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Objectives

• Explore relationship between historical dredging data and hydro-meteo variables in the port

• Evaluate if a machine learning model is able to effectively predict dredging needs for a given 
combination of environmental parameters

• What are the links between aggregated dredging volumes for different basins and 
environmental parameters in the port of Rotterdam?

• How could a machine learning model be trained to effectively predict dredging volumes in 
the port of Rotterdam?
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Phases in the research

I. Data gathering and preprocessing

II. Correlation analyses

III. Modelling
1. Basin level 
2. Baggervakken level
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Phase 1: Data
Max dredging in BVs:

4

Volume 
(m3)

Area

36,601,516MV-010-
AAZ

26,322,720E

16,945,600G

11,926,674EU-222-
ABO
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Waalhaven Slipbut

2e PH Slipbut

Botlek Slipbut
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Locations of silt traps in the port

Made available via internal communications



Environmental data

Time coveredStationUnitNameParameter code

2007-2024Hoek van HollandcmWater heightWATHTE

2008-2024Hoek van Holland, 
Lekhaven

mS/mConductivityGELDHD

2008-2023,
2012-2020

Maasluis, 
Haringvliet

m3/sDischarge rateQ

2008-2024Spijkenisseburgm/sFlow velocitySROOMSHD

2008-2024Hoek van Hollandm/sWind speedWINDSHD

2008-2024Hoek van HollandDegrees relative 
to North

Wind directionWINDRTG

2008-2014Moerdijk brugNTUTurbidityTURB

2007-2024Hoek van HollandCTemperatureT

2008-2024EurogeulmWave heightHm0
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Calculated parameters
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CalculationParameter

From water heightTidal range

From conductivity and temperature according 
to PSS-78 algorithm

Practical salinity

Wind speed squaredWind energy

Daily aggregation Interpolation
Weekly 

aggregation



Phase 1: aggregating environmental data
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Aggregation methodParameter

meanMost parameters

maxWave height

modeWind direction

Additional parameters:
# Days NW wind
# Days large waves
# Days storms
Week number



Phase 2: Correlation analysis
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Daily aggregates 
hydro-meteo data

Weekly dredging

Correlation analysis 
(environmental vs. 

dredging)

Correlation analysis 
(all predictors)

Combined 
dataframe

Most correlated 
weekly aggregation



Phase 2: Correlation analysis
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Phase 3: Modelling
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(Chenn and Kauffman, 2022)



Approach

• 80% - 20% train / test split

• Baseline model and evaluation

• Hyperparameter tuning (pruning)

• Apply best hyperparameters, evaluate again
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OptionsHyperparameter

100, 200, 300, 400Number of trees

None, 10, 20, 30Max depth

20, 100, 250Min samples per leaf

(Chenn and Kauffman, 2022)



Baseline vs. tuned model
Years 
covered

Number of 
samples

Model and 
parameter 
desc

2015-20204788Haringvliet
included 
(baseline)

2015-20237472Haringvliet
excluded 
(baseline)

2015-20204788Haringvliet
included 
(tuned)

2015-20237472Haringvliet
excluded 
(tuned)
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Baseline vs. tuned model
RMSER2Years 

covered
Number of 
samples

Model and 
parameter 
desc

46,200-0.13 2015-20204788Haringvliet
included 
(baseline)

43,0000.102015-20237472Haringvliet
excluded 
(baseline)

40,7000.112015-20204788Haringvliet
included 
(tuned)

39,9000.222015-20237472Haringvliet
excluded 
(tuned)
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Baseline vs. tuned model
Min 
samples 
per leaf

N 
estimators

Max tree 
depth (avg)

RMSER2Years 
covered

Number of 
samples

Model and 
parameter 
desc

11002846,200-0.13 2015-20204788Haringvliet
included 
(baseline)

11003443,0000.102015-20237472Haringvliet
excluded 
(baseline)

201002140,7000.112015-20204788Haringvliet
included 
(tuned)

202001039,9000.222015-20237472Haringvliet
excluded 
(tuned)
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Phase 3.1: Modelling on basin level
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Inclusion of spatial variables
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• Guaranteed nautical depth (GND)

• Distance to basin entrance (Botlek and 
Maasvlakte)

• Area of the baggervakken



Phase 3.2: Modelling baggervakken level
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RMSER2Model

91490.07EU

21,1260.10MV

51400.14BT



Conclusion

• What are the links between aggregated dredging volumes for different basins and environmental 
parameters in the port of Rotterdam?
− Correlations differ slightly per basin
− Overall, correlations are quite weak
− Monthly aggregations seem to provide the best timelag
− Discharge at the Haringvliet has the strongest correlation with dredging, especially at basins closer to port 

entrance

• How could a machine learning model be trained to effectively predict dredging volumes in the port of 
Rotterdam?
− Hydro-meteo data alone does not seem to have enough predictive power
− Trade-offs in data availability > some extra measuring locations could be worth exploring
− Human influence should be considered (e.g. ship traffic)
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Main take-aways

• Don’t underestimate how long gathering and cleaning the data takes…

• Leave time for going back and forth between people who know more, try their advice
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Thank you!



Dirk’s model – feature importances
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Appendix - imputation
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Appendix – Conversion factors TDS to m2
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Conversion factorBasin

2.32E

1.70F

1.40G

1.251001-1004

1.631004-1009

1.901009-1013

0.701013-1020

1.101020-1023

0.701023-1035

0.70oms



Appendix – collinearity between predictors
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Appendix – Weekly dredged volumes
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Dirk’s model –
correlations
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