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Abstract 

Hydrological droughts can have a severe negative effect on inland shipping. For example, the 2018 

drought is estimated to have caused damages up to 345 million euros for the shipping industry in 

the Netherlands alone. To better estimate the economic impact of drought on inland shipping we 

need to identify the drivers and mechanisms that result in severe shipping impacts. Therefore, it 

is essential that we improve our understanding of the impact of hydrological drought on shipping 

and identify the methods capable of achieving this goal. Conventionally, this is done by means of 

numerical modelling, but this method is very complex, requires understanding of the driving 

mechanisms and is often time consuming.  In this paper I present an alternative method to 

estimate the impact of hydrological drought on shipping, by implementing machine learning 

methods. Machine learning methods are data driven instead of process driven and are often fast, 

easy to use and can deal with large amounts of data. In this paper a Random Forest Machine 

Learning model was developed which is able to accurately predict sailing depth and the economic 

damages resulting from drought for the Rhine branches and the Meuse. The model is able to 

reconstruct historic data and make predictions for a 2⁰C climate change scenario. The prediction 

made by this model can then be used to estimate the economic damages to shipping industry due 

to drought. Future work is however needed as model performance can vary between locations, 

which can result in relatively large errors in damage predictions for locations where the model’s 

performance is not optimal. Notwithstanding this, the random forest models are often fast, easy 

to use and still accurate enough. The results of this paper show that machine learning is well suited 

for the study of the impact of hydrological drought. The new random forest model developed in 

this paper promises to be a very useful tool for water managers and researchers alike. 
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1. Introduction 

Rivers perform a multitude of important socio-economic functions in a society, including but not limited 

to drinking water supply, inland shipping and recreation (Middelkoop et al., 2001). For the Netherlands 

inland shipping provides a vital connection from the port of Rotterdam to the hinterland which includes 

the highly industrialised Ruhr valley (van Slobbe et al., 2016). Change to this shipping system can result 

in disrupted transport networks and large economic damages (Hekman et al., 2019). Therefore, it is 

essential to better understand processes which could affect this vital connection. Droughts in particular 

are one of these processes which can severely impact the navigability of the Rhine river by lowering 

water levels in substantial parts (van Slobbe et al., 2016).  

 

1.1 Droughts 

Droughts are a type of natural hazard characterized by a lower availability of water than usual in a given 

area for a certain period (Mishra & Singh, 2010). There is however no universal definition for droughts 

because these definitions need to take local climatic conditions and the affected sector into account 

(Wilhite et al., 2007). In this paper I will use the definition proposed by Tallaksen & Van Lanen (2004) 

“Drought is a sustained period of below-normal water availability. It is a recurring and worldwide 

phenomenon, with spatial and temporal characteristics that vary significantly from one region to 

another (p.4)”. Droughts are often classified into four different types, meteorological drought, 

agricultural drought, hydrological drought and socio-economic drought (Mehran et al., 2015; Van Loon, 

2015; Wilhite & Glantz, 1985). Meteorological drought refers to a period where little precipitation 

occurs in an area. Directly linked to this is agricultural drought which considers the impact of drought 

on agriculture. Hydrological drought refers to a period of time when streamflow and (sub)surface flow 

is abnormally low. Finally socio-economic drought considers the impact of the before mentioned types 

of droughts on a society. For the purposes of this paper, I am mainly interested in hydrological drought, 

as this relates to discharge and streamflow and consequently also to overland shipping.  

 

The reasons for the occurrence of hydrological drought are manifold and highly dependent on local 

conditions (Van Loon, 2015).  Hydrological droughts are a function of climatic processes, catchment 

characteristics and anthropogenic influences (Van Lanen et al., 2013; Van Loon & Van Lanen, 2012). 

Climatic processes include decreases in precipitation, warm winters resulting in little snow accumulation 

or cool summers resulting in little meltwater generation (Van Loon, 2015). Catchment characteristics 

which relate to hydrological drought include soil composition, geology, (groundwater) responsiveness 

and storage capacity (Van Lanen et al., 2013; Van Loon, 2015). Anthropogenic influences impact 

hydrological drought mainly by reservoirs and water extraction (Wanders & Wada, 2015). Reservoirs 

may dampen peak flow and buffer low flow conditions by saving water in wetter periods and releasing 

it during drought, which could reduce the impact of hydrological drought. On the other hand, water 

abstraction both from groundwater and from surface water decreases water availability and enhances 

hydrological drought. For more in-depth information on hydrological drought, I recommend the review 

by Van Loon (2015).  

 

1.2 (Hydrological) Drought impact  

 

Droughts have been identified as one of the most severe natural disasters both in terms of impact it has 

on quality of life and economic damages (Mishra & Singh, 2010). They are often referred to as ’creeping 

disasters’ because they arise slowly and undetected and can last for multiple years (Van Loon, 2015).  

Droughts negatively impact water supply, water quality, agriculture, hydropower generation, 

ecosystems, recreational activity and river discharge (Mishra & Singh, 2010; Van Loon, 2015; van Vliet 

& Zwolsman, 2008). These negative effects can result in economic, ecological and human health 

damages (Sugg et al., 2020).  
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The Netherlands experienced severe drought in 2018, 2019 and 2020 (Witte et al., 2020). This drought 

had severe impacts on Western Europe, including reducing the streamflow and river depth of one of the 

most important waterways in Europe, the Rhine River (Jong, 2019). Due to reduced river depth barges 

were unable to travel at full capacity or were not able to travel at all (Hekman et al., 2019). This resulted 

in damages up to 345 million euros for the overland shipping in 2018 alone (Hekman et al., 2019). With 

climate change the regime of the Rhine is expected to become more rainwater dominated than it 

currently is (Pfister et al., 2004; van Slobbe et al., 2016). It is expected that the streamflow at Lobith in 

summer and autumn will decrease by 15-30% while in winter and spring streamflow is expected to 

increase by 30% (Hurkmans et al., 2010; van der Wiel et al., 2019). Climate change can therefore 

increase the risk of future hydrological droughts in the Netherlands.   

 

1.3 Hydrological modelling 

To study hydrological drought, we need to study the hydrology of a river. Research on rivers and 

streamflow is traditionally performed by means of numerical modelling (Srivastava et al., 2006). 

Numerical hydrological models work by solving the governing and empirical equations for processes in 

the hydrological cycle (Moges et al., 2021). Catchment hydrological models work by combining several 

smaller sub models for different individual processes, such as rainfall or runoff (Daniel et al., 2011). 

Numerical hydrologic models have excellent control over boundary conditions and allow for high 

degrees of customization.  

 

Numerical models however do have significant disadvantages. Firstly, numerical models are heavily 

reliant on the accuracy of the chosen boundary conditions. Secondly, because nature is very complex 

and not all processes are well understood, simplifications must be made, which may result in 

inaccuracies in the model outcome (Cheng et al., 2020; Moges et al., 2021; Srivastava et al., 2006). 

Thirdly, numerical models require copious amounts of data and computer power (Daniel et al., 2011; 

Srivastava et al., 2006). Because of the previously mentioned issues new methods are needed to improve 

model results.   

 

1.4 Machine learning modelling 

A recent development in the field of modelling is modelling based on machine learning (ML) (Daniel 

et al., 2011). These methods are data oriented rather than process oriented (Daniel et al., 2011; Lange & 

Sippel, 2020). The basic principle behind most ML algorithms is finding functional relationships 

between different data sets (Lange & Sippel, 2020). This is done by training and testing the model on 

provided data (Boehmke & Greenwell, 2019; Burrell, 2016). The advantages of ML methods include: 

the ability to adapt to new data (Boehmke & Greenwell, 2019), the ability to capture nonlinear processes 

(Cheng et al., 2020), ease of use and computational efficiency (Loganathan & Mahindrakar, 2020). 

