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Summary

The coordination of dredging operations in the port of Rotterdam is a costly and dynamic process. This
internship project focused on analysing the historic data on dredged sediment volumes, and investigated
if the weekly dredging volumes can be forecasted based on relevant hydro-meteo variables via a machine
learning approach. The internship project took place as part of Work Package 4 of the TKI PRogramma
Innovatief Sediment MAnagement voor Havens (PRISMA) 3 project.

The data on dredging volumes was made available via the Port of Rotterdam (PoR) and Rijkswaterstaat
(RWS). The hydro-meteo time series data was collected via the RWS and was accessed through their online
portals and API services. The hydro-meteo and dredging data was synthesized. A correlation analysis was
done between the hydro-meteo parameters and the weekly dredging records in each dredging basin of the
port to evalute the stength of the relationships and how they differ across port areas. The modeling was
done via a random forest regression approach, in two phases: in the first phase, the port area as a whole
was considered, and dredging volumes were predicted on a basin level. In the second phase, modeling was
done on the smaller dredging area (baggervakken) level in selected basins.

The correlations found for each basin were subtle, never exceeding an absolute value of 0.3. However,
the analysis provided insight into how correlations per parameter vary based on the basin’s location in the port
and the temporal window used for parameter aggregation. Several modeling approaches were explored. At
the basin level, the highest R? achieved was 0.22, while at the baggervakken level, the highest R? was 0.14.
Possible reasons for the models’ low predictive accuracy are identified, along with proposed methodological
improvements.
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1 Introduction

1.1 Internship organisation background

The internship was conducted at Deltares. Deltares is an independent institute for applied research in the
field of water and subsurface. Their main focus is on deltas, coastal regions, and river basins. The company
employs over 800 people and is headquartered in Delft, the Netherlands.

The internship was primarily based at the Data Science and Water Quality (DSW) department and partially
based at the Ecosystems and Sediment Dynamics (ESD) department in the Marine and Coastal Systems
unit. The research project was completed within the PRogramma Innovatief Sediment MAnagement voor
Havens (PRISMA) Ill project. This project aims to provide innovative solutions for sediment management in
ports. PRISMA 11l is comprised of four distinct work packages (Lenssinck & Hendriks, 2024):

1. Work Package 1: Use tidal- and river dynamics for final transport of dredged sediment towards sea
2. Work Package 2: Optimize intake and disposal of sediment using a sediment transport model
3. Work Package 3: Beneficial reuse of dredged sediment on a large scale

4. Work Package 4: Data science for more efficient dredging trips

This specific internship project took place as part of the research done in Work Package 4 (WP4).

1.2 Context and justification of research
1.2.1 System description

The project’s study area is the port of Rotterdam. The port is located at the confluence of the rivers Rhine
and Meuse as they enter the North Sea (Vuurens & Maurenbrecher, 2003). The tidal dynamics of this area
are governed by by the river input from upstream and the tidal conditions at sea. Discharge from upstream
is transported by the rivers Waal (the main distributary branch of the Rhine), Meuse, and Lek. Of these, the
Waal transports the largest amount of discharge (approximately 70%), while the Meuse and the Lek cover
a magnitude of 14% and 16% respectively. Sediment fluxes (bedload and suspended) are proportional to
these discharge magnitudes (Cox et al., 2021). The sediment flux is estimated at 2500 m?/s for the Rhine,
and 200 m?/s for the Meuse (Vuurens & Maurenbrecher, 2003). The rivers mainly carry fine-grained material
(Vuurens & Maurenbrecher, 2003). The North Sea is another major source of sediment, mainly comprised
of sand and silt (Vuurens & Maurenbrecher, 2003). Beadload and suspended sediment fluxes enter the port
area through the main entrance channel in the Nieuwe Waterweg.

The port of Rotterdam covers an area of 12 500 hectares (including land and water) and stretches over a
length of 40 kilometers. The portis the largest in Europe, with an approximate cargo throughput of 438 million
tonnes of freight per year (Authority, 2024). The port area is comprised of eight major basins: Maasvlakte
I (MV1) and Il (MV2), Europoort (EUP), Botlek (BL), Pernis (PN), Eem-Waalhaven (EW), Fruithavens (FH)
and Stadhavens (SH) (see Figure 1).

To ensure a safe navigable depth, maintenance dredging, i.e. the removal of deposited sediments, has to
be conducted regularly. Maintenance dredging in the port is the shared responsibility of two entities: the Port
of Rotterdam (PoR) and Rijkswaterstaat (RWS). PoR maintains the port basins, whilst RWS maintains the
rivers and waterways (Kirichek et al., 2018). The two authorities share the costs. Different types of dredging
vessels, each with their specialization are needed to maintain safe navigable depths. In the case of the port
of Rotterdam, the following types of dredgers are utilised on a regular basis (Kirichek et al., 2018):

1. Trailing suction hopper dredger (TSHD) - These dredgers are equipped with a suction pipe ending
in a drag head. As the drag head moves over the sea- or riverbed, it collects sediment, silt, and sand.
The dredged material is stored and later relocated (Boskalis, n.d.).

2. Bed leveler - These dredgers involve the use of a plough that is hauled behind a tug along the sea- or
riverbed, leveling the high spots and ridges (Seaexia, n.d.).



3. Grab dredger - These dredgers are equipped with a crane that has a grab or clamshell. As such, it
can be lowered to the sea- or riverbed, scoop up sediments, and then release it aboard for subsequent
relocation (Dredging, n.d.).

4. Water injection dredger (WID) - This technique involves the use of water jets to fluidize sediment
deposits. Subsequently, the fluidized sediments can flow away as a density-driven current (Kirichek
et al., 2021). The use of WID in the port of Rotterdam is still in an experimental stage: an investigation
and evaluation of its use was initiated in previous PRISMA projects (de Wit & van Rees, 2022; Kirichek

et al., 2021).
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Figure 1: Overview of the major basins and the source direction of fluvial and marine sediments in the port
area (Kirichek et al., 2018)

When dredged sediment volumes are physically removed from the system, the material is either 1) used
elsewhere, 2) relocated to designated areas in the North Sea (if not contaminated), or, 3) stored in the
confined disposal facility called the Slufter (if contaminated) (Kirichek et al., 2018). An estimated 12-15
million m? of material is dredged annually to maintain the nautical guaranteed depth (NGD) required in the
various parts of the port.

1.2.2 Data science for dredging

As outlined above, dredging operations in the port are the shared responsibility of the PoR Authority and
RWS. A visit to the port’'s asset management revealed how these operations are organized: each year
an assessment is made on which areas of the port are classified as sources of contaminated and non-
contaminated sediments. This assessment determines how the dredged material is disposed of.

The seabed in the port is under regular bathymetric monitoring. Depending on survey results, a weekly
plan is made regarding which areas need to be dredged to ensure the local NGD. However, the planning
and execution of dredging activities is a highly dynamic process: the set plans change multiple times a week
depending on weather conditions, the availability of dredgers, and whether the specific part of the port is free
to accommodate the dredging vessels.

Maintenance dredging and the consecutive relocation of the removed sediments can be associated with
high monetary costs and greenhouse gas (GHG) emissions. As such, there is a need to find solutions to
reduce the financial and environmental cost of dredging, while simultaneously safeguarding port operations
(de Wit & van Rees, 2022; Kirichek et al., 2021). Data science approaches to optimize dredging can be
explored by investigating the factors that drive sediment accumulation in ports.

During dredging operations where the sediment is physically removed, data is collected on the quantity
of the removed material. This dataset can be used for further analysis in combination with openly available
environmental data from the RWS (Waterinfo, n.d.) to evaluate if there is a relationship between external
system processes and dredged sediment volumes in the different port basins. A machine learning model



can be employed to predict dredging needs in the port. This tool would allow for more efficient maintenance
dredging operations by helping asset management 1) ensure the yearly budget for dredging is allocated
efficiently, and 2) allow for easier planning around cargo traffic.

