a current working on the sediment particle can actually move it.
This is done by an expression involving the Shields parameter. The third factor R is a reduction factor
on uc as once a particle is in motion, the mode of transport (i.e., bedload vs suspended load) depends
on how far it is above the threshold of motion.

Ugr = F · P ·R · Uc (3.1)

where:

F = freedom factor
P = probability a free grain is moving
R = reduction factor for the speed of a mobile grain compared with Uc

Uc = current speed averaged over the lowest 1 m of the water column

SedTRAILS computes sediment particle pathways in a few steps. In the first step the pre-processing
is done by loading the instantaneous flow velocity field, the bed level and the bed shear stress due to
waves and currents from the Delft3D data to calculate from those the sediment velocity as described
above using Soulsby et al. (2011). Some extra settings that have to be included for calculating the
sediment velocities are the sediment size and the initial freedom factor. SedTRAILS is not a mixed
sediment model in that it just computes the sediment pathways for one grain size. The sediment size
chosen for the model is 400 µm, which is relatively coarse sand for Ameland (Pearson, 2022) but in
our case favorable to to minimize the amount of particles leaving the areas that will be defined for
the connectivity network. The initial freedom factor was chosen to be 1, which means all particles
populated in the model are on the surface free to move.

In the second step the area is divided into 5 areas to create the clusters with centroids to be able to
make a connectivity network. These polygons were chosen that area 1, 2 and 3 consist of the ebb-tidal
delta and the coastal areas east and west of it and area 4 and 5 consist of the two main channels with
corresponding tidal flats in the basin. This distinction between areas is made to separate possible sinks
in the system at a coarse scale. The polygon file to create these areas can just be made using Delft3D.
Using the centroids and cluster boundaries each area is filled with sources at a resolution of 500m from
which particles can be released at any amount and any interval. These settings were set to release only
one particle at the start of the run. Figure 3.6 shows the settings so far already create the initial state
of the system. It can be seen that the amount of sources is limited as a finer grid of sources would limit
the ability for visual interpretation of the system after advection.
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Figure 3.6: SedTRAILS visualization of the Ameland tidal inlet area showing the system divided into 5 areas using
polygons. Each area shows the initial distribution before advection being populated with particles for a resolution of

500m (Pearson et al., 2023). The red dot north of area 2 corresponds to a measurement point used for later output for
showing the current velocity over the tidal cycle.

The third step the sediment particles are advected using the sediment velocities computed in the
first step. The data obtained are time series of the (x,y) positions of each particles released by each
source.

In the fourth step this data was used to visualize how the system behaves. As said before these
sediment pathways were modeled for each of the 13 components of the wave climate schematization.
In figures 3.7 and 3.8 for a very calm condition with Hs = 0.49m and a very energetic condition with
Hs = 5.88m the output for step four are shown at the end of the tidal cycle. Explaining all the output:
left top visually shows the position of each particle in the system, right top shows the system described
as a connectivity network left bottom a time series shows the current velocity at a measurement point
north of area 2 and last right bottom shows an adjacency matrix of the system. Both the connectivity
network and adjacency matrix show the strength of those transitions relative to the other components.
Something that is already very noticeable is that the adjacency matrices of both figures are very similar
suggesting that the sediment particles for both cases move in the same way, but the amount of movement
is the main difference.
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Figure 3.7: SedTRAILS output wave condition 002 after a full tidal cyle of 24 hours and 50 minutes. (a) Shows the
position of each sediment particle, (b) shows the current velocity signal at the measurement point north of cell 2, (c)

shows the connectivity network and (d) shows the adjacency matrix. (Pearson et al., 2023)

Figure 3.8: SedTRAILS output wave condition 118 after a full tidal cyle of 24 hours and 50 minutes. (a) Shows the
position of each sediment particle, (b) shows the current velocity signal at the measurement point north of cell 2, (c)

shows the connectivity network and (d) shows the adjacency matrix. (Pearson et al., 2023)
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3.3. Developing the probabilistic model
Having the sediment pathways data the next step was to develop a probabilistic model. This process
consisted of first creating a transition matrix of the full wave climate by making transition matrices of
each wave climate component and summing those components multiplied by their weights as described
by the wave climate, which we will call the Markov model. To get a more advanced model a Dynamic
Bayesian Network (DBN) model was developed to be able to add covariates to the model. A different
approach to add covariates to the Markov model was considered by using a regression model (Ataharul
Islam & Chowdhury, 2006), but the DBN approach was chosen as it was considered more flexible. The
DBN model will be explained in three sections. First the structure of the model will be explained, which
links the SedTRAILS model to the probabilistic model and classifies the DBN as an Auto-regressive
Hidden Markov Model (ARHMM). The second section will explain the programming steps done and
how the data is used to create this type of model. The last section due to time constrains instead of a
validation a verification of the DBN model is described. Also some brief mention will be made about
how this approach is different from the learning and validation step originally intended, but will be
discussed in more detail in Chapter 5.

3.3.1. Transition matrices
The connectivity description of the SedTRAILS data already gave a matrix that looks like a Markov
chain. This matrix was called an adjacency matrix, which counts the amount of particles from a source
in a receptor and takes the log of that amount to scale the axis. A Transition matrix is different in that
it describes the probability of transfer from a source to the different receptors. To get a transmission
matrix each row must only contain probabilities and the sum of each row must equal one. Making a
transition matrix from an adjacency matrix was done by first creating a version without the log and
storing the sum of each row per time step. Next the same process for the adjacency matrix is done again,
but every value in the matrix is divided by the total of the row computed earlier to make probabilities
from these values. This method assures that for any point in time we want to obtain the transition
matrix, each row will always sum up to one. Using the initial amount of sources per area for the totals
would be incorrect as particles outside the defined areas do not have a receptor to be counted in.

Figure 3.9: Transition matrices for wave climate components 024 and 118 next to the transition matrix representing the
sum of wave climate components time their weights (excluding the no waves condition)

For each wave climate component a transition matrix was made and using the weight of each
component these can be combined to a single transition matrix describing the system as a Markov
chain. In figure 3.9 the transition matrices of wave climate components 024 and 118 can be seen and
an early version of the resulting transition matrix that did not yet include the no waves condition. The
final transition matrix is what we will call here the Markov model. Having an initial distribution of the
sediment particles over the areas this matrix can be applied repeatedly to get the sediment distribution
at the next time steps. This Markov model does give some information about how the system behaves,
but as a limitation this method spreads out extreme components over a long period instead of having
it occur just with a low probability.
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3.3.2. Model structure
To improve the flexibility and applicability of the model we want to have some of the dependencies in
the model be put into separate random variables. This is also in line with the goal of the probabilistic
model to have variables that are known to be of stochastic nature to be added directly into the model.
For this reason the next step was looking how to add covariates to the model. Covariates are extra
independent variables that are expected to influence the parameter of interest (Everitt, 2006). It was
for example thought of that the wind direction could be an interesting covariate as that may influence
our variable of interest (the sediment position in the system) over time.

To look at the model in a probabilistic way it can be noticed in figure 3.10 that the population of
each area can be seen as a random variable. The transition probabilities as derived in the previous
section are determined by where does that population end up after a chosen time period. This means
the probabilities do not only depend on how these particles are advected through the system, but also
the size of the population and the shape of the cell in how it positions in the system.

Figure 3.10: Initial position of sediment particles in the system showing the probability distribution of a row in the
transition matrix is influenced by the shape and size of the cell together with the forcing working on the sediment

particles. (Pearson et al., 2023)

Using this description that the particles of each source area are random variables this can graphically
be interpreted as in figure 3.11. This representation of the system corresponds to a DBN for which we
can add covariates to the model.