Hydrological models are well suited for the use of ML algorithms because there are clear inputs  and 

outputs in a predictable direction (Lange & Sippel, 2020).  

 

Like numerical models, ML methods also have disadvantages. Firstly, ML methods are heavily 

dependent on the quality  and quantity of data (Boehmke & Greenwell, 2019; Hauswirth et al., 2021). 

Secondly, models may perform well during training but poorly during testing, which is called 

underfitting. Or vice versa, the model may perform poorly on the training data set put performs well on 

general cases (Boehmke & Greenwell, 2019). However, these challenges can be overcome.  

 

Previous research has shown that ML methods can be used for modelling rainfall-runoff, streamflow 

and water quality among others (Lange & Sippel, 2020; Loganathan & Mahindrakar, 2020; 

Shamshirband et al., 2020; Tyralis & Papacharalampous, 2019). However little research has been 

performed on the impact of drought on river and sailing depth predictions by means of ML methods.   
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1.5 Research questions and hypothesis  

According to the Dutch meteorological institute it is likely that droughts will become more frequent 

(KNMI, 2014; KNMI, 2018). In this research I want to gain a better understanding of the processes and 

consequences of hydrological droughts in the Netherlands. Having a better understanding of these 

processes and potential damages allows better strategies to be constructed to reduce the negative impact 

of these changes in the climate. The aim of this research is gaining insight in whether ML methods are 

a viable tool for the study of hydrological droughts, with a focus on the impact on overland shipping. 

The main research question to be answered within this paper is: 

- To what degree can ML methods be used to study and predict the impact of hydrological drought 

on overland shipping 

 To achieve this, I aim to answer the following three sub questions: 

- To what degree are ML methods capable of simulating historic data of river depth during 

hydrological droughts? 

- To what degree are ML models suited to estimate the economic damages of hydrological 

drought on overland shipping? 

- How reliable are ML based predictions of future river depths during droughts? 

 

I hypothesize that ML methods will be well suited for the study of hydrological drought impact on 

overland shipping. Hydrological models often require vast amounts of data and, as mentioned 

previously, ML methods are well suited for process with large amounts of data. Furthermore, 

hydrological models have clear in and outputs along a predictable direction, making them well suited 

for the use of ML. I expect that the utilisation of ML for hydrological drought modelling can improve 

sailing depth predictions.  
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2. Materials and methods 
 

This study aims to find out how feasible the use of ML methods is to model the impact of hydrological 

drought on the shipping industry in the Netherlands. To this end a Random Forest (RF) model was 

constructed to predict the sailing depth of the main rivers in the Netherlands. This was first constructed 

for the chokepoints along the busiest river, the Waal. Afterwards this model was expanded to also cover 

different locations along the river network of the Netherlands.  

 

The predictions for sailing depth resulting from the RF model were then used to further estimate the 

direct economic damages of a drought by means of a RF. The model results were then compared to 

historical data to estimate the reliability of using RFs for modelling and estimating the impact of 

hydrological drought.   

 

2.1 Study area 

The study area includes the Rhine River, its distributaries and the Meuse River in the Netherlands 

(Figure 1).  The Upper Rhine and Waal rivers are considered the most important shipping routes within 

the Netherlands (Hekman et al., 2019; Jong, 2019). Transport along the Waal and Upper Rhine is 

responsible for over half of all shipping transport costs in the Netherlands (Jong, 2019). The shipping 

importance of these rivers in combination with abundant data availability creates an ideal case study.  

 

2.1.1 Rhine catchment 

The Rhine river catchment (Figure 2) is a highly urbanised and industrialised river basin (Hurkmans et 

al., 2010). It is the river with the highest traffic density in Europe and a length of approximately 1230 

kilometers (Hurkmans et al., 2010). The average discharge of the Rhine on entering the Netherlands at 

Lobith is 2200 m3/s with low flows of 600 m3/s and high flows of 16000 m3/s (Warmink et al., 2013). 

The Rhine originates in the Alpine regions of Switzerland and discharges into the North Sea. The Rhine 

drains parts of Switzerland, France, Germany, Austria. Luxembourg and the Netherlands.  

 

In the Netherlands, the Rhine splits into the Waal and the Pannerdensch Kanaal at the Pannerdensche 

Kop bifurcation. Shortly downstream at IJssellkop, the Pannerdensch Kanaal further splits into the IJssel 

and the Nederrijn Rivers (Figure 1). Of the Rhine distributaries the Waal is the largest, carrying on 

average 71% of discharge from the Rhine. The Nederrijn and IJssel carry 14% and 15% of the discharge 

of Rhine, respectively (Frings et al., 2019; Warmink et al., 2013).  

 

The Rhine is a combined rainwater and snowmelt fed river, however due to climate change it is expected 

to become more rainfall dominated (Adger et al., 2007; Jonkeren et al., 2011). This would result in 

higher water levels during winter and lower water levels during summer then they are currently 

(Jonkeren et al., 2011).  

 

2.1.2 Meuse catchment 

The Meuse River drains parts of France, Belgium and the Netherlands (Figure 2). The Meuse has a 

length of 885 km and an average discharge of 200 m3/s with low flows of 60 m3/s and high flows of 

3000 m3/s. Whereas the Rhine is a combined rainfall and snowmelt fed river, the Meuse River is a 

primarily rainfall dominated river. Consequently, the river has considerable fluctuations in streamflow 

between years and seasons and quick response times. Typically low flows occur in summertime, while 

high flows occur in wintertime (Descy, 2009).  

2.1.3 Locations of interest 

There are multiple channels between the Meuse and Waal, and the Waal and Nederrijn. Furthermore, 

both the Nederrijn and Meuse have weirs in their channels. Based on this, the rivers can be subdivided 
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into smaller subsections between a bifurcation and a channel, a channel and a channel, a channel and a 

weir, or a weir and a weir. To represent each of these subsections, the following locations along the 

Rhine were used to develop the model: Amerongen, Arnhem, Driel, lower Hagestein, Katerveer, 

Nijmegen, Pannerdensche kop, Pannerdensche kanaal, Sint-Andries, Tiel and Zutphen. Additionally, 

the following locations along the Meuse were used: Belfeld, Grave, Heel, Roermond and Sambeek. 

These locations are highlighted in Figure 1 with red and blue dots.  

 

2.2 Data 

2.2.1 Input data 

To be able to simulate the sailing depth and shipping damage due to low flow the following parameters 

were considered as input for the ML model: sailing depth at target location, precipitation at De Bilt, 

discharge of the Rhine at Lobith, discharge of the Meuse at Eijsden and distance along the river of the 

target locations. Water Height at that location was used to estimate the sailing depth for locations with 

insufficient data on sailing depth water. Sailing depth is the target variable while the other mentioned 

parameters are predictor variables.  

 

Data on discharge, water height and sailing depth were gathered from Rijkswaterstaat and precipitation 

data was gathered from the Royal Dutch Meteorological Institute (KNMI).  

 

2.2.2 Pre-processing 

For most locations used in developing the model, insufficient data is available for sailing depth. Data on 

sailing depth is only measured and made public during drought or low water levels. Since droughts occur 

infrequently, this data is sparse. Therefore, two methods were used to append this data and gather a 

sufficient dataset for training and testing the model. 

