
Executive Summary PRISMA 3 Work package 4 – Data Science 

For Work Package 4, Data Science, an intern Petra Bardócz from Wageningen University, was hired. 

The aim of the internship was to do an exploratory research to investigate if weekly dredging volumes 

can be forecasted based on relevant hydro-meteo variables via a machine learning approach.  

For this research, weekly aggregated dredging data from both Rijkswaterstaat and the Port of 

Rotterdam were available. In-situ hydro-meteo data on relevant parameters for dredging were 

harvested using public available services. From RWS, data was available starting from 2015 until the 

beginning of 2024; and from the PoR from 2007 until mid-2024. In addition to the datasets, spatial 

data on the locations, extents and minimum NGD of the different dredging areas were also available. 

The hydro-meteo parameter selection was done in collaboration with experts from RWS, Port of 

Rotterdam and Deltares.  

The research was conducted into three phases: 

1) exploratory data analysis, to understand the data. 

2) correlation analysis, to find relationships between hydreo-meteo and spatial parameters. 

3) machine learning modelling, to train a model to predict dredging volumes based on found 

correlations. 

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. Dips in dredging 

activity occur during the summer holiday and winter breaks.  

For modelling, Random Forest model was chosen because it provides insights as to what the most 

important features and predictors influencing the model are. Random forest modelling requires all 

samples to be of the same size. 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. The environmental parameters were aggregated to the point in time when the decision is 

made on which areas will be dredged, which is based on the week prior. The cumulative aggregations 

were done in windows of 7, 14, 21, and 28 days, and explored for their correlations. 

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. None of 

the hydro-meteo variables resulted in an absolute R2 value higher than 0.3 in any of the basins. 

Nevertheless, the correlation coefficients 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 tables for subsequent modelling. Reasons why the 

correlations between dredging and the hydro-meteo data are low across the basins could be: 

1) The dredging datasets contain a substantial amount of noise in the form of dredged volumes 

which are a result of preventative dredging and anthropogenic influences.  

2) By aggregating the dredging records to a basin level, there is considerable information loss. The 

information loss is due to the merging of dredging areas that are dissimilar from each other from a 

system-dynamics perspective. 

A trail-and-error approach was taken for the modelling, which resulted in two overarching phases. The 

first phase is modelling on basin level, a more generalised approach to tune an initial model and 

hyperparameters. The highest R2 value is 0.22, which is low for a machine learning model. 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 

importance to dredging surface area with larger dredging volumes. This resulted in the second phase, 

which is modelling on dredging area level. Modelling on dredging area level allowed for incorporation 



of spatial predictors, such as minimum NGD, size of dredging area and distance to entrance of port 

basin. Three basins were investigated, Maasvlakte, Europoort and Botlek  The highest R2 value was 

found in the Botlek, 0.14, which indicates that the model still does not perform well.  NGD was ranked 

as the most important feature, followed by whether the area under consideration was the area which 

contains a Botlek silt trap. The distance to entrance parameter was ranked second highest in the 

Maasvlakte model. Generally speaking, in a specific basin, the correlation between amount of 

dredging and its identifier number even outranked the hydro-meteo predictors in these models. 

It was not possible to train a functionally working model. This could be due to multiple factors: the first 

one is limitations imposed by the status of the data. The status of the data is a combination of the 

unclear quality of the weekly dredging dataset, as well as the data availability of the metocean data. 

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. Accuracy could be 

improved when more in-situ measurement data is available. The second reason could be that 

anthropogenic influences are not taken into account. Influence of ship traffic, the influence of water 

injection dredging and the man-made decisions during day-to-day dredging operations were not 

incorporated. 

The thesis project of van Wijngaarden (2024) was used as point of reference during the project. His 

research 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. Hence, also in his model hydro-meteo variables only gave weak correlations. The hydro-

meteo variables which followed dredging in terms of importance were predicted salinity at bottom, 

discharge, and tidal variation. 

Even though the machine learning model did not reach the desired accuracy, the overall research 

provided valuable insights into the workability of dredging data in combination with metocean and 

spatial parameters. The research also indicated potential for follow-up research, such as incorporate 

variables which quantify certain influential anthropogenic parameters. Explore further methods to 

feature engineering, especially with regards to the input metocean data. Instead of aggregating 

dredging records to the larger management basins, delineate the different regions in the system 

based on which areas behave similarly from a system-dynamics perspective. 

 

 