Dynamic Bayesian Network (DBN) models are probabilistic graphical models that describe the de-
pendencies between random variables within a system (Murphy, 2002). This is done by describing the
system using graph theory in terms of nodes (also called vertices) connected by edges (Newman, 2003).
The nodes describe the probabilities of variables in the system and the edges describe conditional proba-
bilities. DBN are different from BN in the sense that every time step has random variables, making the
networks semi-infinite collections of random variables. Probabilities of interest can be obtained from
the model using inference. More on the basics of these models have also been discussed in Chapter 2.
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Figure 3.11: First concept of the system visualized as a DBN. In this figure A, B, C, D, E correspond to the areas 1 − 5 in
Figure 3.10. Each time step (t), a probability distribution for each parameter determines where a particle goes the next

time step.

A common structure for DBNs is that the observations of the system are caused by some hidden
states in the system. In that case the system is classified as a State-Space Model (SSM). DBN like that
are extensively described in Murphy (2002), which also mentions that some of the most common types
of SSMs are Hidden Markov Model (HMM) and Kalman Filter Model (KFM). Of these two options the
HMM was a good fit in the sense that the hidden states work very well for our system to allow us to
also estimate in what sequence the wave climate components follow up each other.

To make the connection of the model to the data, it was noticed that the transition matrix of each
wave climate component was available in our approach. This had the advantage that to create our
emission matrix we can just combine all those transition matrices in an Auto-regressive Hidden Markov
Model (ARHMM) structure. This model is the same as an HMM, but has the extra link that each
observation node in the model is also dependent on a prior observation. Murphy (2002) mentions this
being a good quality as this often results in models with higher likelihood.

Figure 3.12: Conceptual steps to get from the system as connectivity network to an ARHMM. The first graph shows the
system as a connectivity network each node representing an area in the system. The second graph shows we want to

describe the system as a HMM to include a covariate as hidden variable in the system. A distinction is made between
the states (a,b,c) of the hidden variable and states (0 and 1) of the observed variable. The third graph shows the HMM
can be described as a DBN. Both X and Y being random variables having a distribution that can be inferred at each
time step. The link is made that the wave climate would be good as hidden variable. In the last graph the link to the

data is made that the system can be described as a DBN structured as an ARHMM. In the ARHMM the discrete
random variables WC and Pos stand for the wave climate of the system and the position of the sediment in the system.
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In figure 3.12 the different conceptual steps that were done so far to get to the ARHMM structure
are shown. The abbreviation Post stands for position of a particle in the system (area 1,2,3,4 or 5) at
time step t and the abbreviation WCt stands for the wave climate component (0, 1, ..., 11, 12) at time
step t. The data sizes for the ARHMM can be seen in Figure 3.13. The transition matrix for the wave
climate is of size (13x13). The emission matrix describes for the ARHMM the conditional probabilities
P (Post|WCt, Post−1), which has a data size of (12x5x5). These can also be found in Appendix A.
The link between WC1 and Pos1 was removed to make sure the different amount of particles seeded
in the system by SedTRAILS could be used as initial distribution for the verification step. The initial
distribution for the wave climate was set to be the weight distribution that was shown in Figure 3.3,
but also some experimentation was done by using a distribution sampled from a Poisson distribution
with λ = 4. The value 4 was chosen as it seemed to give a similar shape of the distribution as the
mentioned weight distribution. These distributions were also used to create the transition matrix for
the wave climate components. This was an alternative that was necessary for omitting the learning step
due to time constrains.

Figure 3.13: The ARHMM showing the data formats for the parts of the model. In the ARHMM the discrete random
variables WC and Pos stand for the Wave Climate of the system and the Position of the sediment in the system.

3.3.3. Programming the ARHMM
To program the ARHMM some choices had to be made for the software. Programming the model from
scratch was not feasible for this Master thesis in terms of time and some software has already been in
development over the past years to make such models in more efficient ways than the writer could do. It
was chosen to use a Python package for the programming as that was the easiest to find documentation
for.

The package pyAgrum (Gonzales et al., 2017) was chosen which is mostly designed for BNs, but does
include a function to model DBNs. Especially for the visualization of the network it was very useful
for modelling our ARHMM. Another option that was very promising was the package DYNAMAX
(Linderman, 2024), which is a specific Python library for State-Space Models. This package includes
some newer techniques favorable to speed up Machine Learning computations and Murphy is one of
the contributors, but the package is still in development. Applying it for our ARHMM did not seem
possible in that this structure did not seem implemented for a discrete emission matrix.

Having a structure for the model as in Figure 3.13 each table has to be filled in. The emission matrix
can just be implemented. The exact definitions of the initial distributions are implemented as described
in the previous section. The transition matrix that describes how the hidden states (representing the
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wave climate components) of the model follow each other up are preferably acquired using a learning
technique given data of the observed nodes. Learning techniques compute the system for different values
for the parameters and choose the parameters that give the highest likelihood of the system.

The python package that was chosen applies inference using an algorithm called lazy propagation.
Explained in (Madsen, 2006) this is a hybrid inference algorithm combining the methods of variable elimi-
nation and message passing for better computational performance than traditional indirect-computation
algorithms. Also the package include the option to do parameter learning using Expectation Maximiza-
tion (EM). Applying this step to the model did not give the expected results that they are only discussed
in Chapter 5. Instead independence of wave climate components following each other up was assumed
resulting in each row of the transition matrix being the same distribution as the initial distribution.

3.3.4. Verification
To validate the model it would be preferred to obtain sediment pathways data from measurements and
split that into a learning and testing dataset. The transition matrix in that case could be learned from
the learning set and an estimate from that data could be tested using the testing dataset.

As the learning step was omitted a verification was done to still compare estimates of the model
to the results of a SedTRAILS run. The ARHMM model estimates in steps of 24 hours, which is
why to compare both outputs a time series of at least days is necessary. SedTRAILS assumes the
system is morphostatic, which is why it also does not make sense to choose a very long time period.
This also favors the fact that long time series are more computationally expensive. For this reason a
simulation period of 1 week using different versions of the probabilistic model was compared with a run
of SedTRAILS using 1 week of data. A month run would have also been interesting, but was omitted
due to time constrains.

Time series of the wave climate parameters were found at the Rijkswaterstaat (RWS) site for wa-
terinfo (Rijkswaterstaat, 2024). The data at measurement stations Terschelling Noord and Schiermon-
nikoog Noord were chosen. These were the significant waveheight (Hm0), peak wave period (Tm02),
the wave direction, the setup, the wind direction and the wind velocity. There was no data for the
width of the energy distribution, which is why just a value of 10 was chosen. Originally intending to do
a month run the period of 01-03-2024 to 01-04-2024 was chosen, which for the week run only extends
to 09-03-2024. An extra day for the week run was for the effect of spin-up in Delft3D. It would have
been preferred to choose a month with more extreme conditions in the data, but there was only very
recent wind data available that it does not contain any data before January 2024. This data was used
to create a wavecon file for Delft3D for changing conditions every hour. The results of this run were
put into SedTRAILS, which were used to compare the other runs in Chapter 4.



4
Results

As was described in Chapter 3, Delft3D was used to model the hydrodynamics of the area for the
13 hydrodynamic conditions from the wave climate schematization. This wave climate was used to
compute the sediment pathways for each of the wave climate component using SedTRAILS. Each wave
climate component a transition matrix was made that describes for each source the probabilities to be
in any of the cells after the given time period. As a first approach, these components were just summed
up using the weights of the wave climate schematization to create a transition matrix representing the
effect of the full wave climate, which we call the Markov model. For the second approach the system
was modelled as a Dynamic Bayesian Network (DBN). The structure of the DBN model is that of
an Auto-regressive Hidden Markov Model (ARHMM) in which the observed states are the sediment
positions in time and the latent states describe the follow up of wave climate components in time. The
transition matrices of the wave climate components in this model were used to create the emission
matrix. The other parts necessary for the model were a transition matrix describing the follow-up of
wave climate components and a choice for the initial distribution of the system. The transition matrix is
first considered independent of the prior wave climate making each row the same distribution. Using this
assumption the Poisson distribution and a distribution from the weights of the De Fockert (2008) wave
climate schematization were used. Another method to determine the distribution for the wave climate
is by using a training dataset and learn the distribution using Expectation Maximization (EM). The
initial distribution is assumed to just be the weight distribution from the wave climate schematization.