 

1. Calculating sailing depth from water height measurements.  This data is often readily available. 

On dates where both the water height and the sailing depth are known it is possible to calculate 

the difference between the two. This difference can then be used to convert water height into 

sailing depth. The average difference was used to make a good estimate of the water height-

sailing depth difference. By applying this method data coverage could be improved. A similar 

method was also suggested in van der Mark et al. (2020). 

2. Calculating the relationship between discharge and flow depth (a QH relationship) for the 

different locations. For locations and periods where the discharge and sailing depth are known 

it is possible to determine a QH relationship. Such relation are expressed in a  H = aQ(-)B format. 

To get the exponents for this relationship a power function was fit to the sailing depth data and 

discharge data at a nearby point. The QH relation was used to fill in the gaps in the dataset after 

the water height method was used. 

 

 

2.3 ML method selection 

Recently RF have gained popularity in the field of hydrology (e.g. Adnan et al., 2021; Cheng et al., 

2020; Loganathan & Mahindrakar, 2020; Shamshirband et al., 2020). RF are a supervised ML method 

based on constructing multiple bagged random decision trees and taking the average result (Breiman, 

2001; Hastie et al., 2009). It works by adding another layer of randomness to bagging, which increases 

accuracy (Adnan et al., 2021; Liaw & Wiener, 2002). The extra randomness decreases correlation 

between the individual trees and consequently decreases the variance of the predictions (Tyralis & 

Papacharalampous, 2019). These models are known to give high prediction accuracy and good-to-fit 

performances (Adnan et al., 2021). Furthermore RF are able to capture low flow events (Hauswirth et 

al., 2021). RF possess the same advantages as ML mentioned in the introduction, on top of that, RFs do 

not overfit (Breiman, 2001; Tyralis & Papacharalampous, 2019). Because of the reasons mentioned 

above RF were selected for the purposes of this study.  
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Figure 1: The study area consisting of the Rhine (Rijn), Nederrijn, Waal and Meuse (Maas) rivers. The dark blue accented 
rivers are the most important rivers in the study area. The red dots represent locations used for training of the model, the 
blue dots represent locations used for testing and the yellow-red dots represent locations used for training and testing. The 
Red lines represent the major weirs in the rivers and the red arrows indicate the flow direction. The grey dots represent some 
major cities contained within the study area. The yellow box in the top left corner shows a schematic overview of the Rhine 
and Meuse River basins. (Derived from Rijkswaterstaat n.d).  
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Figure 2: Left: Map of the rhine catchment (Frings et al., 2019). Right: map of the Meuse catchment (Internationale 

Maascommisie , 2013).  

2.4 Model development 

Two approaches were taken in model development, a location specific model (LocSpe) and a general 

model (Isildur). Pre-processing of the training and testing data for RFs both use a powertransformer to 

normalise the data. Furthermore, in both cases the outliers were removed from the dataset. Additionally, 

the training and testing datasets were both split into a target dataset and a predictor dataset. The 

differences in pre-processing the data mainly relates to the way the data was split into a training and a 

testing dataset.  

  

2.4.1 Location specific model (LocSpe) 

The approach taken in the location specific model was to construct an individual RF model for each 

individual location.  The RF model was trained and tested on data for each individual location. In other 

words, each model was developed using one single location. The data was split chronologically into a 

training and testing dataset according to a distribution value. This distribution value was determined 

based on the results of the sensitivity analysis. The training dataset was made up of the first portion of 

data and the testing data was made up of the latter part of the data. These models are likely to perform 

well on the locations it was trained on, but poor on locations it has never encountered before. 

 

2.4.2 General model (Isildur) 

For the construction of a general model, a “one model to rule them all” approach was taken. Meaning 

that a single large RF was constructed which could make predictions for locations it had never 

encountered before. The training and testing datasets of Isildur are constructed by combining all data 

for multiple locations into a single file. For the testing set one location was selected per river (Figure 1 

blue dots), all other locations were used for training. This model is likely to result in poorer predictions 

for individual locations but generalizes better on locations it was not trained on compared to LocSpe.  
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2.4.3 Sensitivity analysis of Random forests tuning parameters 

The tuning parameters for RF are the number of trees constructed, the maximum depth of each tree, 

training and testing dataset distribution, and the minimal split value. To select the optimal values for 

these tuning parameters a sensitivity analysis was performed iteratively for each parameter. These 

sensitivity analyses were performed for two criteria, the RMSE between the test data set and the model 

predictions, and a timeseries split cross validation. Based on the results of the sensitivity analysis on the 

two mentioned criteria the optimal value was chosen for the tuning parameters.  

 

2.4.4 Model training and evaluation 

To evaluate the performance of LocSpe an RF was developed for each location indicated in Figure 1 

except the blue dots. For each location the RMSE and the r2 score were calculated. To test how well 

LocSpe performs on unfamiliar locations, four locations were selected. These target locations are: Driel 

(T2), Grave (T4), Katerveer (T1) and Sint-Andries (T3). The number in brackets indicates the location 

on Figure 1. Predictions for these four locations were then made by RF models already trained on 

different locations. These models were developed for Amerongen(D2), Sambeek (D4), Tiel (D3) and 

Zutphen (D1). Again, for the four test locations the RMSE and the r2 score were determined to evaluate 

the model.  

 

To evaluate the performance of Isildur an RF model was trained on all locations indicated in red on 

Figure 1. Similarly to LocSpe, Isildur was evaluated on familiar and unfamiliar locations. The unfamiliar 

locations were the same ones used to test LocSpe, so the blue dots. For familiar locations 

Amerongen(D2), Sambeek (D4), Tiel (D3) and Zutphen (D1) were used. Once more for each test 

location the RMSE and the r2 score were determined.  

2.5 Damage estimation 

To estimate the damage of a drought a simple relation between sailing depth and cargo transport was 

used derived by Jong (2019) which I shall now briefly explain. When sailing depth is low, barges 

travelling along the river may need to take on a reduced load. To still be able to transport all cargo, 

barges will then need to sail more often. This may cause the shipping costs to increase by a factor M 

according to the following relationship: 

When  

𝑠𝑑 ≥ 𝑑 + 𝑘𝑣    𝑀 = 1 

𝑠𝑑 < 𝑑 + 𝑘𝑣    𝑀 =
𝑡−𝑡0

𝑠𝑑−𝑘𝑣−𝑡0
 

 

𝑠𝑑 − 𝑘𝑣 < 𝑡0   𝑀 = 0 

sd = sailing depth, d = ship depth category, kv = keel variation, t = depth of a ship, t0 = depth of an empty 

ship, M = multiplier 

 

The extra sailing costs can be calculated by multiplying M by the average shipping costs per depth 

category per day in a year unaffected by low water and subtracting the normal sailing costs.  

 

To estimate the damages of a drought in terms of shipping costs, the predicted sailing depth is used as 

input for the formulas described above. For the other variables in this function the following values were 

used. Ship depth category (d) is taken from data containing all shipping that occurs at a given location. 

kv is taken to be 0.2 m, t0 is taken to be 1.3 m and t is taken to be equal to d.  