1.3 Summary of previous research

Previously, an MSc thesis project was conducted by van Wijngaarden (2024), who used a machine learning
approach to predict sedimentation rates in the Botlek area of the port. The Botlek lies at the transition zone
where fluvial and marine sediments meet (see Figure 1), as a result of a moving salinity gradient. As such,
the region experiences a relatively high sedimentation rate and therefore, needs to be dredged frequently.

The project of van Wijngaarden was a novel attempt to use machine learning to forecast sedimentation
in the port of Rotterdam. His approach utilised the bathymetric survey data to derive sedimentation rates
as a target variable. Furthermore, for a number of metocean variables he used modeled values, specific to
the Botlek basin. As such, there are some key differences between his research and the one hand, both
in terms of scope and methods. However, his general approach to data processing and modeling offers a
valuable starting point to the research, and serves as a useful source to compare the results to.

Van Wijngaarden explored different modeling approaches to predicting sedimentation in the Botlek as
he explored linear, random forest, and support vector regressions using different configurations for input
data. He was able to obtain the highest accuracy metrics of an R? of 0.69 and an RMSE of 388.78 using a
support-vector machine approach, coupled with a monthly aggregation of the input metocean data and the
normalisation of the sedimentation rate into m?3/day. The random forest runs produced slightly lower but
comparable accuracy metrics, with the added benefit of providing insights into feature importance scores
(van Wijngaarden, 2024).

1.4 The aim of internship research/activities

The general aim of PRISMA Il is to reduce emissions and costs of port maintenance dredging. Within the
PRISMA 11l project, WP4 analyses the available data to gain further insights into dredging operations and
develop tools for more effective dredging.

1.4.1 Research objectives and research questions

Previous PRISMA projects focused on smaller localized parts of the port to gain insights into sediment man-
agement via data science. This internship project was the first time the entire port area was under consider-
ation. As such, the overarching objective was to explore if dredging in the whole port area can be modeled.
To this effect, historical datasets on dredged sediment volumes (collected during the dredging missions) and
openly available environmental monitoring data (collected by Rijkswaterstaat via measuring locations across
the port) were combined to gain an understanding of how external system processes affect the amount of
dredging that is needed for port maintenance.

The first objective of the internship was to combine and explore the dredging data; and gain some insights
into how dredging operations historically evolved in the port. This first part aims to see if any (spatial) patterns
can be identified, as well as to produce some visualizations that can provide insights to stakeholders (e.g.
the PoR and the RWS).

The second objective of the internship was to link the historical dredging data to hydro-meteo variables.
The goal of this phase was to explore how the different variables influence dredging in the different parts of
the port, and evaluate if a machine learning model could be used to forecast the weekly dredging volumes.

1. What are the links between aggregated dredging volumes for different basins and environmental pa-
rameters in the port of Rotterdam?

2. How could a machine learning model be trained to effectively predict dredging volumes in the port of
Rotterdam?



2 Methodology

2.1 Data

An overview of the data and its sources is provided in Table 1.

Table 1: Overview of the types and sources of raw data used in the project.

Data

Source

Type

Format

Comments

Dredging volumes

PoR, internal com-
munications

time series

.CsV

Volumes recorded
per mission per
baggervakken.
The dredged sed-
iment material is
quantified in cubic
meters

Dredging volumes

RWS, internal
communications

time series

.CSv

Weekly aggre-
gates per bag-
gervakken. The
dredged sediment
material is quan-
tified in tons dry
solids (TDS)

Environmental
parameters (wind,
wave, current, etc.

)

RWS, water-
info.rws.nl, ma-
troos.rws.nl

time series

.csv (accessed via
API)

Time series data
recorded at differ-
ent static measur-
ing stations across
the port area

Baggervakken ex-
tents

PoR, RWS

vector

.shp

The data also in-
cludes information

on the NGD in the
different port areas

2.1.1 Dredging data

The data on dredged sediment volumes is recorded during dredging missions and was made available via
internal communications with representatives of the PoR and the RWS. From the RWS, data was available
starting from 2015 until the beginning of 2024; and from the PoR 2007 until mid-2024. In both datasets, the
amount of dredged material was provided as weekly aggregates. There were some differences between
the two datasets, namely in the units used to quantify the amount of material dredged, and the spatial detail
of where dredging was done. The PoR data was recorded in cubic meters, and records are discriminated
on a baggervakken level, which are smaller areas within the larger port regions (see Figure 2). The RWS
dredging amounts were quantified in tons dry solids (TDS), and were aggregated to a coarser spatial level,
whereby the records were discriminated by the larger port regions. For the purpose of this report, the term
’basin’ refers to the larger distinct port areas, such as Europoort, Maasvklakte, Botlek, Area G, etc. The term
baggervakken refers to the smaller dredging areas that are distinct in the PoR dataset.

In addition to the data sets, spatial data on the locations, extents and minimum NGD of the different
baggervakken were also available.


https://waterinfo.rws.nl/
https://waterinfo.rws.nl/
https://vitaal.matroos.rws.nl/
https://vitaal.matroos.rws.nl/
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Figure 2: lllustration of what is meant by basin and by baggervakken in the research

2.1.2 Environmental data

Environmental data is collected in the port via means of in-situ measurements and modeled values. For
the purpose of this project, the decision was made to prioritize the use of in-situ data. The data was made
available through the RWS archive via waterinfo.rws.nl and accessed via the ddlpy Python package, which
provides an API to the archive (Baart, 2019). All available data for each of the parameters of interest in the
port were gathered and explored. A selection was then made to use data from measuring stations where the
data was of sufficient quality and temporal resolution. While using the service provided by the RWS waterinfo,
it was discovered that not all environmental variables relevant to the research project were available or of
sufficient quality. Supplementary data was accessed via the RWS MATROOQOS service. Table 2 shows an
overview of all the raw data collected for the project. Figure 3 shows the location of the measuring stations
with respect to the study area.

A description of the following hydro-meteo parameters used as input data in the model is given, as well
as the respective amount of measurement stations used per parameter.

+ Water level - Higher water levels are associated with storm occurrences, and hence an increase in the
inflow of materials. Data was acquired from the Hoek van Holland station.

» Water conductivity - Conductivity levels vary across the port area depending on whether the location is
more influenced by marine or river fluxes. Conductivity is used to calculate practical water salinity. Two
measurement stations were taken for this parameter to distinguish between more marine-dominated
and more river-dominated areas, these were the stations Hoek Van Holland and Lekhaven respectively.

» Discharge - Two discharge parameters were considered in the analysis. The discharge at the Maas-
mond was incorporated to investigate the effect of river water flow on dredging needs. The discharge
at Haringvliet was included because it was hypothesized that since this area is rather muddy, a high
discharge would cause an increased release of material in the North Sea. From here, the currents
transports the material northward, and the material re-enters the port via the Nieuwe Waterweg.


https://waterinfo.rws.nl/
https://matroos.rws.nl/

* Flow velocity, acquired from the Spijkenissebrug station (near-surface flow velocity).

* Wave height - Wave height measurements were taken from the North Sea, due to the rationale that the
rate of sedimentation in the port is closely related to the conditions at sea. It was expected that larger
waves at sea (which are generally a result of stronger north-westerly winds) would lead to increased
sedimentation in the port. Data was acquired form the Eurogeul station.

Turbidity - Water turbidity was highlighted as a parameter worth exploring by the port officials and also
by van Wijngaarden (2024). Turbidity is expected to be positively related to dredging. Unfortunately,
this parameter is not measured within the study area. Therefore, data on this parameter was acquired
from the Moerdijk brug station, which was the closest measuring station with data of adequate temporal
resolution.

* Wind speed - Data was acquired from the Hoek van Holland station.

Wind direction - Although south-westerly winds are dominant in the port, north-westerly winds tend to
be stronger. Therefore, it is expected that more dredging is needed in parts of the port that lie close
to the entrance of the Nieuwe Waterweg following periods of frequent north-westerly winds (internal
communication). Data was acquired from the Hoek van Holland station.