4.1. Markov model
The first version of the model is the transition matrix on the right side in Figure 4.1, which was the
sum of the transition matrices of each wave climate component multiplied by their weight of occurrence.
This transition matrix estimates the probabilities of where a sediment particle at time t can end up at
time t+ dt. The transition matrix was made such that dt equals a period of one tidal cycle of 24 hours
and 50 minutes. One of the first questions is whether the full tidal cycle of two high and low waters is
needed, or if just half a tidal cycle with one high and low water would be sufficient?

28
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Figure 4.1: Transition matrices for half and a full tidal cycle. Pos0 is the source area of a particle and post is the
receptor area of a particle after one time step. Transitions between the two is described in terms of probability that each

row sums up to a probability of 1. Transition matrix was visualized using pyAgrum package.

On the left side in Figure 4.1 the transition matrix for half a tidal cycle is shown. To compare
both matrices for the same period the left transition matrix has to be applied twice for each time the
right transition matrix is applied. This results in that when using half a tidal cycle sediment is more
conserved in area 1 and less conserved in areas 2 and 3 than when using a full tidal cycle.

To see the full effect both transition matrices were used to estimate the sediment distribution after
a simulation period of one week. To do this the model has to be unrolled into individual time slices
such that both transition matrices are repeatedly applied to get a simulation period of one week. In
Figure 4.2 this can be seen by having the model using full tidal cycles be unrolled into 8 time slices and
the model using half tidal cycles be unrolled into 15 time slices.

Figure 4.2: Structure of the model when applying the Markov model to estimate sediment positions after one week. Each
step representing a full tidal cycle of 24 hours and 50 minutes the transition matrix is applied to estimate the distribution

of sediment on the next time step. Unrolled version of the Markov model was visualized using pyAgrum package.

Applying inference by using Lazy Propagation the marginal probabilities in the system for both
options were computed in Figure 4.3. It can be seen that both methods start with the same sediment
distribution, which was defined using how each area in the SedTRAILS model got seeded with a number
of particles at the initial condition. Each time step the effects of the transition matrices accumulates
until the last time step, which will mainly be used to compare the methods.

A big difference that can be seen is that when using half a tidal cycle for the transition matrix, the
probability of sediment particles being in area 1 increases from the original 10.16% to 23.62%. For the
case using a full tidal cycle it increases to 10.19%. It would be expected that this area without the
influx of sediment from the longshore current would reduce over time. This makes the full tidal cycle
case better, but still not very accurate.
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(a) Half a tidal cycle per time step (b) Full tidal cycle per time step

Figure 4.3: Inference of all the marginal distributions of the Markov model comparing using half a tidal cycle as time
step with a full tidal cycle as time step for one week of simulation time. Each variable: ”pos” stands for the position of
particles in the system as a discrete random variable with state space [1,2,3,4,5] representing the different areas. The

number added to each variable stands for the time step. For each computed marginal distribution in the system also the
mean µ and standard deviation σ is shown. Pos7 was shown twice in (a) to make comparision with pos8 easier.
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4.2. SedTRAILS reference run
To get a better idea how realistic these results are Rijkswaterstaat (RWS) data from 02-03-2024 to
09-03-2024 was used for a wavecon file in Delft3D to simulate the hydrodynamics and run this way a
week simulation time of the system in SedTRAILS. The resulting state of the system after one week is
shown in Figure 4.4. The begin and ending of the run were also used to quantify the system by making
a transition matrix for this time period shown in Figure 4.5.

Figure 4.4: SedTRAILS (Pearson et al., 2023) end positions of the particles for a run using RWS data from 02-03-2024 t0
09-03-2024.

It can be seen that outside the basin sediment supplied by wave-driven longshore transport at the
updrift coast in area 1 would have to bypass the tide-dominated tidal inlet coast to reach the downdrift
coast at area 3. Part of the sediment bypasses the ebb-tidal delta in area 2 by following the outer
border to reach area 3. The sediment is not caught in the tidal motion of the ebb-channel. This
bypassing mechanism was also called ebb-delta periphery bypassing in the introduction. Another part of
the sediment is pulled into tidal inlet by marginal flood channel at the transition between areas 2 and
4 and ends up in the main ebb channel between areas 2 and 5. From Figure 4.5 it was seen not much
of this sediment ends up in area 5 though. Most sediment is expected to flow with the ebb current
through the channel to a more seawards point of the ebb-tidal delta. From there a similar motion as for
the other bypassing mechanism causes the sediment to reach the downdrift coast at the right corner of
area 2 or traverse into area 3. This bypassing mechanism was called flow bypassing in the introduction.

Inside the basin currents coming into the basin by the flood channel and leaving through the main
ebb channel at area 5 causes sediment to transport from area 4 to area 5. This seems to be a lot of the
sediment that ends up in the main ebb channel. In Figure 4.5 it can be seen that some of the sediment
from area 4 also ends up in area 2. Considering sediment of a lot of areas goes through main ebb-channel
there is surprisingly little exchange between inside and outside the basin. In (Wang et al., 2018) this
can be explained by the tidal basin being accommodation limited that the net import is expected to be
minimal. Summing up the sediment in and outside the basin also confirms this by only finding a little
increase of the sediment inside the basin. Area 5 there is not much change that sediment just seems
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to focus more into the channels of this part of the basin. The model has a closed boundary that some
expected sediment that would want to leave the domain is prevented from doing that.

Figure 4.5 shows that a bit more than 40% of the sediment from area 4 is transported to area 5,
which was seen mostly ending up in the main ebb channel. It may be wondered why area 4 would
not quickly lose a lot of sediment over time as it does not have the supply of sediment from longshore
transport area 1 has. This could be explained by the assumed morphostatic situation. The system
works like a sediment sharing system that if there is a lack of sediment somewhere other parts will
quickly supply to aim for some equilibrium (Elias et al., 2019). The bathymetry does not change here
that adaptations of the system would not be seen. Another explanation could be that this is a way of
sediment sorting. Away from tidal inlets decreasing sizes of sediment are found for the Wadden Sea
(Wang et al., 2018). Transport patterns for finer sediments are expected to be different that it could
just be the chosen medium sand of 400µm for the model that just leaves 4. Another effect that may
explain why area 4 is not emptying out is wind-generated residual flow (van Weerdenburg et al., 2021).
A lot of the sediment from area 4 that does end up in the main ebb channel seems to pile up at the
downdrift coast side. Accretion of this sediment could be related to the familiar drumstick shape of
barrier islands, which is seen here for Ameland.

Figure 4.5: Transition matrix using results of 7 tidal cycles of simulation time representing one week. Pos0 is the source
area of a particle and post is the receptor area of a particle after 7 tidal cycles. Transitions between the two is described

in terms of probability that each row sums up to a probability of 1. Transition matrix was visualized using pyAgrum
package.

(a) Distribution of the amount of sediment over the system at
the start and end of simulating the system for a duration of one

week.

(b) The probability distribution of sediment over the system at
the start and end of simulating the system for a duration of one

week.

Figure 4.6: Distribution of sediment in the system in terms of amount and probability. Loses were not included. Area 3
is expected to be underestimated as looking at Figure 4.4 a lot of the lost sediment borders that area.