 

In the above described method, it is assumed that sailing will always take place. However, this is not the 

case. If M has a value of X, it means that each ship can only transport 1/X amount of cargo compared to 

a normal situation. At certain threshold of M (Mmax) it no longer is viable to sail. If M supersedes Mmax, 

it is assumed no shipping will take place at all. To put this into a formula: 

 

When 

𝑀 >  𝑀𝑚𝑎𝑥   𝑀 = 0   𝐿 = 1 

𝑀 <  𝑀𝑚𝑎𝑥   𝑀 = 𝑀  𝐿 = 0 
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Multiplying the limit (L) by the transported cargo per depth category results in all non-transported cargo 

per day due to reduced sailing depth. This cargo can then either be transported differently such as by 

train or by road or the cargo could not be transported at all, which is called a model shift (Schasfoort et 

al., 2019). The added transport costs due to the modal shift causes prices to increase and in turn are 

counted as economic damages, however these economic damages for consumers are not considered in 

this paper. The value of cargo that is not transported at all can be considered as direct economic damage. 

Indirect economic damages due to no transport occurring is not considered in this paper.   

 

By focussing primarily on the major chokepoints on the shipping routes a good estimation of the 

damages for overland shipping can be made. These chokepoints are Nijmegen and Sint Andries for the 

Waal.  Since almost every cargo ship needs to pass by these chokepoints, it was not necessary to model 

the entire river network of the Netherlands to estimate the damages to the shipping industry. The main 

differences between these two points are shipping costs and the cargo transported by depth category.  

 

2.6 Future predictions 

To make sailing depth predictions for the future artificial data was used as input for the model, instead 

of historical data. Most artificial data on discharge predictions is calculated for monthly discharge data, 

which is not suited for the RF model. Therefore, data will be generated using a delta method. For a 

climate change scenario of 2 degrees global warming it is predicted that discharge of the Rhine and 

Meuse will on average be 15% lower compared to present values (van der Wiel et al., 2019).  To estimate 

the impact of a future drought the discharge of both the Rhine and Meuse are lowered by 15%. This 

method is in line with current climate scenario calculations done by the KNMI. For this purpose, the 

recent drought of 2018 was used to study the impact of a similar drought in a 2 degree Celsius climate 

change scenario.  
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3. Results 
3.1 Sensitivity analysis and model development  

3.1.1 Tuning parameters of location specific model 

 

 
Figure 3: Results of the sensitivity analysis on the tuning parameters of the location specific model RF displayed as boxplots. 

The following tuning parameters are displayed in the following graphs: A) training data size fraction, B) tree depth, The 

results are given in negative mean squared error, where values closer to zero represent a better fit.  

A sensitivity analysis was performed for the tuning parameters of LocSpe (Figure 3). All results are 

achieved from a fivefold timeseries split cross validation sensitivity analysis and are given in the unit of 

negative MSE. The sensitivity analysis was performed iteratively for each tuning parameter. After a 

sensitivity analysis was performed the optimal result was used in the model for the next sensitivity 

analysis. The analyses were performed in the following order, training size, tree depth, number of trees 

and minimal sample split.  

 

For the training size fraction, the lowest error is achieved for a fraction of 0.7 (Figure 3A). The largest 

relative difference in median error for the performed sensitivity analysis was achieved for tree depth 

(Figure 3 B). A rapid decrease can be seen for tree depths up to 12 after which the error remains stable. 

For the number of trees there is significant variation in median error up to a value of 180 trees, after 

which the median error becomes somewhat stable. The lowest relative difference in median error was 

found in the analysis on minimal sample split (Appendix Figure 1). The error remains roughly constant 

although slight increases for higher minimal sample split values occur. The differences in absolute error 

are not important since these are dependent on the order in which the sensitivity analyses were 

performed.  

 

The interquartile ranges for the sensitivity analysis on both the number of trees and minimal sample split 

remain roughly constant. Whereas the interquartile ranges for the sensitivity analysis on both the number 

of trees and minimal sample split remain roughly constant, the interquartile range for the other tuning 

parameters vary. For the training data size fraction, the lowest interquartile range results from 

intermediate values of the tuning parameter, while the highest ranges occur for both the lowest and 

highest value of training data size fraction. For tree depth the interquartile range varies slightly up to a 

tree depth of 12, after which the ranges remain constant.  

In the end the tuning parameters were selected which resulted in the lowest error and smallest 

interquartile range (Table 1) 
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3.1.2 Tuning parameters of Isildur 

As with the LocSpe model a sensitivity 

analysis was performed on the tuning 

parameters of Isildur. The model was trained 

and tested on the entire datasets for multiple 

locations instead of splitting the data of a 

single location, as has been done for the 

LocSpe model. The results were achieved by 

means of a fivefold timeseries split cross 

validation (Figure 4). No sensitivity analysis 

was performed on training size fraction 

because this tuning parameter is not used in 

Isildur. 

The largest reduction in median error and 

interquartile range in both absolute and relative terms was achieved for tree depth (Figure 4A). Here the 

median error and the interquartile range both decrease following a log like pattern, until stabilizing after 

reaching a tree depth of 16.  

For the minimal sample split and number of trees the median errors remain roughly constant with 

increasing parameter values (Appendix Figure 2). For the minimal sample split the median error as well 

as the interquartile range tends to increase with increasing parameter values. For the number of trees 

constructed the interquartile range and the median error remain roughly constant, while stabilizing after 

200 constructed trees.  

The tuning parameters chosen for Isildur are based on the results in which the smallest overall model 

median error and the smallest interquartile range was observed (Table 1).  

 
Table 1:Selected tuning parameters for both the location specific model (LocSpe) and Isildur.  

Tuning parameter LocSpe Isildur 

Training data size fraction 0.70 - 

Tree depth 12 16 

Number of trees 180 200 

Minimal sample split 3 3 

 

3.1.3 Transformer selection 

Two types of transformers are available to alter input data of an RF to be gaussian, these transformers 

are quantile and powertransformer. The best transformer results in the closest match between the 

observations and the model predictions. To this end a power transformer using the Yeo-Johnsen method 

was selected as the match between the observations and the predictions are more accurate (Figure 5). 

Figure 4: Results of the sensitivity analysis on Tree depth for 
Isildur. The results are given in negative mean squared error, 
where values closer to zero represent a better fit.  
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Figure 5: Scatterplots comparing the model results and the observations to the discharge of the Rhine for Nijmegen (which is 

not connected to Meuse) 

3.2 Location specific model results 

3.2.1 Location used for training/familiar locations 

The LocSpe model was trained on a single location on the chronological first 70% of the data and tested 

on the remaining 30%. This distribution is based on the results of the sensitivity analysis on training size 

as can be found above (Table 1). For the target locations, the model is tested for time periods the model 

was trained on and for time periods it had not yet encountered.  

 

For every location an RF model was trained and tested. Each RF model was developed on average of 

12760 datapoints where 8932 datapoints were used for training and the remaining data was used for 

testing. The average model score for all locations where an RF model was developed is r2 = 0.8094 (± 

0.100), the average RMSE between the model predictions and target value is equal to 31.57 cm (± 8,16). 

These metrics were calculated for the entire model, so including both the periods the model was trained 

for and where periods the model was not trained for.  

 

Results for familiar target locations and for a period the model was also trained on are accurate (Figure 

6). The model tends to accurately predict the sailing depth. However, the most extreme values, so the 

highest and lowest values tend to be underestimated. For locations the model was trained on but for a 

period the model had not encountered before the model performances are less accurate  

 

The model predictions tend to be more accurate for locations in close proximity to a sluice or weir. For 

both Amerongen and Sambeek the sailing depth predictions match better with the observed results 

compared with Zutphen and Nijmegen. The former two locations are located near a lock whereas 

Zutphen and Nijmegen are not. This observation holds for predictions made for trained and untrained 

periods. 