+ Week and month numbers - Asset management revealed that the beginning of the year tends to be
busier in terms of dredging. Therefore, the month and week number during which the dredging was

carried out is also considered.

Table 2: Overview of the raw environmental data obtained from the RWS for the project

Parameter code Name Unit Station Access via
WATHTE Water level cm Hoek van Holland waterinfo
GELDHD Water conductivity mS/m Hoek van Holland, Lekhaven | waterinfo

Q* Discharge rate m3/s Maasluis, Haringvliet waterinfo
STROOMSHD Flow velocity m/s Spijkenissebrug waterinfo
WINDSHD Wind speed m/s Hoek van Holland matroos
WINDRTG Wind direction Degrees relative to North Hoek van Holland matroos

TURB Water turbidity NTU Moerdijk brug waterinfo
T Water temperature C Hoek van Holland waterinfo
HmO Wave height m Eurogeul matroos

2.2 Preprocessing

2.2.1 Dredging data and shapes

Weekly dredging records
Both the PoR and RWS weekly dredging datasets were available as weekly aggregates. The dredging
datasets from the RWS and the PoR required slight pre-processing to be made compatible. The PoR con-
tained information on how much material was removed during dredging trips, but also when water injection
dredging was done in a certain baggervakken. These records were not considered in the analysis because
they do not involve material being removed from the seabed, making it difficult to quantify how much of sed-
iment was displaced. The RWS dredging volumes were converted from TDS to cubic meters according to
Table 3. The conversion factors are expert estimates and are related to the sediment makeup of the area
(i.e. how sandy or muddy the area is). The two datasets were combined to get the total weekly dredged
volumes across the port.
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Figure 3: Location of the measuring stations where environmental data was taken from for the analysis

Table 3: Conversion factors used to derive dredged volumes in m>® from TDS in the RWS dataset (internal
communication)

Region Conversion factor

E 2.32

F 1.70

G 1.40
1001-1004 1.25
1004-1009 1.63
1009-1013 1.90
1013-1020 0.70
1020-1023 1.10
1023-1035 0.70
oms 0.70

Baggervakken shapefiles

The spatial data on the location and area of the different dredging basins required further pre-processing.
First, areas from the Slijkgat and Dordrecht were removed, as well as smaller baggervakken in the North
of the Stadshaven as these areas were deemed to be too far from the area of interest of the system. The
shapefiles were then linked to the dredging records based on the baggervakken unique identifiers. During
the processing of the spatial data, two main issues were identified and tackled:

1. Although for the most part the unique baggervakken IDs matched across the dredging records and the



shapefiles, there were a few significant differences where certain IDs were present in the shapefiles but
not in the records, or vice versa. In the case of data missing from the records, this could be explained
as these areas could have been considered as low-priority for maintenance dredging during the study
period. However, further inspection was needed to identify the locations of areas that were present in
the data set and were found to have experienced significant dredging during the study interval. These
areas were revealed to be silt traps, i.e. areas where the local bottom was artificially deepened near
the entrance of harbors. These are created to promote the settlement of sedimentation in these areas,
hence reducing the sediment accumulation further in the harbor, and thus reduce the need for dredging.
The weekly dredging records from the silt trap areas were aggregated to the larger baggervakken area
surrounding it.

2. Some baggervakken were rather small in size with only a few records across the entire time series. It
was decided that instead of treating these as separate entities, the dredging records were incorporated
to the larger areas connected to it. This was the case for the Breeddiep area, which was negligible
in size and total volume of material removed compared to the other RWS parcels. In these cases the
records were also merged with the larger dredging areas in their vicinity.

All alterations made in the shapes were also reflected in the dredging data, i.e. when a certain bagger-
vakken was removed, the corresponding records were deleted from the data, and when certain areas were
merged, the records of the merged areas were also aggregated in the data.

2.2.2 Environmental data

The data used to create the hydro-meteo independent variables can be categorized as 1) raw measured
data, i.e. directly measured at one of the measuring stations in the port (see Table 2) and 2) derived envi-
ronmental data, i.e. variables computed using the raw data as input.

Derived parameters
Some additional variables were computed using the raw environmental data. These are the following:

+ Tidal range - Tidal range was calculated by taking the difference between the lowest and highest water
level of each tidal cycle of 12.4 hours.

 Practical water salinity - The practical salinity was computed from the conductivity and temperature time
series taken from the Hoek van Holland and Lekhaven measuring stations using the PSS-78 algorithm
(Lewis & Perkin, 1981).

» Wind energy - Calculated by taking the square of wind speed.

The temporal resolution of the resulting environmental dataset varied from measurements at every 10
minutes to measurements at every 12 hours. In the next step, the data was aggregated to a daily resolution
according to Table 4.

Some time-series data contained no-data gaps. As the chosen modelling approach (random forest (RF))
requires samples to be of the same size with no missing values, the gaps in the time-series data had to be
resolved. The occurrence of data gaps varied among the different environmental parameters. While some
gaps were relatively minor (i.e. a few weeks missing at random across the dataset) for the wind, flow velocity,
and salinity parameters, in the case of discharge at the Maassluis, the entire year of 2023 was missing from
the dataset. Besides, for turbidity and Haringvliet discharge parameters, data was only available for a fraction
of the study interval.

In order to preserve as much data as possible, for environmental parameters where no-data gaps were
relatively sparse and distributed across the dataset, the Seasonal-Trend decomposition using Loess (STL)
imputation technique was used to fill the gaps. The STL decomposes the time series data into trend, sea-
sonality, and residuals before imputing the missing values. As such, it is an appropriate method to use for
hydro-meteo variables which have a distinct seasonal pattern (Abulkhair, 2023; Han et al., 2023). For pa-
rameters where no-data gaps were too large or entire years were missing, data imputation was not done.
Instead, at the modeling phase the impact of considering these parameters were evaluated by fitting the
model only on the clipped time interval for which data on that parameter was available for.



Table 4: Aggregation methods used for individual environmental parameters to obtain daily values

Parameter Aggregation method
Water level mean
Flow velocity mean
Temperature mean
Discharge mean
Wave height max
Tidal range mean
Salinity mean
Turbidity mean
Windspeed mean
Wind energy mean
Wind direction mode

2.3 Phase 1: Data aggregation and exploratory data analysis (EDA)

Random forest modeling requires all samples to be of the same size, i.e. for each observation in the target
variable there has to be a single corresponding observation in all predictors. In practice, this required the
daily environmental data to be further aggregated to a weekly resolution. Additionally, the time lag between
when a certain environmental phenomenon occurred and when its effects manifested in dredging had to be
accounted for. The aggregation of daily environmental parameters to a weekly resolution, whilst essential to
complement the weekly dredging data, can result in a notable loss of information. Therefore, an approach
was needed to aggregate the metocean variables in a way that preserves as much information as possible,
whilst also investigate what temporal factors to consider when investigating the effects of different predictors.

In order to investigate the effect of different time-lags, a rolling window approach was taken to aggregation.
For each weekly record in the dredging data, the environmental variables were calculated by taking the
cumulative aggregates outlined in Table 4 for the week before the dredging observation. The reason for
taking the aggregates for the week before the corresponding dredging record is due to the way the PoR plans
dredging operations: for a given week, the port authority considers information from bathymetric surveys
and makes a plan of which areas will be dredged the following week. As such, each weekly sum of the
dredged sediment volumes is a result of the decision made the week prior. Therefore, the environmental
parameters were aggregated to the point in time when the decision is made on which areas will be dredged.
The cumulative aggregations were done in windows of 7, 14, 21, and 28 days, and the effect of the different
lags were evaluated by considering the Spearman’s rank correlation between the parameter aggregates and
the corresponding dredging volumes. A schematic diagram of how the environmental data aggregation was
carried out can be seen in Figure 4.

The issue with aggregating the environmental parameters to coarser temporal resolutions is the smooth-
ing out of extreme parameter values (such as the frequency of north westerly winds or large waves). To
combat this loss of information, additional variables were calculated during the aggregation of daily data.
When the rolling accumulation was implemented, the following additional variables were computed:

» DaysNWwind - Calculated by counting the number of days when NW winds were dominant.