Comparing the results from the reference run with the version of the Markov model in Table 4.2,
quite some big differences can be seen. Both Markov models estimate the amount of sediment in area
1 would increase from 10.16% to 23.62% or 10.19%. The reference run makes physically more sense
by showing the amount of sediment would decrease to 2.21%. Based on this alone the Markov model
using a full tidal would be the better model. For area 2 the opposite is found that the model using half
a tidal cycle decreases from 11.57% to 8.35%, which is comparable to the 7.70% of the reference run.
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The model using a full tidal cycle the opposite is found that there is an increase to 12.01%. For area
3 the model using half a tidal cycle increases from 10.46% to 14.69%, which is similar to the 14.06%
of the reference run. The model using a full tidal cycle estimates a higher amount of 18.42%. This
seems high, but due to particles travelling out of the system the SedTRAILS reference run distribution
does not sum up to 100%. Counting those loses to area 3 the reference run is expected to be closer to
that value of 18.42%. Area 5 both Markov models show little changes that for half a tidal cycle the
amount decreases from 49.85% to 48.61% and the full tidal cycle it increases to 50.35%. The reference
run predicts a larger increase to 55.99%. the full tidal cycle version of the model does a better job again
in that it does not decrease the amount of sediment in this area like the half tidal cycle version of the
model does.

Overall the results are promising considering the transition probabilities are based on the sediment
being uniformly distributed. This is different from the SedTRAILS run, which after a few tidal cycle
does not have that same unofrm distribution of sediment over the system.
Table 4.1: Table comparing the resulting probability distributions of where to find sediment in the system using half and
a full tidal cycle for the transition matrix with the initial distribution and the reference run of simulating the system for

one week using SedTRAILS and RWS data

Sediment distribution over the system (%)
Area 1 Area 2 Area 3 Area 4 Area 5

Initial distribution 10.16 11.57 10.46 17.96 49.85
SedTRAILS week reference run 2.21 7.70 14.69 11.02 55.99
Markov model half tidal cycle 23.62 8.35 14.06 5.37 48.61
Markov model full tidal cycle 10.19 12.01 18.42 09.03 50.35
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4.3. Autoregressive hidden Markov model
The Markov model describes each time step as a sum of the weights of all wave climate components.
A disadvantage of this method is that the model does not have the ability to predict the difference
between a storm and normal conditions. The second version of the model is a DBN model structures
as an ARHMM to include the effect of a covariate which is the wave climate. The emission matrix was
made from the transition matrices of the individual components of the wave climate. This brings the
question what the transition matrix for the model should be?

As a first option we will try choosing a transition matrix using the assumption that wave climate
components following each other up are independent of each other. This means that each row of the
transition matrix has the same probability distribution. Two approaches were chosen to define the
transition matrix this way. First approach the weight distribution of De Fockert (2008) wave climate
from Figure 3.3 can be used. As a second approach it can be expected that the distribution has low
probabilities for extremely energetic conditions, but extremely low energetic conditions of the system
also have a low probability. This distribution is not expected to be symmetrical, which is why sampling
from a Poisson distribution with λ = 4 seems another good option to define the transition matrix.
Plotting both distributions in Figure 4.7 confirms that these two options are similar in shape.

Figure 4.7: Comparison of the distribution of weights as by the wave climate schematization of De Fockert (2008) vs a
distribution of weights by a Poisson distribution with λ = 4.

Like with the Markov model the two options will be tested by doing a simulation of one week again.
The unrolled version of the ARHMM can be seen in Figure 4.8.

Figure 4.8: Structure of the DBN model as ARHMM to estimate sediment positions (pos) and corresponding order of
wave climate component (wc) after one week. Each time step representing a full tidal cycle of 24 hours and 50 minutes

described by the transition matrix between wave climate components, the emission matrix for the sediment position and
initial conditions of the system. Unrolled version of the ARHMM was visualized using pyAgrum package

Applying inference by using Lazy Propagation the marginal probabilities in the system for both
options were computed for the ARHMM in Figure 4.9. Something that can be immediately noticed
is these distributions are very similar in shape, but slightly different values. The emission matrix and
initial conditions of the sediment distribution over the system were the same that this can only be caused
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by the differently chosen transition matrix. This is a good sign for the search for accurate solutions,
but will be compared more quantitatively.

Adding the final distributions to table 4.1 gives table 4.2. It can be seen that the method for the
transition matrix using the weight distribution of Figure 3.3 results in the same system as the Markov
model using full tidal cycle. This shows that to include the wave climate as a covariate to the model, a
transition matrix is needed that does not assume independence between the follow-up of wave climate
component.

That leaves for the Poisson method only the question if it estimates this specific reference run better
than the other method? This is possible as the reference run is just a week without much extremes in
comparison to a full wave climate approach that must include extreme components. It can be seen that
this description estimates 15.13% ends up at the downdrift coast in area 3. This is closer to the 14.69%
of the reference run than the 18.42% of the other method. Like with the Markov models including the
loses of the SedTRAILS reference run to the downdrift coast in area 3 is expected to still make the
other method better.

The lesser amount of sediment ending up at the downstream coast in area 3 for the Poisson method
causes all other areas to get more sediment than when using the Fockert approach. For areas 3,4 and
5 the basin and downdrift coast this gives a better estimate, but for areas 1 and 2 the updrift coast
and ebb-tidal delta this makes the estimate worse. The reasoning for this could be that the tail of the
distribution that describes the high energy components is smaller for the Poisson distribution than for
the Fockert causing less sediment to be transported towards the downdrift coast in area 3.

Beside the accuracy of the model also the computational time is a point of interest. The infer-
ence done on all the probabilistic models discussed so far only take milliseconds. This is significantly
faster than for SedTRAILS, for which computing a run is a matter of minutes. This computational
speed difference can be explained by that the model does not calculate the underlying processes saving
computational speed. This was also the reasoning that was used in the aim of developing the model.
Table 4.2: Table comparing the resulting probability distributions of where to find sediment in the system after one week
simulation time for the De Fockert (2008) weight distribution and a Poisson distribution for the transition matrix with

the initial distribution and the reference run using SedTRAILS.

Sediment distribution over the system (%)
Area 1 Area 2 Area 3 Area 4 Area 5

Initial distribution 10.16 11.57 10.46 17.96 49.85
SedTRAILS week reference run 2.21 7.70 14.69 11.02 56.99
Markov model half tidal cycle 23.62 8.35 14.06 5.37 48.61
Markov model full tidal cycle 10.19 12.01 18.42 9.03 50.35
ARHMM Fockert 10.19 12.01 18.42 9.03 50.35
ARHMM Poisson 10.57 13.52 15.13 9.22 51.57
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(a) Inference using Fockert wave climate as transition matrix
(b) Inference using Poisson distribution with λ = 4 as transition

matrix

Figure 4.9: Inference of all the marginal distributions of the ARHMM comparing using a transition matrix that uses the
Fockert wave climate weight distribution and using a Poisson distribution with λ = 4 as transition matrix. Each variable:

”pos” stands for the position of particles in the system as a discrete random variable with state space [1,2,3,4,5]
representing the different areas and each variable: ”wc” stands for the wave climate components described by a discrete

random variable with state space [0,...,12] representing each wave climate component. The number in each variable
represents represents the time step in the system. Pos0 stands for the initial distribution, which was added as soft

evidence. For each computed marginal distribution in the system also the mean µ and standard deviation σ is shown.
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4.4. Adding evidence
Evidence can be applied to the model to estimate how wave climate and sediment positions influence
each other. In this way a link can be made with physical scenarios to see if the model shows behaviour
expected of the system and give some examples how the model could possibly be used.

4.4.1. Schematized storm simulation
First we consider the scenario of normal wave conditions turning into a storm and calming down again.
The evidence for this case will be different initial positions of the sediment particle together with the
wave climate sequence: 3 − 4 − 8 − 7 − 10 − 5 − 3. Both the Fockert and Poisson approach gave the
same results with this evidence, which is why in Figure 4.10 all runs used the Fockert approach for the
transition matrix of the wave climate.

The upper plot shows transitions between wave climate components, which were set as evidence. For
this reason every time step a wave climate components is set to have a probability of 1. In between it
shows linear transitions between those wave climate components, but this is just a visualisation. There
is no information about the transitions between different time steps that the physical meaning could
be completely different. A higher time resolution with different emission matrices would be needed to
describe the behaviour on a smaller time scale.