3.2.2 Unfamiliar locations 

 

To test how well the LocSpe model performs on unfamiliar locations, four different locations, not 

specifically trained for, were selected. These target locations are: Driel, Grave, Katerveer and Sint-

Andries. Predictions for these four locations were then made by RF models already trained on different 

locations. These models were developed for Amerongen, Sambeek, Nijmegen and Zutphen. For each 

target location four different RF predictions were made using different RF models.  
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Figure 7: LocSpe and Isildur results for locations included in the training data set. For LocSpe the plots are shown for a 

period outside of the validation period. In blue the observed sailing depth, in red the Isildur predictions and in purple the 

LocSpe predictions are given. 

Figure 6 LocSpe Sailing depth for A) Amerongen B) Sambeek C) Zutphen and D) Nijmegen. For each location a separate RF 
model was trained. The results shown in the plot are for a period the model was trained on, so it has encountered this data 
before. In red are the results of the RF model results, in blue the observed sailing depths. The depths are measured in 
centimetres.  
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Figure 8: LocSpe and Isildur results for locations excluded in the training data set. For LocSpe the plots are shown for a period 

outside of the validation period. In blue the observed sailing depth, in red the Isildur predictions and in purple and green the 

LocSpe predictions are given. 

There is great variation in the model performance based on which model was used to make predictions 

at each location (Table 2, Figure 8). The difference between the best and worst performance is often a 

factor of two or more for both the r2 score and RMSE. The best model results are comparable to the 

results of a model trained on the target location (Figure 8). While the worst results often have a poor fit 

to the target data. The best results are achieved by using a model developed on a location in the same 

river or river branch. The poorest results are the result of using a model developed on a totally different 

river. For instance, the best results for Sint Andries (T3) are achieved by using the model developed for 

Nijmegen (D3) (Figure 1).  

 

The difference between the worst performing and second worst performing model-location combination 

is often relatively small. For Sint Andries for example the RMSE differed only 2,9 cm depending on 

whether predictions were made by the model trained on Amerongen or Sambeek. Similarly for the best 

results a comparable observation is made where the best and second best result also differ slightly. 

Again, models used to predict targets located in the same river or a connected river branch often resulted 

in closer matches. The best result for Grave, which was achieved by using the model trained on 

Sambeek, are at least twice as accurate as the other predictions, which were trained on the Rhine 

branches.  

 

3.3 Isildur results 

3.3.1 Locations used for training 

Isildur was trained using the entire dataset for 10 locations, adding up to about 117402 data points. The 

average model score is R2 = 0.8742, the average RMSE between the model predictions and target value 

for locations it was trained on is equal to 29,03 (± 10,25) cm. The match between the RF predictions 

and the observed data is close for each location (Figure 7). The RF model is already familiar with input 

data for these locations both in terms of the location itself and the period. The match is comparable to 

the match between the observed values and RF predictions shown in Figure 6. At Nijmegen the model 

has the poorest fit to the observed data, however it is still a close match (Figure 7D).  
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Table 2: Results of the location specific model on locations the RF model is unfamiliar with.  

Testing 

Location 

RMSE 

(cm) 
r2 score Training location 

Lowest   Highest   Highest  Lowest  Lowest error 
 Highest 

error 

Driel 32,36 69,26 0,7794 0,3893 Nijmegen Sambeek 

Grave 17,96 32,5 0,6731 0,1398 Sambeek Amerongen 

Katerveer 19,46 37,06 0,7970 0,2515 Zutphen Amerongen 

Sint-Andries 33,25 79,83 0,9360 0,4146 Nijmegen Sambeek 

 

 

3.3.2 Unfamiliar locations 

Isildur was tested on the same four locations used for testing LocSpe, which are Driel, Grave, Katerveer 

and Sint-Andries. These four locations are each located along a different major waterway in the 

Netherlands (Figure 1). The RF model was not trained on these four locations. In total these locations 

add up to 50342 datapoints, which is equal to 30,01% of the entire dataset used in testing and training 

the model. The model score is equal to r2 = 0.7792. The average RMSE is equal to 32,92 (± 10,25) cm 

for locations the model has not encountered before.  

 

The prediction made at Driel also underestimate the sailing depth, (Figure 8A). Here there is an 

intersection between rivers flowing through the Amsterdam-Rijn-channel and the Nederrijn nearby. 

Driel is the only location located near such a crossing in either the training or testing data set. At such a 

crossing of rivers the water height needs to be controlled tightly. The predictions for Sint Andries and 

Grave both match well with the observations (Fout! Verwijzingsbron niet gevonden. B&D). Initially 

at Katerveer the RF prediction significantly underestimated the sailing depth compared to the observed 

values (Fout! Verwijzingsbron niet gevonden. C). The observations at Katerveer are made near a 

sluice. The observations at the other location used for training the model for the IJssel were not. 

Although there is no sluice located in the IJssel itself, adding one in the predictor data yielded 

significantly better results. 

 

3.4 Damage estimation results  

Using the method described in Jong (2019) the damages due to lower sailing depth could be calculated. 

These calculations were performed for Sint-Andries and Nijmegen because these two locations are the 

major chokepoints along the busiest sailing route in the Netherlands. As input for the method used, as 

described in the methods sections, the outputs of both the LocSpe and general model were used. For the 

predictions made by Isildur for Nijmegen, the location was taken out of the training data, and replaced 

with a different location for the Waal. Additionally, the measured sailing depth was also used to calculate 

a true damage estimate, to which the estimates based on ML predictions can be compared (Figure 9A).   

 

The estimates for cargo transported by means of shipping are relatively accurate for Sint Andries (Figure 

9 & Table 3). The best predictions are made by LocSpe at Sint-Andries (Figure 9C). Both the error and 

the r2 score are similar regardless of the model used (Table 3). The shape of the sailing costs curve 

matches closer to LocSpe predicted sailing costs than to Isildur predicted sailing costs (Figure 9). Cargo 

estimates at Nijmegen are less accurate than those for Sint Andries. Again, the best results are for 

LocSpe.   

 

For all models the sailing costs calculations are less accurate than the cargo not shipped estimations 

(Figure 9 & Table 3). For Nijmegen no model has a positive r2 score, which indicates a poor match. For 

Sint-Andries the best results are achieved using LocSpe trained on a different location.  
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Table 3: Results of damage calculations in terms of the RMSE and r2 score for different modelling approaches.  

Model 

Nijmegen Sint-Andries 

Sailing costs Tonnage Sailing costs Tonnage 

RMSE r2 RMSE r2 RMSE r2 RMSE r2 

Isildur 1,218 -0,515 0,138 -0.245 0,092 0,212 0,01 0,888 

LocSpe familiar 1,107 -0,251 0,135 -0,186 0,096 0,145 0,009 0,908 

LocSpe 

unfamiliar 
1,145 -0,338 0,122 0,037 0,091 0,231 0,01 0,895 

 

The cumulative sailing costs at Nijmegen for the damages based on observed water depth values is equal 

to 1243,49 million euros and in total 114,19 million tons of goods were transported by means of 

shipping. These values are 53.85 million euros higher in sailing costs and 36,68 million tons less cargo 

transported compared to a year without drought.  No RF based predictions matched these values for 

Nijmegen (Table 4). The models overestimate the shipping costs and the shipped cargo. For Sint Andries 

the LocSpe model predictions are off by only a few percent for sailing costs and cargo shipped. The 

results based on Isildur are also more accurate for Sint Andries than for Nijmegen.  

 
Table 4: Results of the damage estimation for the observed values, the values predicted based on Isildur and the location 

specific model. The bottom two rows are for a 15% decline in discharge due to climate change.  