» DaysLargeWaves - Calculated by counting the number of days when the maximum wave height was
2 meters or above.

» DaysStrongWind - Calculated by counting the number of days when the maximum Beaufort rank was
7 or above to account for storms.
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Figure 4: Schematic overview of the environmental data aggregation

2.4 Phase 2: Correlation analysis

Two correlation analyses have been performed. The first correlation analysis focused on all predictors and
the target variable to identify patterns and collinearity between inputs. The second correlation analysis fo-
cused only on the relationship between each of the lagged environmental parameters and the dredged vol-
umes, to investigate what rolling window aggregations yield the strongest correlation. In both analyses,
Spearman’s rank correlation was considered, as the majority of the environmental parameters have a bi-
modal distribution. The correlation analyses were performed for each basin individually, as it was expected
that the effect of certain parameters would be more pronounced in some basins and less so in others. For
example, the effect of wave height was expected to show a stronger relationship with dredging in the basins
closer to the port entrance. The dredging data was explored separately to gain insights on which basins and
baggervakken required the most extensive dredging during the study period.

2.5 Phase 3: Modeling

The modeling was done in two phases, corresponding to the spatial resolution at which the dredging volumes
were aggregated.

2.5.1 Phase 3.1: Basin level modeling

In the first phase, dredging volumes were aggregated to weekly sums on the larger basin level. To be able
to incorporate data from both the PoR and RWS areas, the total dataset was clipped to the period 2015 -
2023. The weekly dredging data was amended, so that each occurrence of a basin lacking a record for a
given week was assigned a zero for its target column. The resulting dataframe contained 8336 observations
in total.

It is important to mention that it was not possible to run the model by incorporating all the hydro-meteo
data gathered. This was because of the time periods covered by each hydro-meteo time series. For example,
turbidity data was not available after 2014, so this parameter was excluded in the basin-level modeling (as
the RWS data was only available after this point). Data on the Haringvliet discharge parameter was available
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Table 5: The hyperparameter combinations tested to tune the baseline basin-level model

Hyperparameter Options
Number of trees 100, 200, 300, 400
Max depth None, 10, 20, 30
Min samples per leaf 20, 100, 250

between 2013 - 2020, meaning that the dataset had to be clipped to this interval when modeling with the
inclusion of this parameter. The decision to include certain variables influenced the size of the total model
input dataset: since the random forest model cannot handle missing values among predictors, samples
corresponding to the missing weeks were dropped before fitting the model.

Additionally, when two predictors showed high collinearity as per B.3 the decision was made to use either
one or the other - for example, as discharge at the Haringvliet was highly correlated with discharge at the
Massluis, either one or the other was used as model input.

Once the included predictors were established, the total dataset including the predictor and target columns
was splitinto a 80% - 20% train and test ratio. One-hot encoding was used to encode categorical variables,
such as the names of the dredging basins, and whether the region under consideration was a waterway
or a harbour. The total weekly dredged volumes per basin were used as the target variable. The model
performances were evaluated using the R? value and the root mean square error (RMSE).

First, a baseline model was fitted without any hyperparameter tuning to analyse how well a default random
forest regressor is able to predict dredging volumes; as well as gain insights on how the structure of the
decision tree forest develops during training (i.e. how many trees are grown and which depth). This was
followed by a grid search of the hyperparameters and corresponding values summarized in Table 5. The
hyperparameter tuning was done with a 5-fold cross validation.

The hyperparameters which yielded the best R? value were used to train the regressor, and the tuned
model was evaluated again in terms of its ability to predict weekly dredged volumes.

2.5.2 Phase 3.2: Baggervakken level modeling

In the second phase, the decision was made to consider dredging at a higher spatial resolution by modeling
at the baggervakken level in a few select basins. The selected basins were the Maasvlakte, Botlek, and Eu-
ropoort. A key difference here was the time-frame considered in the analysis: since data from the PoR was
available for a longer time period (2007-2024), the entire time series was considered when modeling. De-
pending on the availability of the hydro-meteo parameter parameters, different time intervals were selected
for modeling. As such, multiple runs were conducted to evaluate how predictor selection affects model per-
formance. In addition to the hydro-meteo variables, some additional spatial predictors were computed and
added to the model. These were the following:

« The minimum nautical guaranteed depth in a dredging area. It was expected that the deeper the NGD,
the more dredging would need to take place.

* The size of the dredging area in square meters.

+ In the case of the Maasvlakte and Botlek, the distance to the entrance of the port basin per dredging
area was also computed. It was expected that the closer the dredging areas are to the harbour opening,
the more sediment would accumulate, and therefore more dredging would be required in these areas.

The hyperparameters used for the modeling were the ones found during the tuning of the basin-level
model.
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Figure 5: Spatial variables included in the baggervakken level modeling, exemplified with the Botlek basin.
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3 Results

3.1 Phase 1: Dredging in the port of Rotterdam
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Figure 6: Aggregated dredging volumes in the different dredging areas of the port in the full dataset, nor-

malized by the size of the areas. Note that the data from the RWS was available from 2015- beginning of
2024, and data from the POR was available from 2008- mid 2024.

Figure 6 shows the hotspot map of dredging in the port. By far, the most dredging was done at the en-
trance of the Nieuwe Waterweg, especially in parcel E and in baggervakken MV-010-AAZ near the entrance
of the Maasvlaakte. There are other hotspots further inland, such as in the Botlek, an in the entrances of the
Pernis and Eem-Waalhaven. These can be explained by the presence of siltraps in these areas.

Table 6: The baggervakken with the largest dredged volumes across the dataset. Note that for parcels E
and G, data was only available for 2015-2023.

Dredging area | Volume dredged (m?)
MV-010-AAZ 36,601,516
E 26,322,720
G 16,945,600
EU-222-ABO 11,926,674

In terms of the temporal distribution of dredging, the Maasvlakte is by far the most dredged basin of the
port, followed by parcels G and E. The monthly aggregated records show that the first six months of the
calendar year tend to be the most active in terms of total sediments removed (Figure 7. The year 2020
was an exceptionally high dredging year and had a peak in dredging activity in August. A high dredging
peak in August is unusual. Upon asking the opinions of the experts during a project consortium meeting, it
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was revealed that in this period there was high discharge at the Lobith (where water enters the Netherlands
from Germany) and the runoff from the river was high in that period (PRISMA Consortium Meeting, 2024
November). The idea of reduced ship traffic due to the pandemic was also raised as a contributing factor.

Total volume of sediments dredged by month and year across the dataset
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Figure 7: Sum of dredged material, broken down by month and year. Note that the data from the RWS was
available from 2015- end 2023, and data from the POR was available from 2008- mid 2024. The highlighted
section shows the years when the dataset was complete.

3.2 Phase 2: Correlations between environmental data and dredging

To find the most suitable timelag between the weekly dredging volumes and the hydro-meteo variables, a
correlation analysis was performed per basin. An example of the output of the correlation analysis for the
Maasvlakte and Botlek basins can be seen in Figure 8.

The strength of correlations remained quite weak, although they varied per basin. None of the hydro-
meteo variables resulted in an absolute value higher than 0.3 in any of the basins. The strongest and weakest
correlations per hydro-meteo parameter found with the weekly dredging are summarized in Table 7. In
general, the wind-derived predictors showed a near 0 correlation in most basins, except for the Fruithavens.
The discharge at Haringvliet predictor produced the strongest correlations, especially in parcel G (0.26) and
the Maasvlaakte (0.20). In the Stadshavens, this parameter had a strong negative correlation (-0.23) with
dredging. The turbidity parameter also showed somewhat stronger correlations with dredging, however the
direction of the relationship differed. For example, turbidity showed a negative correlation with dredging in
the Maasvlakte (-0.21) but a positive one in Stadshavens (0.16). Tidal range also produced some slightly
stronger correlations, mostly in the Botlek (0.15), and the Maasvlakte (0.14). The effect of using different
window sizes remained rather negligible for most parameters, as the strength of the correlations coefficients
only changed by approximately + 0.05. Nevertheless, the correlations coefficient for certain parameters,
such as the tidal range and the Haringvliet discharge, were slightly stronger when aggregate to the 28-day
window, therefore this aggregation window was used to create the dataframes for subsequent modeling.