The results for the sediment particles are seen to be different for every starting position. Sediment
from the updrift coast (area 1) has a high probability to stay in that area, but has a small chance to go
to the ebb-tidal delta (area 2) or continue to the downdrift coast (area 3). Sediment from the ebb-tidal
delta (area 2) has a high probability to go to the downdrift coast (area 3). It also has a probability to
stay in ebb-tidal delta (area 2) or go back to the updrift coast (area 1) and a very small probability
to go to main ebb channel (area 5). Sediment from the downdrift coast (area 3) does not re-enter the
system and just shows staying in this area as the model can not show sediment leaving the system.
Sediment from west side of the basin (area 4) spreads a lot over the different areas. It is most likely to
stay in the same part of the basin (area 4), but may go to the ebb-tidal delta (area 2) or the east side
of the basin (area 5). It also has some smaller probabilities to end up at the down- and updrift coast
(areas 1 and 3). Sediment from the west side of the basin (area 5) has a high probability to stay in that
area, but has a small chance to end up in the ebb-tidal delta (areas 2) or the downdrift coast (area 3).

Comparing with the SedTRAILS run in Figure 4.4, most of these results correspond with the
physical processes that were described. The only exception is that for the updrift coast (area 1) the
model estimates most sediment to stay in the area, but that does not show in the SedTRAILS run.
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Figure 4.10: Simulated storm of wave climate components order: 3 − 4 − 8 − 7 − 10 − 5 − 3, for different start positions in
the system. For version of the model using the Fockert wave climate distribution for the transition matrix
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4.4.2. Pathway occurrences
Another option is setting evidence for the sediment positions and see how the wave conditions that
can make that possible are distributed. The sediment pathway scenarios that will be considered are
visualized in Figures 4.11a and 4.11b.

(a) Visualization of the sediment pathway for orders 1-1-2-2-5
and 1-1-2-2-3. (b) Visualization of the sediment pathway for order 1-2-4-5-2-3.

Figure 4.11: Visualizations of different sediment pathways chosen by assigning evidence to the positions nodes in the
model.

In Figure 4.12 we first create the pathway scenario of sediment moving with the longshore current
and ending up being imported into the basin by setting evidence for the sediment to move between areas
in the order: 1−1−2−2−5. This pathway the sediment particle would enter at the updrift coast (area
1) and ”slowly” go to the ebb-tidal delta (area 2) and enter the basin by the main ebb channel (area
5). All the wave climate components have a probability to cause the specific movement of the sediment
during a time step in most cases. Some components may have a higher probability during a time step
to cause the specific transport from one area to another. For example at t = 4 both methods estimate
that for the evidence a particle has traveled from the ebb-tidal delta (area 2) to main ebb channel (area
5), the higher wave climate components have a higher probability than for the other transitions in the
time series. This would suggest that during those extreme conditions there is a higher probability for
the particles to go into the basin. Both methods are similar, but for the Fockert approach wave climate
component 9 it says the chance is higher to cause this transition.

At the bottom graph of Figure 4.12 also a different transition is shown where the sediment at t = 4
moves to the downdrift coast (area 3) instead. Comparing this to the graph directly above it can be seen
that wave climate component 11 is more likely the cause for transport of a sediment particle from area
2 to 3 than from 2 to 5. This is interesting as those transtions can be connected to different bypassing
mechanisms.

Remark to be made here that this logic does not mean wave climate component 9 is more likely
to import sediment into area 5 than in area 3. As the sediment pathway was given as evidence the
actual amount of sediment transport can be less than the transport of a different sediment pathway in
opposite direction.
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Figure 4.12: Inference result of wave climate component order distribution in time for both methods Fockert and Poisson
with evidence of sediment traversing in the order: 1 − 1 − 2 − 2 − 5. Bottom plot also shows the result for Fockert

method, but for evidence sediment traversing in the order: 1 − 1 − 2 − 2 − 3.
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In Figure 4.13 the evidence is set for the sediment to move between areas in the order: 1−2−4−5−
2−3. At t = 2 a special case can be seen that the transition from area 2 to 4 is only included in the part
of the emission matrix for wave climate components 0 and 8. This shows that some very low probability
transitions that are not be visible in the model are dependent on the wave climate schematization and
the amount of particles used to populate the areas in the SedTRAILS runs.

Figure 4.13: Inference result of wave climate component order distribution in time for both methods Fockert and Poisson
with evidence of sediment traversing in the order: 1 − 2 − 4 − 5 − 2 − 3.

Overall the physical meaning of the model looks promising that it does describe some of the aspects
from how SedTRAILS can describe sediment pathways, but some limits are seen that will be discussed
in Chapter 5.



5
Discussion

In Chapter 4 several results were found for the ARHMM and the Markov model. The first results
showed that in the Markov model using a full tidal cycle for the transition matrix gives better results,
than when using only half a tidal cycle. Comparing these results to a reference run with a simulation
time of one week both versions of the model show a mjority of the expected physical processes in the
system. An exception on this was persistence of sediment staying at the updrift coast (area 1), which
was not seen in the reference run.

In the next part the system was described by an ARHMM that was to add the effect of the wave
climate as covariate. For the ARHMM two different transition matrices were tested for the follow
up of wave climate components, which were based on the weights in the wave climate schematization
and by sampling from a Poisson distribution with λ = 4. The transition matrix for the wave climate
components was assumed to be independent that there were no dependencies between wave climate
components following each other up, which resulted in a matrix with the same distribution in each row.
This resulted in the system being equivalent to the Markov model showing that to add the effect of the
wave climate as covariate the dependencies between wave climate components are needed for the model.
Results from the Poisson distribution variant also showed less sediment ending up at the downdrift
coast (area 3) leaving more sediment in other parts of the system. This could be explained by the tail
of Poisson distribution being smaller than that of the Fockert weight distribution. After that evidence
was added to the model to simulate some physical scenarios of the system, which showed again the
persistence of sediment to stay at the updrift coast (area 1). Another thing it showed is that some
transitions in the model are very rare they do not show up for some of the wave climate components.

5.1. Learning and validation
To get a complete model it would still be necessary to do the learning step and a better validation
method like mentioned in the flow chart of Figure 3.1 in Chapter 3 that were omitted due to time-
constraints. These steps were intended to be done by using using the week time series and also a month
time series to create a SedTRAILS dataset that would be processed to describe for all the particles in
the system which area they are each time step for a chosen time resolution. This synthetic database
would have to be split into a training and testing dataset. The training dataset would be applied in the
model as observations to learn the transition matrix of the model using EM.

An attempt was already made to test the learning step by sampling a database from the model using
the transition matrices of the Poisson method, removing the data of the wave climate and applying EM
to a system that does not have the chosen transition matrices. The results were unsatisfactory in that
in the learned case at the right side of Figure 5.1 the inferred distributions for the wave climate do
not look like the Poisson distributions at the left side. The method still looks promising as the test
did not schematize the system correctly in terms of structure and initial distributions. Also the used
python package pyAgrum (Gonzales et al., 2017) seems more optimized for learning BN, than the latent
variable structure of a HMM as DBN. There could be more optimized methods to train this type of
models.

42
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Figure 5.1: Original inference of the system using the Poisson method and inference of a learning attempt using
Expectation Maximization (EM). The learning attempt using EM was done by sampling from the system with Poisson

distribution for the transition matrix, removing the wave climate data and trying to re-learn that Poisson distribution as
transition matrix.