Cumulative 

Damages 

Observed Isildur LocSpe 

Nijmegen 
Sint 

Andries 
Nijmegen 

Sint 

Andries 

Trained on location 
Not trained on 

location 

In millions Nijmegen 
Sint 

Andries 
Nijmegen 

Sint 

Andries 

Sailing costs (euros) 1243,49 76,92 1335,19 87,63 1307,5 78,44 1325,64 70,49 

Cargo shipped (tons) 114,19 15,01 140,56 16,35 139,99 15,49 139,07 14,9 

Climate 

change sailing 

costs 

(euros) / / 1360,93 82,16 1342,99 73,83 1337,57 68,84 

Climate 

change cargo 

shipped 

(tons) / / 138,58 15,61 137,09 14,89 135,45 14,47 

Note: No observed data is displayed for the climate change scenario, because this data does not exist. More information about the climate change scenario results can 

be found in chapter 3.5 Future predictionsA 
 

3.5 Future predictions 

By incorporating the artificially generated data by means of the delta method into both the LocSpe and 

Isildur models predictions for sailing depth and damages can be made for a climate change scenario. 

These predictions were made for Nijmegen and Sint Andries, as these locations have the largest impact 

on shipping in the Netherlands.   
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Figure 9: Estimations of the damages due to the hydrological drought of 2018 in the Netherlands. A) shows the estimation 

based on the observed depth data. B, C and D show the estimations of the damages in terms of sailing costs and tonnage not 

shipped for Nijmegen and Sint Andries. B) results from Isildur, C) results from the location specific model trained on target 

location, D) results from the location specific model trained on different location.  
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All sailing depth predictions for drought in a 2 degrees Celsius climate change scenario are lower than 

the original estimates (Figure 10). The difference between the normal and the climate change predictions 

are lowest for Isildur. Here the climate change predictions are only slightly lower compared to the 

original predictions. Both the LocSpe predictions estimate significantly lower sailing depths in future 

droughts. Remarkably for Sint Andries the LocSpe trained on target locations predicts lower results than 

the LocSpe trained on Tiel while the opposite is true for Nijmegen.   

The estimates of the damage due to drought all increase in severity in the climate change scenario. At 

Sint Andries the number of days that sailing is not possible at all increases according to both the LocSpe 

models (Figure 11 B&C). Accordingly, the cumulative shipping costs also drop significantly while the 

cargo not transported increases (Table 4). For Nijmegen the most realistic results are from LocSpe, 

however still not matching the original damage of 2018. Both LocSpe models predict an increase in both 

cargo not shipped and sailing costs.  

 

 

 
Figure 10: Future estimates of sailing depth at Nijmegen and Sint-Andries for a 2 degree Celsius increase in temperature. 

Yellow: Future RF predictions. Red: Current RF predictions. Blue: Observed sailing depth 2018. A) General model B) 

LocSpe trained on location C) LocSpe trained on different location.  
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Figure 11: Damage estimate for the climate change scenarios for Nijmegen and Sint Andries compared to the damage 

estimation for the normal climate scenario predictions. A) Isildur B) LocSpe trained on location C) LocSpe trained on 

different location 
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4. Discussion 
 

The aim of this study was to investigate to what degree ML methods can be used to study the impact of 

hydrological drought on the shipping industry. To that end two RF models were constructed to model 

the sailing depth, which has a large impact on the shipping industry. The first model is based on 

constructing individual RF models for individual locations and for the second model one single large 

model was developed for multiple locations. First the ability to reconstruct historic data was checked 

for both models. Later this was expanded to include predictions based on climate scenarios by the 

KNMI. The Sailing depth predictions were then used to predict the potential damages for the shipping 

industry.  

 

The two RF approaches used in this paper are relatively quick, a single run of the program took only a 

few minutes, which is in line with previous observations (Adnan et al., 2021; Hauswirth et al., 2021; 

Tyralis & Papacharalampous, 2019). This relatively short runtime makes adapting the model easier 

compared to traditional numerical models which take much longer. Which in turn makes it easier to use 

for monitoring and research purposes compared to traditional hydrological models.  

 

4.1 Reconstruction of historic data 

For LocSpe, the best results were achieved for locations the model was trained on when reconstructing 

historic data included in the training set (Figure 6). These results almost perfectly match the historic 

data. This is not surprising, since the RF is already familiar with the target data. It is similar to giving 

the same test to a student as the practice and official exam, the student will be familiar with the material 

and will perform better than it normally would. Therefor this is of little interest for the aims of this study.  

 

Both modelling approaches yield close matches between the target data and the predicted data. LocSpe 

yields better predictions for locations where a model was developed compared to Isildur. However, 

Isildur yields better results than LocSpe on locations where no LocSpe model was developed. In other 

words, Isildur generalizes better than LocSpe.  

 

The LocSpe model struggles more when it comes to reconstructing the lowest values than Isildur (Figure 

7 C&D). This is the case when the target depth is outside of the training data range. For example, at 

Nijmegen the lowest sailing depths occur in 2018, and LocSpe struggles to reconstruct these as this data 

is excluded from the training data set. For Isildur these values are included in the training data set, and 

this model can therefore better reconstruct these low values.    

 

Previous work suggests that RF struggles with reconstructing the extremely low or high values 

(Hauswirth et al., 2021). By implementing different methods of training data selection, the accuracy of 

the predictions for the extreme values were improved, although the model still had difficulty with the 

lowest and highest values.  

 

The accuracy of predictions made by LocSpe for unfamiliar locations relies heavily on whether the 

target location is along the same river (Table 2). Furthermore, predictions also tend to be better for 

connected river branches than for separate rivers. These results are likely because the study area is 

heavily regulated by humans. For the Rhine branches included in this study, there is a rather constant 

ratio between the discharges of the different branches (Frings et al., 2019). This means that for a model 

it is relatively easy to make predictions on unfamiliar locations because the relative changes in discharge 

and streamflow are roughly equal across the different Rhine branches, while the absolute difference may 

not be. Consequently, the predictor data will be very similar in shape to the training data set.  

Additionally, all target locations are positioned in a relatively small area where regional differences in 

climatic conditions are minimal. Furthermore, the catchments of the Meuse and Rhine rivers are also in 

a similar climate. This means that even though they are two different rivers, there will be some 
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similarities in the trends in discharges of the rivers. And these similarities also make it easier for a ML 

model to make predictions on different locations without being trained on them.  

 

The results show that while outcomes of LocSpe may be better for locations it was developed on, Isildur 

outperforms LocSpe when it comes to predicting locations the model has not yet encountered (Figure 

7). Because Isildur generalizes better than LocSpe, this approach may be preferable for a general 

monitoring set-up. That is not to say that it is not possible to use the latter for monitoring. The predictions 

made by LocSpe tend to be accurate for other locations along the same river. Therefore, it is possible to 

set up a predictive monitoring scheme by training one RF model for each river of interest. This will 

however require more work compared to developing a similar monitoring scheme using Isildur for all 

rivers.  

 

Another option is to use a combined approach. Use an Isildur to monitor the water transport network on 

a large scale. Then use LocSpe for the most important choking points. Isildur’s prediction can then be 

used to broadly monitor the network. LocSpe can then be used on the most important locations, such as 

Nijmegen and Sint Andries, to make more accurate predictions for the shipping industry.  

 

4.2 Damage estimation 

LocSpe yields better results when it comes to predicting the damages of a hydrological drought. This is 

likely because LocSpe makes better predictions for locations it was trained on than Isildur. These small 

differences in model performance result in large differences in sailing costs or tonnage not shipped 

(Figure 12). Changes in available sailing depth changing from 4 to 3 meters will result in much less lost 

cargo carrying capacity than a sailing depth change from 3 to 2 meters (Figure 12).  