It is worth noting that the overall correlation analysis produced stronger correlation values for the basins
where dredging was conducted less frequently, i.e. the basins which had a relatively large share of weeks
where a sum of 0 m? was dredged. For example, in the case of the Fruithavens and Stadshavens, where
the weekly dredging logs were sparser, the correlations were stronger than in the case of the Maasvlaakte
or Europoort, where material was removed almost every week (see dredging logs in Appendix A.2 and A.3.
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Table 7: Input parameters, and the strongest and weakest correlations found per basin

Parameter

Strongest
correlation &
basin

Weakest corre-
lation & basin

Comments

Max Beaufort rank 0.20; 0.00; 1023-1035 | Near 0 correlation for
Fruithavens most basins
# Days large waves 0.21; 0.00; 1023-1035 | Near 0 correlation for

Fruithavens

most basins

# Days NW wind

0.12; 1020-1023

0.01 EW and
Fruithavens

Near 0 correlation for
most basins, slightly
higher in parcels closer
to port entrance

# Storm days 0.12; 0.00; G Near 0 correlation for
Fruithavens most basins
Wave height 0.18; 0.00; Pernis
Fruithavens
Salinity Hoek van Hol- | 0.17; Eem- | 0.00; 1023-1035 | Generally negative cor-
land Waalhaven relations, except for the
Eem-Waalhaven
Salinity Lekhaven 0.17; Eem- | 0.00; 1023-1035 | Generally negative cor-
Waalhaven relations, except for the
Eem-Waalhaven
Discharge at Haringvliet | 0.26, G 0.02,
Fruithavens
Discharge at Maassluis | 0.13; Botlek & | -0.01; 1023-
-0.13 at Eem- | 1035 and other
Waalhaven waterways
Flow velocity -0.20; 1001- | 0.00; 1020-1023 | Generally negative cor-
1004 and F relations, except for the

Botlek where a posi-
tive relationship was ob-
served (0.15)

Turbidity -0.22; Europoort | 0.00; Generally negative or
Fruithavens near-zero correlations,
except for Stadshavens
(0.16)
Temperature -0.17; Botlek 0.04; 1009-1013
Tidal range 017; E 0.01; Stad-
shaven
Water level -0.15, Botlek 0.01; G
Wind energy 0.20; 0.00; 1013-1020 | Near 0 correlation for
Fruithavens most basins
Wind speed 0.20; 0.00; F Near 0 correlation for

Fruithavens

most basins
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Figure 8: Correlation between hydro-meteo variables cumulatively aggregated to different window sizes,
and the weekly dredging volumes.
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3.3 Phase 3: Modeling

As outlined in Section 2.5, the modeling was done in two phases. First, a baseline RF regressor was fitted on
the training set and evaluated on the test set. The hyperparameters were left at default settings, but features
were dropped from the model due to their collinearity with other variables (wind energy dropped in favor of
wind speed, ) or because there was no overlap between the period of interest and the predictor time series
(turbidity).

3.3.1 Phase 3.1: Basin level modeling

Baseline model

Table 8: Baseline models and results

Model descrip- | Number | Years R? RMSE | Average| N esti- | Min

tion of sam- | cov- max mators | sam-
ples ered tree ples

depth per leaf

Haringvliet 4788 2015- -0.13 46,200 | 28 100 1

included (base- 2020

line)

Haringvliet 7472 2015- 0.10 43,000 | 34 100 1

excluded (base- 2023

line)

The hyperparameters and outcomes of the baseline models are summarised in Table 8. For the Haringvliet-
inclusive model, the R? was -0.13, and for the Haringvliet-exclusive model the value increased to 0.10. The
RMSE was also high, over 40,000 cubic meters for both models. Both models are likely overfitted on the
training dataset, as the number of estimators are only 100, with quite large average depths.

Tuned model
After performing the grid search to find the most optimal parameters (see Table 5), the model was fitted
again to the selected model settings using the parameter values which produced the best R? during tuning.
For the Haringvliet inclusive model, the grid search did not find an optimal number of tree depth, but found
the best number of estimators to be 100, and the best minimum number of samples per leaf to be 20. For
the Haringvliet exclusive model, the hyperparameter tuning yielded a combination of more estimators (200)
and shallower tree depth (10), combined with the same number of samples per leaf (20). Even though this
modeling stage excluded the most correlated variable, the overall accuracy metrics were higher than for the
Haringvliet inclusive model, likely due to the considerable difference in the number of samples (see Table
9). By enforcing the growth of shallower decision trees but growing a denser forest, the model was able to
generalize better (yielding an R? of 0.22), in spite of the lack of strong linear relationships between predictor
and target variables.

The feature importances of the tuned model reveal that the hydro meteo variables are not the predictors
which are considered to be of the highest importance by the model. Rather, the model places a higher
emphasis on whether the basin under consideration is the Maasvlaakte or parcel E.
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Table 9: Tuned models and results

Model descrip- | Number | Years R? RMSE | Average| N esti- | Min

tion of sam- | cov- max mators | sam-
ples ered tree ples

depth per leaf

Haringvliet in- | 4788 2015- 0.1 40,700 | None 100 20

cluded (tuned) 2020 (21)

Haringvliet ex- | 7472 2015- 0.22 39,900 |10 200 20

cluded (tuned) 2023

Features

Feature importances in tuned basin-level model
regiocode_MV
regiocode_E
TidalRange
regiocode_EU
Q_m3/s
PsU
regiocode_BT
regiocode_G
HmO_observed
STROOMSHD_m/s
T_oC
weeknummer
DaysNWwind
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DaysLargeWaves
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DaysStrongWind
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Figure 9: Feature importances in the tuned basin-level model.
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3.3.2 Phase 3.2: Baggervakken level modeling

The baggervakken level modeling was done on the Europoort, Maasvlakte, and the Botlek basins, using the
hyperparameters which yielded the best accuracy metrics in the Haringvliet-exclusive model. The accuracy
metrics and the top ranked predictors in terms of their importance are summarized in Table 10.

Table 10: Baggervakken level model accuracy metrics and the most important predictors in order of strength

Model descrip- | Number | R? RMSE | Most important fea-
tion of sam- tures
ples
Maasvlakte 7469 0.13 33,300 | BGV-AAZ, Distance to
entrance, PSU, Tidal
range
Europoort 9963 0.06 9238 BGV-ABO,

STROOMSHD, BGV-
ABN, Tidal range

Botlek 8118 0.14 5149 NGD, HmO_observed,
BGV-ABG,
STROOMSHD

In general, the baggervakken level modeling was more successful for the basins where the initial corre-
lation analysis also found stronger linear relationships between predictors and the target variable, such as
in the Botlek. The inclusion of the spatial variables produced varying results in terms of their importance.
In the Botlek model, NGD was ranked as the most important feature, followed by whether the area under
consideration was H-L-N-BT-004-BGV-ABG, i.e. the area which contains the Botlek silt trap. The distance
to entrance parameter was ranked second highest in the Maasvlakte model. Generally speaking, the unique
baggervakken identifiers still outranked the hydro-meteo predictors in these models.

19



4 Discussion

In this section, the results of the correlation analysis and the modeling are evaluated, and some potential
explanations are explored. Some initial approaches to the data processing are also described to provide
some insight into the research process. Finally, the limitations of the study are identified and its effects on
the results are discussed.