The python package DYNAMAX for probabilistic State-Space Model (SSM) (Linderman, 2024)
seems more optimized for these type of computations. The package is still in development that the
emission matrix could not yet be implemented for our ARHMM. The package looks promising though
as quite some techniques were used to optimize computational speed for learning and inference of
SSM. An example of this is that the package is made using JAX (Bradbury et al., 2018), which is
a python library for accelerator-oriented array computation and program transformation. Beside the
computational speed advantage JAX gives when doing a lot of array computations, it also uses a
different pseudorandom number generator (PRNG) (Jax, 2024). There are many variations of PRNG,
but Python and many applications use one called Mersenne Twister. This PRNG is known to have
some flaws (Matsumoto et al., 2006) that it may be wondered if better PRNG should be chosen (Vigna,
2019) and how that would affect Machine Learning (ML) applications.

Probabilistic machine learning methods are in full development at the moment that more packages
can be expected to become available in the coming years that learning and validation becomes easier
for state-space models.
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5.2. Time slice choice
One of the first results was about the choice of the time period each step of the model represents.
The sediment pathways data from SedTRAILS makes it possible to create a transition matrix for any
moment in the time series. This choice will have a big impact on how the model behaves when it
repeatedly applies these probabilities to model the next steps. The choice of one full tidal cycle as time
step gave quite good results that could be explained by the known physical processes in the system. The
downdrift coast (area 3) was a clear sink in the system increasing from 10.46% to 18.42%. The west side
of the basin (area 4) is being a source losing sediment from 17.96% to 9.03% clearly exporting sediment
out of that area. The west side of the basin (area 5) is receiving sediment in the main ebb channel, but
generally does not change that much only increasing from 49.85% to 50.35%. The ebb-tidal delta (area
2) only increases a little from 11.57% to 12.01%. These results do not get to the exact amount as in
the reference run, but they are close enough that it would be a matter of improving the accuracy of the
model.

The main exception was the persistence of particles to stay at the updrift coast (area 1). It could
be wondered if this was just a low likelihood scenario happening in the reference run, but more likely
the transport from the updrift coast (area 1) is not that well represented in one full tidal cycle. During
the reference run sediment particles seems to speed up the longer the run goes being more dynamically
active. During bypassing the sediment changes direction going into the ebb channel or go along the
periphery. The movement in the first tidal cycle could be very limited that these processes have not
started yet. The movement between the updrift coast (area 1) and the ebb-tidal delta (area 2) in that
case would just behave like oscillate around that border instead of bypassing the tidal inlet.

Choosing a time slice bigger than one full tidal cycle could describe the start of bypassing better,
but this also gives the disadvantage that the time resolution of the model will decrease and the results
for other areas may get worse. As a solution sediment particles may not just be dependent on their
prior state, but also on some more prior states. This would mean the Markov property would not fully
be valid that a higher order Markov model would be necessary to increase the accuracy of the model.
This would change the ARHMM structure into the structure of Figure 5.2. Something to be noticed is
that in this change of the system the wave climate seem to get the role of influence to determine the
amount of movement or energy of the system and the autoregressive part of the positional data the
direction of the movement.

Figure 5.2: Expanding the ARHMM by adding second order Markov dependency between the sediment positions in the
system. WC stands for wave climate and pos represents the position of a particle in the system.

In terms of data this would mean the emission matrix would need another dimension to account for
each possible position at the prior time step. This extra dimension could be added by dividing the data
by source area and create for each source a transition matrix with the second half of the data like shown
in Figure 5.3. It would still have to be done for every wave climate component, but as advantage it
does not mean any extra runs of Delft3D and SedTRAILS given those runs can represent 2 time steps.
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Figure 5.3: Method to create the emission matrix for an ARHMM with 2nd order dependency from SedTRAILS data
consisting of M particle pathways with n time steps when described as area positions. The resulting matrix from step 3
is a 5x5x5 matrix, which to get the emission matrix this must be done for each of the wave climate components to get

the final 13x5x5x5 matrix.

This method could also be used to model the effect of border areas, which would be important when
trying to reduce the time step to get a higher time resolution of the model. For example in Figure 5.4
it can be seen that within a tidal cycle particles near a border between areas are expected to drift at
that border making more transitions than for example a particle that would be in the middle of an area.
The extra autoregressive component can function here as a measure of if the particle is close to border
to another area or not. If it just transitioned between areas it is close to the area border, which can be
described by a transition matrix with high probabilities of transition, than when it did not transition
between areas the last time step, which could be described by a transition matrix with high probabilities
of staying in the same area. To really model with higher time resolution each different physical motion
within the tidal cycle would need a different emission matrix. It would be like the same follow up of
emission matrices for each tidal cycle. In Figure 5.4 it can also be seen that a schematization of more
than 8 emission matrices would be sufficient that doubling the amount of matrices to 16 would not add
too much info to the model.

Figure 5.4: Example showing conceptual sketch of a typical sediment pathway during a tidal cycle and that the choice of
the time resolution higher than 8 time slices per tidal cycle is expected to only have minimal influence on the transition

probabilities when creating a higher order ARHMM
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These ideas do add a lot more different matrices to the model, which may end up increasing compu-
tation time. Quite a lot of matrices may be empty though that when using the autoregressive idea with
a small time step some transitions are simply not possible. For example a particle could not directly
travel from the updrift coast (area 1) to main ebb channel (area 5), so that matrix would just be empty.

5.3. Area schematization
So far the model has only been discussed having 5 areas to describe the system. The main advantages of
this choice are that the model is easy to interpretate and matrices for the model have stayed quite small
favouring the computational cost to create the model. Disadvantages are that the current system only
gives a limited spatial resolution of where particles can end up in the system and that some particles
left the system affecting the computation of transition probabilities.

For the reference run the effect of particle losses was also seen in Tables 4.1 and 4.2 that the
probabilities describing how sediment is distributed over the system did only sum up to 0.9261. In
Figure 5.5 the particles for each source area are counted at the start and end of the reference run are
counted showing most of these loses are from downdrift coast (area 3). As from Figure 4.4 it was seen
that most of those lost particles end up leaving the system at the edges of area 3. Adding these particles
to area 3 would increase the probability of finding sediment in area 3 to from 0.1469 to 0.2208. This
makes a significant change as the Fockert approach now does a better job estimating the probability of
finding sediment in area 3 than the Poisson approach.

Figure 5.5: Sediment particles of each area inside the system at the start and end of the week reference run using
SedTRAILS. The difference can be interpreted as loses of the model. Most of these lost particles can be found having

traveled outside the borders of area 3.

To take this effect better into account simply increasing the polygon area of area 3 would not work,
as that would give more particle sources close to the edge of the model that can leave the system again.
A solution could be to have an empty cell at the outside that is not populated with particles to measure
these particle loses. As this area would not have any source particles the model would not have any
data for transition probabilities resulting that this area would not need a row in the transition matrix.
This would also mean that any particle motion going into this area would get ”stranded” into that area
as there are no transition probabilities going out of it, which has the flaw the model would not be able
to take into account particles that re-enter the system.

Another idea that could be played with is to not uniformly distribute the sediment particles over
an area when populating the polygon. This is a very sensitive thing to change as it will directly affect
transition probabilities of the transition matrices. There is already the effect of some particles on land
influencing transition probabilities that it may be wondered if the defined areas to be seeded should
all be expected to have similar physics working on them. The advantage that non-uniform seeding
could give is that if the polygons are initially less densely populated at the edges of the system, it
would decrease losses of the system. A better implementation of that would be to just enlarge area 3
in the model, but keep the seeding the same. That way the uniform distribution of particles over the
area can remain and particles remain in the system as long as the enlargement of area 3 is big enough.
Besides accounting for losses, the initial distribution of particles over the polygon could also give the
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opportunity to add info to the system about sediment availability in the system. How useful this can
be is a bit unclear as for the model development we are changing a SedTRAILS step, which already has
the freedom factor in Soulsby description for the grain velocities to determine sediment availability.

To improve the spatial resolution of the model the amount of cells in the system would have to
be increased. Each extra cell would add another row and column to each transition matrix quickly
increasing the computational cost of the model, that it could end up with larger computation times
than SedTRAILS. To solve this problem it must be noticed the current system uses discrete random
variables to describe positions in the system. With a large amount of states this random variable could
take it would be better to schematize positions in the system as continuous random variables allowing
use of different mathematical methods.