 

The negative relation between sailing costs and cargo transported found in Table 4 for Sint Andries can 

be explained by the following process. As the sailing depth decreases the sailing costs initially increases, 

however at a certain threshold, ships of a given depth category cannot sail at all. Therefore, these ships 

make no sailing costs. (Appendix Figure 1 and 2). This process also explains the low extra sailing costs 

at Nijmegen according to the observed data compared to the model results. As here the sailing depth is 

overestimated by both model approaches. 

 

The total damage for the shipping industry for the drought of 2018 is estimated to be between 160 and 

345 million euros. For the upper estimate about 165 million euros is due to direct economic damages 

while the remaining damages are due to indirect effects (Hekman et al., 2019). The method used in this 

paper estimates that for the Upper Rhine-Waal actual damages are 53.85 million euros in extra shipping 

costs and 36.68 million tons of cargo is not shipped (Table 4). Keep in mind that these damages are only 

Figure 12: Yearly tonnage shipped (left) and yearly sailing costs (right) per depth category at Sint Andries. Type of good transported is 
displayed in both bar charts (Jong, 2019) 
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for the Upper Rhine-Waal, and do not consider the other rivers in the study area. The Upper Rhine-Waal 

is responsible for half of all shipping costs in the Netherlands (Schasfoort et al., 2019), so in reality the 

estimated sailing costs will be twice as high.  

 

The most accurate predictions of damage based on ML outcomes are 119.16 million euros in extra 

sailing costs and 11.12 million tons not shipped. These predictions are made using LocSpe trained on 

target location. The large difference between the observed values and calculated damages is mainly due 

to inaccuracies in sailing depth predictions at Nijmegen.  

As stated above the predictions for Sint Andries are rather accurate. This means that it could be possible 

,with future work, to improve the results for Nijmegen and increase prediction accuracies. If this could 

be achieved, the development of a damage estimation program based on the method described in this 

paper is feasible. Such a model would be a very useful tool for water managers and researchers alike. 

 

This paper does not consider all measures that the shipping industry could take to lessen the impact of 

hydrological drought. The main difference is that modal shift is not considered in the damage estimations 

(Jong, 2019; Schasfoort et al., 2019). It is assumed that if shipping becomes unfeasible or unprofitable 

that the cargo is simply not shipped, while different means of transport could also be used, such as 

transport by road or by train. These different modes of transport will be able to reduce the amount that 

is not shipped. Other factors that are not included in the damage estimation are: increasing sailing 

efficiency, storing of goods not transported, changing fleet composition, decreases in sailing speed due 

to congestion and changing sailing times. Implementation of these measures would yield more accurate 

results in predicting sailing damage.  

 

4.3 Future predictions 

4.3.1 Future sailing depth predictions 

 

Both LocSpe and Isildur RF approaches yield lower sailing depths as a result of reduced discharge due 

to climate change. This means that the approach of using RF to study the impact of future hydrological 

droughts is possible. The degree of reduction of sailing depth does vary between the different modelling 

approaches. The difference in sailing depth predictions between the normal and climate change scenarios 

is relatively minimal for Isildur, while the difference is larger for the LocSpe predictions. Since it is not 

possible to benchmark the future, it is difficult to ascertain which approach yields better results.  

 

Van der Mark et al. (2020) presents a traditional numerical method for predicting sailing depth in the 

Rhine branches. This method is aimed at predicting future water depths for a six to eight week period. 

It has similar inputs as the models described in this paper. It takes the predicted discharge of the Rhine 

at Lobith based on model predictions (BfG) and uses this to eventually predict the sailing depth. This is 

however where the similarities end. The method described in Van der Mark et al. (2020) calculates the 

expected sailing depth by using multiple models to predict the water height (SOBEK3 and RVWG), 

which is then combined with the measured and predicted depth profile over the river to estimate the 

future sailing depths.  

The RF models utilised in this paper require less work and less data to make predictions on future sailing 

depth compared to the traditional approach. However, the RF models presented in this paper are 

currently not able to match the resolution offered by the traditional hydrological model.  

 

4.3.2 Future damage predictions 

 

All model approaches used in this paper predict that the shipping industry will be negatively affected by 

climate change. There will be an increase in the cargo that cannot be transported, which can be double 

that of 2018 (Table 4). Accordingly the number of days with water levels below the target depths of 280 

cm also increases (Kroekenstoel, 2014). Subsequently the number of days where sailing is not possible 

will increase during a hydrological drought in a 2 degrees Celsius climate change scenario compared to 

the current climate.  
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Even with a reduced discharge of the Rhine and Meuse the scale of damages are still underestimated by 

both RF models at Nijmegen. This difference can largely be explained by the extreme low water in 2018 

at the end of the drought around November. No predictions match this period of extreme low water. As 

during this time, the cargo that cannot be transported will be highest, so inaccuracies in these predictions 

will also result in the highest difference.  

 

These estimates are based on the current amount of traffic along the Upper-Rhine and Waal and do not 

consider changes in traffic. According to De Jong et al. (2019) it is expected that tonnage that will be 

transported along the Upper-Rhine and Waal will almost double by 2050. So, in consideration of this 

increase, damages will be much higher than the estimates made in this paper. 

  

4.4 Improvements, issues and limitations  

During the development of both RF model approaches a problem was encountered when transforming 

the predictor data to be gaussian, however it occurred more frequently with LocSpe. Normally data is 

transformed to be gaussian and have values between -2 and 2. However it sometimes occurred that all 

predictor values for certain variables, such as the discharge of the Rhine, were set to zero. This means 

the RF will not consider this variable during predictions, which leads to significantly worse results.  

 

Related to the above mentioned encountered issue is a general problem with using RFs. RF and many 

other ML methods are grey or black box algorithms, which means it is difficult to understand what is 

going on within the program. This usually is not an issue as long as no strange problems arise. If these 

problems do arise, it can be difficult to find out where the error lies.  

 

It is a known problem of RFs that they struggle to predict the lowest extreme values, especially if they 

would fall outside of the training data set (Hauswirth et al., 2021; Hengl et al., 2018). The lowest sailing 

depth values in the entire training and testing data can be found in Nijmegen for 2018. To fairly compare 

the damage estimation based on Isildur the target location was excluded from the training data. This 

means that the data containing the lowest sailing depths was excluded for Nijmegen and consequently 

the model fails to reconstruct the lowest sailing depth values. However, including this data may lead to 

unrealistically good results.  

 

All work done in this paper focusses on gauged locations, meaning ungauged locations are not 

considered. This means that the current results can only be used at certain points along a river or 

stream instead of modelling the entire stream. Hengl et al. (2018) shows that RF can be used to 

extrapolate that in spatial or spatiotemporal framework. In the current paper this was not applied, 

however such a spatial RF (RFsp) could be used to make better predictions at ungauged locations.  

 

Finally, a small note has to be made on the methods used to expand sailing depth training data results in 

a proxy of the actual sailing data. It would be better to train exclusively on measured and observed 

training data instead of a calculated value. For example, at Sint-Andries this method results in extremely 

low water depths for 2018, which may be unrealistic, which then results in unrealistic estimations of 

damages.  