4.1 Discussion of results
41.1 Dredging records and correlation analysis

There are considerable differences between several basins in port in terms of frequency of maintenance
dredging and volume of material that is regularly removed from the seabed. Basins such as the Maasvlakte,
Europoort, and parcel E undergo frequent dredging. In these basins, average values are between 40,000
and 80,000 cubic meters of dredged material and weekly aggregate values often rise above100,000 cubic
meters. The Botlek, Eem-Waalhaven, and Pernis basins are also dredged frequently, but with lower weekly
averages between 10,000 - 30,000 cubic meters. For the Fruithavens and Stadshavens, as well as the
waterways managed by the RWS, there were noticeably fewer records in the weekly datasets, and the total
weekly volumes also reached a lower average. An example of these can be seen in the Appendix figures
A.1,A.2 and A.3.

In general, the correlations between the weekly hydro-meteo aggregates and corresponding dredging
volumes were rather low and only changed slightly when different windows were considered. Discharge
at Haringvliet and tidal range were the two predictors which showed a slightly higher correlation across
multiple basins. There was some variation in the direction of the correlation for certain parameters. For
example, salinity measurements generally had a positive correlation with dredging in most of basins, but
a negative relationship in Eem-Waalhaven. Some correlations which do not seem to be very high in the
more actively dredged basins are higher in the Fruithavens. For example, wind-derived parameters (such
as number of days storm days and number of days with NW dominant winds) have a near 0 correlation in the
Maasvlakte, Europoort, and the Botlek. Contrastingly, in the Fruithavens the observed correlation between
these parameters and dredging is around 0.2, which is relatively high compared to the other basins. It is
not entirely clear why this happens, but since this basin experiences a relatively low activity in dredging, it is
possible that the higher correlations are more a result of coincidence than that of causality.

There could be a few reasons why the correlations between dredging and the hydro-meteo data are so
low across the basins. The first one could be that the dredging datasets contain a substantial amount of
noise in the form of dredged volumes which are a result of preventative dredging. Preventative dredging
can sometimes occur when a dredging vessel performs sediment removal in a certain area, and once it
is done removing the material which is a direct hazard to the NGD, the vessel is also used to dredged in
nearby areas to maximize the efficiency of the trip. In other cases, preventative dredging can occur when
the dredger has prior knowledge of an area which needs frequent dredging, and removes material before
sediment accumulation reaches a critical level (de Wit & van Rees, 2022). This creates noise in the dataset,
as not all dredged volumes recorded are in direct response to high sediment accumulation, but are rather
driven by human decision-making and maximizing the efficiency of the operation.

The second reason could be that by aggregating the dredging records to a basin level, there is consider-
able information loss. The information loss is due to the merging of dredging areas that are dissimilar from
each other from a system-dynamics perspective. The Europoort can be used to exemplify this (see Figure
10). The Europoort covers a large area and the individual dredging locations are more spatially diverse
compared to other basins, such as the Botlek. In the Europoort, the correlation analysis between dredging
and hydro-meteo measurements found a near 0 correlation for all predictors, except for tidal range (0.12).
In contrast, in the Botlek, which is a much more sheltered and compact harbor, the correlations are more
pronounced. It is likely that the same variation in hydro-meteo variables has a more uniform effect in the
Botlek, whereas in the Europoort the system dynamics vary to a greater extent depending on the location.
As such, the correlations with dredging are more pronounced when aggregated to basin-level in the case of
the Botlek, than in the Europoort, where the more localized impacts of certain parameters are lost when the
dredging records are aggregated.
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Figure 10: The Europoort and Botlek basins

41.2 Modeling

The modeling was done in two phases. The first phase involved training and testing a model on the entire
port area. The results of this phase revealed that the model makes better predictions when the input dataset
contains more observations, rather than when the dataset contains the most highly correlated predictor
(discharge at Haringvliet). Furthermore, another take-away of the basin-level modeling phase was that a
random forest regressor with a large number of estimators of shallow depths yielded better accuracy metrics
than the default, sparser and deeper forests.

In the second phase, the decision was made to zoom to individual basins and run the models on a
final spatial scale. In this phase, the addition of spatial variables produced varying results in terms of their
importance. In the Maasvlakte, the distance of the dredging area to the entrance of harbor ranked among
the most important features. In the case of the Botlek, the nautical guaranteed depth was the most important
feature, though it is important to note that the Botlek area has a higher variation in the NGD than the other
two modeled basins, due to the presence of the Botlek silt trap which is located at the entrance of the
harbor. Although the spatial variables rank high in terms of their feature importance, the generally low R?
values obtained for the baggervakken level models suggest that these variables do not improve the model’s
predictive power in a meaningful way. Indeed, it was not possible to develop a model with an R? higher
than 0.3 in neither the basin-level, nor the baggervakken level modeling. This result is not surprising, given
the general low correlations. The baggervakken level modeling illustrates this - the R? of Maasvlakte and
Botlek models were higher than that of the Europoort, which corresponds to the strengths of the correlations
discovered in the basins.

In all model runs, both on basin and baggervakken level, certain dredging areas were among the most
important features considered by the model when constructing the decision trees. In the basin-level models,
whether the area under question was the Maasvlake or parcel E was considered to be a more important
variable than any of the environmental predictors. These areas are by far the most dredged in the port,
with dredging activities being higher both in terms of weekly volumes and frequency. This means that when
predicting how much material will be dredged on a certain week, the model makes a prediction that is more
influenced by how much was dredged in the past in the given area, rather than based on the effect of the
environmental parameters. Similarly, the dredging areas which are usually the most dredged consistently
rank among the top predictors of the baggervakken model feature importance scores. As seen in Figure
11, certain areas undergo much more dredging than others - in the Maasvlakte for example, the volume of
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removed sediment in area H-L-N-MV-010-BGV-AAZ is triple of the second most dredged area. In the Botlek

and the Europoort there is similarly stark difference between dredging areas in H-L-N-BT-004-BGV-ABG and

H-L-N-EU-222-BGV-ABO and the other baggervakken respectively.
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4.2 |Initial approaches

During the course of the internship project, different approaches to data aggregation, feature engineering,
and subsequent modeling were tried, which were later improved upon. In this subsection, some of the
approaches that were explored are discussed to offer further insights into the research process.

4.2.1 Timelags in correlation analysis

The initial approach toward dealing with the time lag which occurs between a certain environmental phe-
nomenon occurring, and its subsequent effect on dredging, was more ’static’. The hydro-meteo variables
were aggregated to weekly values, and then shifted by 1 - 4 weeks with respect to the weekly dredging
volumes. In essence, this shift meant that for each sample in the dataset, the weekly dredging sums were
coupled with the aggregated hydro-meteo records one, two, three, or four weeks before. A correlation anal-
ysis was carried out to investigate which weekly lag yielded the strongest correlation. For each parameter
the best lag was used for the subsequent modeling. This approach was discarded in favor of the cumulative
aggregation, because it was decided that shifting the environmental data by specific weeks simplifies the
system dynamics too much. In the current setup, each weekly dredging aggregation was treated as the out-
come of only a single week in isolation. Examples of the correlation analysis results are given in Appendix
B.3.

4.2.2 Data preparation and model inputs

During the preparation of the dredging and hydro-meteo data, there were multiple discussions with experts
to determine what parameters to take as input for the models. As the research progressed, various experts
offered insights into what parameters might be valuable to consider. Furthermore, during the preparation of
the input data, multiple features were derived from the same source. E.g. there were multiple wind-derived
parameters, such as the wind speed, the number of days when NW winds were dominant, wind direction, the
number of days when the max Beaufort score of 7 was exceeded. In many cases, this resulted in substantial
collinearity between input parameters (see Appendix B.3. Multicollinearity among predictors was a result of
either 1) the natural relationship between hydro-meteo variables, e.g. the wind speed and the number of
days when the max wave height was above 2 meters; or 2) resulted from two modeled parameters being
computed from the same inputs (such as Q at Maassluis and Q at Haringvliet) or 3) one variable was used as
input in the computation of the other (wind speed and wind energy). Additionally, the modeling was further
complicated by the fact that it was not possible use the entire study interval of 2015-2023 due to large no-data
gaps in some of the input features. As such, multiple model runs were done, with different combinations of
input parameters, and consequently, different time periods considered. In essence, there was a trial-and-
error kind of approach to modeling, and to eventually find the combination of input features that yielded the
best accuracy metrics. Some examples of runs are summarized in Table 11.