A particularly interesting example is in Murphy (2023), where an ARHMM was created using an
emission matrix defined by a multivariate normal distribution and having 5 hidden states. Instead of
areas, the emissions are described as (x,y) positions giving the advantage the spatial resolution of the
model is equal to the grid. As a disadvantage they have to define functions for the emission matrices
describing the physics of the system and learn the parameters for these functions, where our model could
just determine the emission matrices from the data described using connectivity. Both models show
similarity in that the 5 hidden states in the example describe different physical states of the system that
can follow each other up. This is similar to how different wave climate components in our ARHMM can
follow each other up. It was mentioned this type of model is called a regime switching Markov model,
which were said to be widely used in econometrics (Hamilton, 1990).

5.4. Covariates
The initial intent of the DBN approach was to add covariates to the model. For our ARHMM the effect
of the wave climate as covariate working on the sediment pathways did not show up very well, because
of limitations in creating a transition matrix for wave climate components following each other up. Still
the approach looks promising in that if learning can be correctly applied not just the transition matrix
for the wave climate can be determined, but also adding other covariates by adding more nodes to the
model could be considered.

One covariate that could be useful to add is a variable that represents the direction like the wind
direction. This variable is already included in the wave climate as part of the Delft3D runs, but having
it as a separate influence may account for a lot of variability in the system in that storm conditions
with wind blowing in one direction would be very different from storm conditions with wind blowing
from the opposite direction.

Another covariate that would be useful for further use of the model is that of human decisions, such
as where to place a nourishment in the system. In this case the management would be included in the
model by having choices in the model and different rewards for transitions (Howard, 1960). Including
decision making into Markov models is also called a Markov decision processes documented first by
Bellman (1957). A more recent from the medical field can be found in (Alagoz et al., 2010).

Independent of which covariates are chosen be added to the model the ARHMM structure works as
a good basis to expand from. In that matter the biggest advantage of choosing an ARHMM structure to
describe our system is that it is a robust description lowering the bar to also apply it to other systems.

5.5. Wave climate schematization
The wave climate schematization lies at the foundation for creating an ARHMM to estimate the sediment
pathways for our system. De Fockert (2008) wave climate schematization was used, but how would a
different wave climate schematization affect the model?

The first version of the model just consisted of a Markov model using weights of the wave climate
schematization to determine the effect of wave climate components as a sum of all the components. The
predictions are highly dependent on the wave climate schematization and had the disadvantage that
the low probabilities of high energy events would be split over time. You could know that a storm is
predicted in the next few days, but the model would not be able to specifically apply these components
of the wave climate to estimate longer sediment pathways than during normal weather.
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The ARHMM structure is less dependent on the wave climate schematization as it does not need
to use the weights of the wave climate schematization when the transition matrix for the wave climate
is determined using parameter learning. Instead the follow up of wave climate components would be
learned from the sediment pathway data of a longer time series. This method is a probabilistic machine
learning method. A disadvantage of this method is that wave climates typically need very long time
series to be accurate. Even if it would be computationally possible create such long time series with
SedTRAILS, the result would be incorrect as to compute sediment pathways SedTRAILS assumes a
morphostatic situation which is only valid for smaller time scales. It does give the advantage though
that the wave climate is not just learned in terms of occurrence, but that some dependency is learned
how wave climate components follow each other up. This concept of the importance of wave climate
conditions following each other up was also found under the terminology wave chronology in (Aragón
et al., 2023; Malliouri et al., 2023; Southgate, 1995).

To circumvent the issue of the time series it would be easier to learn the transition matrix for
the wave climate components separately using wave climate time series as the sediment itself does not
cause the wave climate. For the validation to be correct the model would still needs to check how
accurate estimates of sediment positions are by comparing them to computations using a time series.
An advantage here is that the model does not need to be more accurate than SedTRAILS so a validation
of a time period of 1 week or 1 month would probably sufficient. To test the capabilities of the model
to estimate accurately for other series of wave climate components multiple runs of 1 week or 1 month
could be done by using different time series. This would be a bit like sampling from the wave climate
to test the accuracy.

5.6. Sediment
For the SedTRAILS runs a sediment size of 400 µm was chosen. It may be wondered how well the
model would behave for different sediment sizes and if a mix of sediment sizes would also be possible
to be modelled to end up being able to compute complete sediment fluxes.

Tidal flats mainly consist of very fine sand ( 90%; grain size 150 − 200µm) and fine-grained muddy
sediments ( 10%) and the ebb-tidal deltas primarily consist of of fine sand (100 − 400µm) (Wang et al.,
2018). This means the sediment size chosen for the model is quite at the larger end of the spectrum. It
would be recommended to do more sensitivity tests with different grain sizes. For smaller grain sizes,
the sediment pathways are expected to be longer as particles suspended higher into the water column
by wave forces will have a longer settling time due to more distance they would need to settle and lower
settling velocity because of lower mass. In Figure 1.4 these differences in sediment pathway for different
sizes of sediment was also shown. For the model this would mean for a smaller grain size more sediment
is expected to end up out of the defined areas resulting in more data losses to define the ARHMM. This
is particularly the case for doing the SedTRAILS runs for the high energy components that upscaling
of the system might be necessary.

SedTRAILS uses the grain velocity description described in Soulsby et al. (2011) to compute the
sediment pathways caused by bedload and suspended sediment transport, but does not yet model the
transport of fine sediment (< 80µm), limiting the availability to model finer sediment sizes for now. If
there is sediment pathway data for the different wave climate components, creating an ARHMM should
be possible though. A big challenge for fine-sediment modelling is adding the effect of flocculation.
Adding this effect to sediment transport models in general is still a research topic fully in development
(Chassagne & Safar, 2020; Spearman & Roberts, 2000). Not much can be said yet about application of
these techniques to Lagrangian sediment transport models like SedTRAILS. The Lagrangian description
of sediment transport using sediment pathways does seem favourable that for example the size change
of sediment particles due to flocculation could be included that way. For the ARHMM this could
potentially be included by adding an extra covariate to the model. Another challenge for fine-sediment
modelling are memory effects. This is the effect that fine-sediment does not directly respond to changes
in currents. Having discussed the possibility of adding more autoregressive components to the model
in the section about the time slice choice the ARHMM seems quite well equipped to include memory
effects.
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The data obtained from SedTRAILS is specific for the chosen sediment size in the pre-processing
step. There is not really a necessity to expand the model to more grain sizes as this would make it much
more difficult to interpretate the complexity of sediment pathways in the system. If it would be desired
to fully compute the quantities of sediment transport, the model would have to account for all the grain
sizes in the system. There are some existing sediment transport models that take mixed sediment sizes
already into account, of which the most well-known example is the Hirano active layer model (Hirano,
1971) which is implemented in Delft3D. This option in Delft3D was also used In Pearson et al. (2020) to
apply to SedTRAILS. Another example of a model that accounts for multiple grain sizes is the aeolian
transport model AeoLIS (Hoonhout & de Vries, 2016; van Ijzendoorn et al., 2023). Schmelter et al.
(2015) also developed a multi-fraction Bayesian sediment transport model, which could mean adding
the effect of mixed sediments is also possible for the ARHMM.

5.7. New opportunities
Several parts of the model have now been discussed showing the way the ARHMM is structured acts as
a good basis to develop a probabilistic model that can accurately estimate sediment transport pathways.
The methodology to create the ARHMM shows that Lagrangian models like SedTRAILS are an essential
step to create the emission matrix of these types of models. To determine the transition matrix for the
follow-up of wave climate components a probabilistic machine learning method was suggested, which
will contribute to the development of applying Machine Learning (ML) methods to the field of sediment
transport.