 

4.5 link to previous work 

Hauswirth et al. (2021) investigated the viability of using data driven approaches to model hydrological 

extremes. They found that more complex ML algorithms, such as RF, can model drought events but 

struggle to model the most extreme drought events. It was suggested that by changing the training data 

selection model performance could be improved. The Results of  this paper seem to suggest that this is 

correct. The RF predictions made by both Isildur and LocSpe yield better results for the extreme drought 

of 2018 compared to what was achieved in Hauswirth et al. (2021). The main difference is that in 

Hauswirth et al. (2021) data was split randomly while in the current paper it is split chronologically.  
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Tyralis & Papacharalampous (2019) provide an excellent review of the use of RF in the study of 

hydrology. The main advantages of RF mentioned there were also found in this paper. RFs were found 

to be fast, capture non-linear dependencies, were able to handle large datasets,  were easy to use and 

were accurate. The disadvantages of RF were also encountered in this paper, mainly the inability of RF 

to extrapolate outside of the training data (Hengl et al., 2018; Tyralis & Papacharalampous, 2019).  

Lange & Sippel (2020) reviewed multiple ML methods in hydrology and suggest that one of the main 

reasons for using RF is its resistance againt overfitting the target data (Breiman, 2001). In this paper no 

problem was encoutered with overfitting, which is in line with previous observations.  

Adnan et al. (2021) found that RF may struggle with predicting or reconstructing data compared to 

Long-Short-Term-Memory networks (LSTM) or Extreme Learning Machines (ELM). They suggest that 

in their paper this is likely due to the linear structure of RF. In this paper few problems were encountered 

with RF and periodicity. It would however be interresting to see how LSTM or ELM comapare to the 

RF results in this paper.  

4.6 Recommendations 

The aim of this paper was to model hydrological drought, however most of the time there is no drought 

present, meaning the input data of the RF model is relatively sparse on drought data. Currently, there 

does not exist an easy way for a RF to focus on this sparse data when it comes to regression. Algorithms 

have been designed for classification to focus on sparse data and to artificially expand it. However, few 

of these exist for regression. There are some, for example SMOTE for regression (Torgo et al., 2013). 

Implementation of such methods could improve RF predictions.  

 

This study used the Rhine and Meuse rivers in the Netherlands as a case study to see if ML methods can 

be used to study hydrological drought. Based on the findings above the RF model shows great promise 

to be a good tool in studying the impact of hydrological drought. One advantage of ML methods is that 

they are flexible and are able to easily learn new relationships (Hauswirth et al., 2021). This means that 

it is likely that this approach can be applied to different areas than just the one used in this paper. 

 

Results in this paper show that RF can predict future sailing depths and consequently estimate damage 

to the shipping industry. A next step before RF could be used in practice as a water management tool is 

to test this by making short term predictions during drought and test whether they are accurate. If this 

proves to be the case the resulting model could be used to make estimations to compare operational 

scenarios. These calculations can be done on the fly due to the relatively short runtimes of the program 

which gives it a significant advantage over numerical models.  

 

Feature importance is not considered in this paper. This metric can give very useful information about 

what variables are the driving forces behind the model. By taking feature importance into consideration 

the RF model can also be used to better understand and quantify which processes are most important in 

hydrological drought (Albers et al., 2016).  

 

There is no single best ML method for modelling hydrological processes (Lange & Sippel, 2020). This 

is also the case for the subject of this study. As stated above RFs are capable to reconstruct historic data 

and predict possible future droughts. That this method works well does not mean other ML methods 

should not be investigated. LSTMs are another promising ML method based on Artificial Neural 

Networks (Adnan et al., 2021; Hauswirth et al., 2021; Kratzert et al., 2019). These methods are able to 

take into account previous timesteps when making predictions for the next timestep and could therefore 

proof a very useful ML method for the prediction of sailing depth.  

 

 

4.6 Synthesis  

The results presented in this paper indicate that ML methods show great promise in the study and 

management of hydrological droughts. RFs are shown to be able to accurately reconstruct historic sailing 
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depths, which in turn could yield good estimates of damages to the shipping industry. Estimates of future 

sailing depth based on a 15% decrease in discharge due to climate change also gave realistic outcomes. 

Two approaches were considered in this paper to model sailing depths in the Meuse and the Rhine 

branches with RFs. The location specific approach yielded better predictions on individual locations 

than a general approach, but the location specific approach generalizes worse. The implementation of a 

combined set up using a locations specific model for the most important locations and using the general 

model for the other locations could be a very useful tool for water managers and researchers alike.  

 

5. Conclusion 
The main aim of this paper was to investigate to what degree machine learning methods can be used to 

study the impact of hydrological drought on inland shipping. To this end two random forest machine 

learning models were developed, based on two different approaches; An approach utilising location 

specific RF models that were trained for individual locations (LocSpe) and an approach where one 

single model to rule them all was constructed based on data from all locations (Isildur). The models 

are trained on a limited number of variables; discharge at Lobith, discharge at Eijsden, precipitation at 

De Bilt and distance along the river. By keeping the model inputs simple, this model can also be more 

easily transferred to operational use. These models were then tested to reconstruct historical data and 

make future prediction in a 2⁰C climate change scenario. The results of the models were then used to 

estimate the economic damages to the shipping industry.  

Results show that both RF approaches were able to accurately reconstruct historical sailing depth data, 

although model performance does vary per location. The estimates of future sailing depth with 

decreased discharges due to climate change all predict a decrease in sailing depth. This in turn will 

increase the economic damages to shipping industry, as insufficient sailing depths will occur more 

frequently.  

It was found that Isildur generalizes better than LocSpe, while the predictions of LocSpe are more 

accurate for individual locations. This is especially the case for locations where the LocSpe model was 

developed on. The performance of LocSpe for locations it had not yet encountered depends largely on 

whether the target location is along the same river or a connected river branch as the predictor location. 

It is suggested that the optimal application may be a combined model, where Isildur is used for general 

monitoring while LocSpe can be used for the major chokepoints. 

 

The estimates of economic damages to the shipping industry are heavily reliant on the accuracy of the 

sailing depth predictions. For locations with a good match between the observed sailing depth and 

predicted sailing depth, the economic damage estimates are also accurate. While for locations with 

poorer matches in sailing depth, the resulting economic damage also provides a poor estimate. 

Especially mismatches in predictions for the extremely low sailing depths can result in large 

differences between observed and estimated damages, as these are the conditions when economic 

impacts occur. Small differences here can result in large differences in economic damages due to the 

fleet composition.  

There are some issues with the use of RF or ML in general. The main disadvantage found is that RFs 

struggle to predict the most extreme values and are unable to extrapolate outside of the training data 

range. Data that has never been observed is very hard to predict for the RF models. This means that the 

model is heavily dependent on quality and volume of the training data. Secondly, the grey box nature of 

RF makes understanding the internal processes of the model difficult, which makes it difficult to identify 

causal relationships.  

 

Nonetheless, machine learning methods show great promise as a useful tool in the water managers or 

water researcher’s inventory. The random forest based results found in this paper show the great 

potential of the implementation of machine learning programs. Compared to traditional numerical 
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models they are faster and easier to use, while still being accurate. This makes ML methods well 

suited for monitoring, predicting and research of hydrological drought.  
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Appendix 

 

Appendix Figure 1: Results for minimal sample split and number of trees from the SA of the LocSpe model. Values closer to 

zero represent better matches between the predictions and the targets. 

 

Appendix Figure 2 Results for minimal sample split and number of trees from the SA of the Isildur model. Values closer to 

zero represent better matches between the predictions and the targets. 
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Appendix Figure 3: Cumulative cargo not transported and sailing costs compared to sailing depth for Nijmegen 

 
Appendix Figure 4: Cumulative cargo not transported and sailing costs compared to sailing depth for Sint Andries 
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