4.3 Limitations
4.3.1 Limitations imposed by data availability

The aim of the project was to use hydro-meteo data which is measured in-situ in the port of Rotterdam.
To this effect, relevant time-series data measured by the RWS was accessed and processed (see Table
2). There were clear differences in the availability of useful data for the project, both in terms of spatial
and temporal coverage. Certain parameters, such as water level and water temperature, are measured at
multiple locations across the study area. For these parameters, it was possible to obtain time series data
that contained only limited gaps. However, data was less available for parameters such as flow velocity
or turbidity. Data on these parameters, though assumed to be influential in port sediment dynamics, is
only available for a few isolated locations, or is not measured at all in the system. A near-complete time
series for flow velocity was only available from the Spijkenissebrug station, which lies on the Oude Maas,
approximately 4 kilometers from the Botlek entrance. Turbidity is not measured in the port, and most stations
further upstream have not been in operation since the 1980s. The closest measuring station which had a
somewhat adequate temporal coverage for the analysis is in Moerdijk brug. The measurements taken at
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Table 11: Some of the approaches to data preparation and modeling that were experimented with during
the research process, but were not included in the final analysis.

Approach to modeling

Result

Follow-up action

Using all variables (raw and com-
puted) in the baseline basin level
modeling (including highly corre-
lated pairs).

Model accuracy metrics re-
mained comparable to those of
both the Haringvliet inclusive
and exclusive models. It was not
possible to run the models using
turbidity data as this variable
did not overlap with the RWS
dredging data

Correlated pairs were removed
to see if this would increase the
predictive power of the model,
and also to reduce the dimen-
sionality of the dataset.

Running the correlation analy-
sis and modeling on the data
which did not include records of
no-dredging weeks (i.e. there
were no weeks when 0 m? were
dredged for any of the basins).

Correlations and model metrics
were both higher, especially in
the Maasvlakte-specific model
where an R? of 0.4 was reached.

This was a somewhat surprising
model run. Likely the large dif-
ference in the number of obser-
vations per basin and per bag-
gervakken skewed the respec-
tive models. It was decided to
discard these runs because they
did not represent the real-life sce-
nario of certain basins not need-
ing dredging for weeks at a time.

Creating simple boolean vari-
ables for the extreme weather
events (e.g. storms, NW winds,
large waves) instead of counting
the number of days when these
phenomena was observed

Near zero correlation in most
basins

In the end it was decided to count
the number of days instead to
account for cumulative effects of
multiple days of extreme weather
behavior.

Running the model with the tur-
bidity predictor included

This run limited the number of ob-
servation in the dataset to 2120
observations, covering the time
period between 2008-2014 (as
turbidity data was only available
for this time). This time pe-
riod was also not covered by
the RWS dataset. The model
accuracy metrics were relatively
high (R? of 0.40, and RMSE
of 18790) and turbidity ranked
as the 4th most important pre-
dictor (after the unique location
identifiers corresponding to the
Maasvlakte, Botlek, Europoort)

Since turbidity data was only
available for a limited part of the
study period, and there was no
overlap with the RWS data, this
approach was not pursued fur-
ther.

Running the model on the PoR
data alone to evaluate if the
model performs better when con-
sidering a larger time-interval

Some years were still dropped
from the model run due to gaps
in the hydro meteo-data, but still
the time period of 2008-2023 was
considered. The accuracy met-
rics were comparable to those
of the tuned baseline basin-level
model, (R? of 0.22, and RMSE of
40894)

The improvement in accuracy
metrics was negligible compared
to the model which considered
the RWS data too.

25




this station produced somewhat weak negative correlations with dredging, which is counter-intuitive. Water
turbidity is a proxy for suspended sediment, therefore, it was expected that as the influx of suspended material
deposits in the port, there would be a positive correlation with dredging (Davies-Colley & Smith, 2001; P. A.
J. Verlaan & R. Spanhoff, 2000). The measuring station at Moerdijk brug is likely too far removed from the
hydrological system in the port, therefore the data used from here is not meaningful for analysing its effects
on dredging.

4.3.2 Anthropogenic influence

This research project focused on the effect of hydro-meteo variables on dredging in the port. Given the
lack of pronounced relationships found, it is likely that factors beyond the metocean variables considered in
the study should also be explored. The port of Rotterdam is a highly dynamic environment with extensive
anthropogenic activities that influence the sedimentation dynamics in the area, yet these were not considered
in this project.

The first human influence which could be taken into account is the ship traffic in the port. The movement
of large cargo ships induces bed shear stress, whereby the intense current jets generated by the ships’
propellers cause a re-suspension of material, which is then transported around the basin before depositing
again (Guarnieri et al., 2021). The continuous cargo traffic in the port of Rotterdam is likely responsible for
the relocation of large volumes of material.

The second human influence could be water injection dredging, which influences sedimentation in the
port but is not considered in the analysis. WID is carried out in the port with increasing frequency due to it
being a fast, cheap, and effective way to relocate material from high-priority areas. With WID, the material
is not removed from the sea bed but is instead disseminated in the form of a density current, created by
fluidizing the fine sediment. The material is then allowed to move with the natural forces away from the
dredged area (VanOord, n.d.). It is not clear where the fluidized sediment ends up re-depositing. However,
given that WID is being used with increasing frequency in the port, this dredging method will likely have
considerable influence on the sediment dynamics, and therefore, influence the dredging needs in the port.

The third human influence could be the large-scale construction projects which took place in the port of
Rotterdam during the study period. Between 2007 and 2024 there were multiple instances of construction
activities that could have introduced considerable changes in the system dynamics of the area, which could
affect the frequency and location of dredging. The Maasvlakte 2 was constructed in 2013. Extensive deep-
ening of the Nieuwe Waterweg and the Botlek occurred in the period of 2018-2019, whereby a 25 km stretch
of the seabed was deepened by 1.5 meters (POR, 2019). Although the dredging activities required for these
projects are not in the dataset per se, they did have an effect on the maintenance dredging operations, as
seen in Figure 12. The period of low activity in the Botlek in 2019 is likely because the dredging operations for
the deepening were not considered maintenance dredging, and therefore, were not recorded in the dataset.
However, this was not accounted for during the data processing.

The final influence not taken into account is man-made decisions during the day-to-day dredging oper-
ations. A conversation with asset management in the port revealed that although dredging plans are made
based on the regular bathymetric surveys, the plans can easily change multiple times a week depending
on factors such as dredging vessel availability, or the dredging area in question being occupied by a client.
These external factors ultimately can override where dredging takes place in the port, but are difficult to
isolate in the input dataset.

4.4 Comparison with existing research

The thesis project of van Wijngaarden (2024) was used as point of reference during the project. His re-
search also involved applying a random forest model to predict sedimentation in the port. There are notable
differences in the methodologies between the two projects, but some results are comparable.

Van Wijngaarden used the sedimentation rates derived from bathymetry surveys in the Botlek area as
the target variable, and used dredging as a predictor in his models. When evaluating the feature importance
in the model, he found that the dredging predictor largely outweighed all hydro-meteo variables. The hydro-
meteo variables which followed dredging in terms of importance were predicted salinity at bottom, discharge,
and tidal variation. These variables were also among the top ranked in the basin-level model when applied
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Figure 12: Weekly dredging in the Botlek since 2007. Note the peak in dredging activity in 2018, followed
by a period of record-low activity in 2019. This time period coincides with extensive construction projects,
whereby the basin was deepened by 1.5 meters.

to the whole port in this research (see Figure 9), but not for the Botlek specific model (see Figure 10). A
distinction between hydro-meteo feature importance in the Botlek could be due to differences in input data:
his research utilised modeled salinity and tidal variation specifically for the Botlek area and discharge mea-
sured at Lobith. As such, his inputs were more specific to the Botlek system. Nevertheless, the correlations
against dredging are comparable, as shown by the correlations between dredging and the most important
features in Table 12.