In recent years rapid advancements have been made in the application of ML methods to fluid
mechanics Brunton et al. (2020) that it is only be a matter of time for the field of sediment transport to
follow. Some developments have already been made, that a good summary of examples can be found in
Goldstein et al. (2019). A main concern of ML methods is that these methods can end up in a black-box
approach in which we can not recognise the processes that are leading to the results of the model. In the
search to create faster models using probabilistic methods this will inevitably lead to a trade-off that
processes of low influence have to be omitted to speed up computational speed. The ARHMM in this
thesis may have limited accuracy to estimate sediment transport pathways for now, but computation
times for inference are almost instant and the only covariate in the system can be physically interpreted
as the effect of the wave climate that there is a lot of opportunity to further develop the model and
possibly apply this framework also to other sediment transport cases.
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Conclusion

In this thesis a methodology was developed and tested to create a probabilistic model of sediment
pathways with the aim of decreasing computation times. This was done using the following research
questions:

RQ1: What type of probabilistic model could be made for sediment pathways by using
Markov chains?

The currently available models for sediment transport in tidal inlets were first explored to show what
knowledge gap probabilistic models can fill in this field of research. To create a probabilistic model
Markov chains were used, which were explained as probabilistic graphical models.

A State-Space Model (SSM) is a specific probabilistic graphical models that is characterized by
having latent variables. All SSM can be described as a Dynamic Bayesian Network (DBN) which is a
Bayesian Network (BN) with time dependence. A specific SSM is the Hidden Markov Model (HMM),
which models independent observed random variables in a system that are dependent on a series of latent
random variables and each other. When the observed states and dependencies in the system are known
all marginal probabilities in the system can be determined using inference. When some dependencies
in the system are not known that distribution can be determined using a parameter learning. The
explanation of these different models gave a good basis for understanding the final model used, which
was a Auto-regressive Hidden Markov Model (ARHMM). This type of model is the same as the HMM,
but with an extra autoregressive link between the observations. This extra dependency fits a dynamic
system like for sediment transport pathways very well as the position of a particle is not just dependent
on the underlying forcing, but also the prior position of that particle.

RQ2: What processing steps are necessary to create the probabilistic model?

To create the model, 13 wave conditions from a wave climate schematization were used to first model
the hydrodynamics of the system using Delft3D, and after that to model sediment pathways using
the Lagrangian model SedTRAILS. The obtained sediment pathways were used to create a transition
matrix for each run describing the probability distribution of each source where sediment will end up
after one tidal cycle. These results were used to create a Markov model using the weights of the wave
climate distribution and an ARHMM that describes the wave climate as latent states and the sediment
positions as observed states.
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RQ3: How accurate are results of the probabilistic model in comparison to SedTRAILS results?

The Markov model was tested by comparing the description of the transition matrix using a full
tidal cycle and using only half a tidal cycle with a reference run of SedTRAILS using a week of wave
data from Rijkswaterstaat (RWS). The method using a full tidal cycle was seen to give better results
than the one using only half a tidal cycle. This was clearer when loses of sediment particles out of the
system were accounted for.

For the ARHMM, learning the transition matrix for the follow-up of wave climate components was
omitted due to time constraints, such that a more simplified matrix was tested with the same distribution
for each row. Two options for this distribution were tested, which were the weight distribution of the
wave climate and a distribution sampled from a Poisson distribution with parameter λ = 4. The results
were again compared to the reference run of one week, showing that for the weight distribution of the
wave climate the same result as that of the Markov model was found. From this was concluded that
the transition matrix should not be the same distribution for every row to really add the wave climate
as a covariate. The Poisson distribution had a smaller tail in the distribution than the wave climate
distribution, which could be connected to the result that less sediment out of all areas ended up in area
3, acting as a sink to the system.

Many ways to improve the model were discussed. A better learning and validation would be necessary
to quantify the validity of the model better. For learning a longer time series could be done or as
another option the approach could be changed by learning from wave climate data instead. Adding
autoregressive components to the model could improve the accuracy of the model. Improved area
schematization options of adding a loss cell or changing the source distribution could account for losses
when modelling the system. Adding more covariates could improve directional effects in the system
that energy and direction are not directly linked as in the used wave climate schematization. Another
covariate that could be added is by including management decisions into the model. This could be
like the position were to put a nourishment directly linked to the costs. The transition matrix for the
follow-up of wave climate components could possibly be learned separately. And last the ARHMM
shows some potential to include challenging fine-sediment effects of flocculation and memory. For these
last effects SedTRAILS would first have to be further developed to get the necessary sediment pathway
data.

RQ4: How fast can the probabilistic model compute results compared to SedTRAILS?

Many mentions were made of the computational cost of the probabilistic model to aim for faster compu-
tation times than the original Lagrangian model SedTRAILS. In the results it was seen that inference
on the created Markov model and ARHMM only took milliseconds. This is significantly faster than
SedTRAILS, which takes minutes to compute the sediment pathways for the same system.

The faster computational speed of the Markov model and ARHMM was explained by the fact they
do not have to compute the underlying physical processes of the system. Some of the recent existing
probabilistic approaches to sediment transport (Kroon, 2024; Schmelter et al., 2012; Schmelter et al.,
2011; Schmelter & Stevens, 2013; Schmelter et al., 2015) use a process-based formulation and implement
a stochastic description of the variables. Those models have a better guarantee to be accurate, but will
have to neglect less relevant processes if they want to save computational speed. The approach in this
thesis is the opposite that the developed model makes estimates based on pattern recognition it has of
sediment pathway data of the system described using connectivity. This difference in approach is like
a bottom up approach versus a top down approach. This makes the creating of a probabilistic model a
trade-off between accuracy and computational speed.

It is expected that more covariates or autoregressive dependencies would have to be added to im-
prove accuracy of the model. This will inevitably increase computational time, but depending on the
implementation it could still be orders of magnitude faster than SedTRAILS. For a more detailed ap-
proach of analysing the computational cost of the model could be analysed in terms of the P vs NP
problem. This is one of the millennium problems that is central to the field of computer science.
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Based on the above conclusions, we can answer the main research question:

How can we use sediment pathways data of complex tidal systems to create a probabilistic model that
can make fast and accurate estimates of those pathways using Markov chains?

Sediment pathways data created using all components of a full wave climate can be used with a con-
nectivity description of the system to create the emission matrix of an Auto-regressive Hidden Markov
Model (ARHMM). The accuracy of this model is still limited, but has great computational speed in
the range of milliseconds. This is a very promising outlook in that further developments could become
more accurate at estimating sediment pathways coastal systems.

As recommendations for further research the points in the discussion are things that can be experi-
mented with to improve the accuracy of estimates created using the model. Also for more research into
the used ARHMM structure regime switching Markov chains could be looked into. This could deepen
understanding of the model and uncover possible limitations.
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A
Emission matrix and transition

matrices

This appendix shows the created matrices for the Auto-regressive Hidden Markov Model (ARHMM)
that were too big to be in the results section. First the transition matrices are shown and after that
the emission matrix.

A.1. Transition matrices
Both transition matrices assume independence of wave climate components following each other up
resulting in the same distribution for each row.

A.1.1. De Fockert transition matrix

Figure A.1: The 13x13 transition matrix using the weight distribution from De Fockert (2008) also found in Figure 3.3.
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A.1.2. Poisson transition matrix

Figure A.2: The 13x13 transition matrix using a distribution sampled from a Poisson distribution with λ = 4.
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A.2. Emission matrix
The 13x5x5 emission matrix determined by running Delft3D for the area of Ameland inlet for different
wave climate components of the wave climate schematization by De Fockert (2008) and using these
hydrodynamic to compute the sediment pathways using SedTRAILS and turning those into transition
matrices.

Figure A.3: Emission matrix of the ARHMM. Part (1/3).
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Figure A.4: Emission matrix of the ARHMM. Part (2/3).
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Figure A.5: Emission matrix of the ARHMM. Part (3/3).
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