Table 12: Correlations against dredging volume in the Botlek, as found by van Wijngaarden’s and this
research

Parameter Correlation Correlation
(van Wijngaar- | (this research)
den)

Salinity -0.12 -0.14

Discharge 0.073 0.1

Tidal range 0.15 0.15
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5 Conclusion and recommendations

5.1 General conclusions

This internship project focused on investigating if historical dredging data in the port of Rotterdam can be
coupled with openly available metocean data. The goal of the project was to explore the correlations be-
tween the hydro-meteo parameters and weekly dredging volumes. Furthermore, the research evaluated if
a machine learning model can be constructed to forecast the weekly dredging volumes which have to be
removed in the different basins of the port.

The results of Phase 1 found that there are a number of hotpots in the port which require the frequent
dredging of large volumes of material. These areas mainly lie at the entrance of the Nieuwe Waterweg, but
there is also dredging areas further inland, where the presence of silt traps creates localized hotspots. In
Phase 2, the correlation analysis carried out prior to modeling revealed rather subtle correlations between the
environmental parameters and the weekly dredging volumes. Of all parameters considered in the project,
discharge at the Haringvliet and tidal range showed the highest correlations in the most actively dredged
basins. In the subsequent Phase 3, modeling was performed in two stages, corresponding to the basin and
the baggervakken level aggregation of the dredging volumes. There were multiple model runs conducted
to evaluate how the inclusion of certain variables and the size of the input dataset affected the predictive
performance of the model. In Phase 3.1, the highest R? (0.22) was obtained for the basin-level model which
prioritized a larger input dataset over the inclusion of the most correlated variables. In Phase 3.2, focusing
on the smaller dredging areas allowed for the incorporation of spatial variables. These predictors ranked
high on the feature importance scoring, but the predictive powers of these models remained low.

The general conclusion of the research is that the relationship between hydro-meteo variables measured
in the port and the weekly dredging volumes is rather weak. As such, a machine learning model was not able
to sufficiently identify patterns that are distinct enough to allow for reliable predictions. The weak relationships
found can be partially explained by methodological shortcomings, but also by the lack of enough measuring
stations which provide descriptive time series data for the port system. Recommendations are given to both
aspects in Section 5.2.

5.2 Recommendations for follow-up research

Several recommendations can be made based on the outcomes of the internship research. The project high-
lighted the need for more monitoring stations in the port. Ideally, certain key parameters which are expected
to vary depending on their location within the port system are measured at multiple places, especially near
actively-dredged areas. Examples of parameters for which extra measuring stations would be beneficial for
are turbidity and flow velocity. At the moment, there is no turbidity measuring station in the port area where
a suitable time-series can be sourced from for modeling purposes. Flow velocity is measured in the port,
but a suitable time-series was only available from Spijkenisserbrug. Additional monitoring for flow velocity
could be implemented closer to the most actively dredged basins, such as on the Nieuwe Maas, Scheur or
the Calankanaal.

Apart from using additional data, follow-up research that aims to replicate and improve the findings of
this research should consider the following changes to the methodology:

1. Incorporate variables which quantify certain influential anthropogenic parameters. These include bed
sheer stress due to ship traffic and sediment relocation due to water injection dredging. The former
could be derived from the shipping logs. The latter is a rather complex variable to describe, but as a
start, the number of hours spent on WID could be used to estimate the volume of fluidized sediment.

2. Explore further methods to feature engineering, especially with regards to the input metocean data.
For example, it could be valuable to explore how normalizing certain predictors would affect the corre-
lations between the environmental data and dredging. Additionally, the dredging volumes could also
be normalized to mitigate the effect of large differences in magnitude between the predictor and target
variables.

3. Instead of aggregating dredging records to the larger management basins, delineate the different re-
gions in the system based on which areas behave similarly from a system-dynamics perspective. This
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should be done in consultation with experts who have extensive knowledge and experience with sedi-
ment dynamics in the port.
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A Data exploration

A.1 Weekly dredging in the port

Quantity dredged (m?3)

Quantity dredged (m?3)

700000

600000

500000

400000

300000

200000

100000

0

35000

30000

25000 A

20000

Europoort

)
b

d

llllllll !‘

TR AT
(T

™ —o— Weekly dredged sum
=== Mean: 41464.84

2008 2010 2012 2014 2016
Date

2018

2020 2022 2024

Figure A.1: Weekly dredging sums in the Europoort in the raw data
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Figure A.2: Weekly dredging sums in the Fruithavens in the raw data

32



Stadshavens

—8— Weekly dredged sum
—-=-=- Mean: 2668.58

20000 ! ! . | i_
< 15000 A
@
o
©
o
el
2 10000 A ‘
)
ang
. |
3
5000
| | }
o ¢ [ P Il
17155 740K YSXBYI L
‘¢|| ] &
0-
2008 2010 2012 2014 2016 2018 2020 2022 2024

Date

Figure A.3: Weekly dredging sums in the Stadshavens in the raw data

B Correlation analysis

B.1 Correlations with dredging
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Figure B.1: Time-lagged correlations between hydro-meteo variables and dredging in the Fruitpoort
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Spearman correlations between weekly dredged volumes and environmental parameters (ST)
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Figure B.2: Time-lagged correlations between hydro-meteo variables and dredging in the Stadshaven

B.2 Collinearity among predictors

Spearman rank correlation amongst predictors in BT oo
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Figure B.3: Correlation among hydro-meteo features, exemplified by the Botlek basin

B.3 Discarded correlations
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Spearman correlation between dredged amounts and lagged environmental pararnetersl EET)
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Figure B.4: Correlation results when using the ’static’ approach toward environmental data aggregation in
the Botlek and Europoort. Highlighted values denote the strongest correlation, and thereby the lag used in
the modeling.
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C Modeling

C.1 Baggervakken level modeling

Feature Importances in MV model
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Figure C.1: Feature importances in the Maasvlakte model
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Features

baggervakken_H-L-N-EU-222-BGV-ABO
STROOMSHD_my/s
baggervakken_H-L-N-EU-222-BGV-ABN
TidalRange

HmO_observed

weeknummer

Q_HV_m3/s

PSU

GND

windspeed_m/s

DaysLargeWaves

DaysNWwind

BV_Area_m2
baggervakken_H-L-N-EU-098-BGV-AAQ -I
baggervakken_H-L-N-EU-222-BGV-ABR I
baggervakken_H-L-N-EU-009-BGV-AAG
baggervakken_H-L-N-EU-222-BGV-ABQ -
baggervakken_H-L-N-EU-223-BGV-ABS A
baggervakken_H-L-N-EU-099-BGV-AAR.
baggervakken H-L-N-EU-223-BGV-ABP
baggervakken H-L-N-EU-028-BGV-ACA
baggervakken H-L-N-EU-097-BGV-AAP
baggervakken_H-L-N-EU-233-BGV-ACS -
baggervakken_H-L-N-EU-129-BGV-AFG -
baggervakken_H-L-N-EU-235-BGV-ACU -
baggervakken_H-L-N-EU-083-BGV-ADW -
baggervakken_H-L-N-EU-040-BGV-ACH -
baggervakken_ H-L-N-EU-100-BGW-AAS -
baggervakken_H-L-N-EU-130-BGV-AES -
baggervakken H-L-N-EU-234-BGV-ACT -
baggervakken_H-L-N-EU-008-BGV-ABL -
baggervakken H-L-N-EU-031-BGV-ACB -
baggervakken_H-L-N-EU-115-BGV-ADK -
baggervakken_H-L-N-EU-040-BGV-ABX -
baggervakken_H-L-N-EU-181-BGV-AFQ -
baggervakken_H-L-N-EU-107-BGV-AMV -
baggervakken H-L-N-EU-236-BGV-ACV -
baggervakken H-L-N-EU-237-BGV-ACW -

Feature Importances in EU model

0.00

0.05 0.10 0.15 0.20 0.25 0.30
Importance

Figure C.2: Feature importances in the Europoort model
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Features

Feature Importances in BT model
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Figure C.3: Feature importances in the Botlek model
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