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Thesis abstract 
 
The use of machine learning techniques in tackling hydrological problems has significantly 
increased over the last decade. Machine learning tools can provide alternatives or surrogates 
to complex and comprehensive methodologies such as physics-based numerical models. 
Machine learning algorithms have been used in hydrology for estimating streamflow, runoff, 
water table fluctuations and calculating the impacts of climate change on nutrient loading 
among many other applications. In recent years we have also seen arguments for and 
advances in combining physics-based models and machine learning algorithms for mutual 
benefit. This thesis contributes to these advances by addressing two different groundwater 
problems by developing a machine learning approach and comparing this previously 
developed physics-based models: i) estimating groundwater and surface water depletion 
caused by groundwater pumping using artificial neural networks and ii) estimating a global 
steady-state map of water table depth using random forests.  
 
The first chapter of this thesis outlines the purpose of this thesis and how this thesis is a 
contribution to the overall scientific knowledge on the topic. The results of this research 
contribute to three of the twenty-three major unsolved problems in hydrology, as has been 
summarized by a collective of hundreds of hydrologists.  
 
In the second chapter, we tested the potential of artificial neural networks (ANNs), a deep-
learning tool, as an alternative method for estimating source water of groundwater 
abstraction compared to conventional methods (analytical solutions and numerical models). 
Surrogate ANN models of three previously calibrated numerical groundwater models were 
developed using hydrologically meaningful input parameters (e.g., well-stream distance and 
hydraulic diffusivity) selected by predictor parameter optimization, combining hydrological 
expertise and statistical methodologies (ANCOVA). The output parameters were three 
transient sources of groundwater abstraction (shallow and deep storage release, and local 
surface-water depletion). We found that the optimized ANNs have a predictive skill of up to 
0.84 (R2, 2σ = ± 0.03) when predicting water sources compared to physics-based numerical 
(MODFLOW) models. Optimal ANN skill was obtained when using between five and seven 
predictor parameters, with hydraulic diffusivity and mean aquifer thickness being the most 
important predictor parameters. Even though initial results are promising and 
computationally frugal, we found that the deep learning models were not yet sufficient or 
outperforming numerical model simulations. 
 
The third chapter used random forests in mapping steady-state water table depth on a global 
scale (0.1°-spatial resolution) and to integrate the results to improve our understanding on 
scale and perceptual modeling of global water table depth. In this study we used a spatially 
biased ~1.5-million-point database of water table depth observations with a variety of 
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globally distributed above- and below-ground predictor variables with causal relationships to 
steady-state water table depth. We mapped water table depth globally as well as at regional 
to continental scales to interrogate performance, feature importance and hydrologic process 
across scales and regions with varying hydrogeological landscapes and climates. The global 
water table depth map has a correlation (cross validation error) of R2 = 0.72 while our highest 
continental correlation map (Australia) has a correlation of R2 = 0.86. The results of this study 
surprisingly show that above-ground variables such as surface elevation, slope, drainage 
density and precipitation are among the most important predictor parameters while 
subsurface parameters such as permeability and porosity are notably less important. This is 
contrary to conventional thought among hydrogeologists, who would assume that sub-
surface parameters are very important. Machine learning results overall underestimate water 
table depth similar to existing global physics-based groundwater models which also have 
comparable differences between existing physics-based groundwater models themselves. 
The feature importance derived from our random forest models was used to develop 
alternative perceptual models that highlight different water table depth controls between 
areas with low relief and high relief. Finally, we considered the representativeness of the 
prediction domain and the predictor database and found that 90% of the prediction domain 
has a dissimilarity index lower than 0.75. We conclude that we see good extrapolation 
potential for our random forest models to regions with unknown water table depth, except 
for some high elevation regions. 
 
Finally in chapter four, the most important findings of chapters two and three are considered 
as contributions to the unresolved questions in hydrology. Overall, this thesis has contributed 
to advancing hydrological sciences through: i) mapping of  global steady-state water table 
depth using machine learning; ii) advancing hybrid modeling by using synthetic data derived 
from physics-based models to train an artificial neural network for estimating storage 
depletion; and (iii) it contributing to answering three unsolved problems in hydrology 
involving themes of parameter scaling across temporal and spatial scales, extracting 
hydrological insight from data, the use of innovative modeling techniques to estimate 
hydrological fluxes/states and extrapolation of models to no-data regions. 
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Chapter 1: Purpose and Thesis Contributions  
This chapter provides a general introduction to machine learning and its application in 
hydrology to contextualize the purpose and contributions of this thesis. More detailed and 
focused literature review is included in Chapters 2 and 3.  

1.1 Introduction to machine learning 
The earliest mention of the term “machine learning” in the scientific literature was found in 
the 1930’s, but it was not until the 1980’s that the number of studies involving machine 
learning started to grow exponentially (Thessen, 2016). Nowadays, there are few fields within 
the entire science community where machine learning algorithms have not been used. Within 
popular culture, machine learning evokes thoughts of robotics or science-fiction, but machine 
learning has very useful, basic day-to-day applications and uses. One of the primary 
advantages of machine learning is its transferability among different fields of science. Though 
different fields use different metrics, models, or scales to analyze problems, the mathematical 
methodology of machine learning is transferable across nearly any scales, domains, and 
settings. As can be seen in Figure 1.1, machine learning is a nested subsection of artificial 
intelligence. Machine learning can also be called an umbrella term for a large variety of 
different algorithms, each with their own strengths, weaknesses and uses. 
 

 
Figure 1.1 Schematic representation of major nomenclature after Mitchell (1997) and Xu & Liang (2021) 

 
Machine learning has been introduced in many branches of science:  

● In the physical sciences we have seen it being used in particle physics, cosmology, or 
quantum computing among numerous other applications (Carleo et al., 2019).  

● In the social sciences we have seen studies involving crime prediction using machine 
learning algorithms (Reier Forradellas et al., 2021) and in the last few years we have 
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seen several articles promoting the benefits of machine learning algorithms to the 
social sciences (Grimmer et al., 2021; Hindman, 2015).  

● Within the field of biology multiple machine learning algorithms have been compared 
to explain the declining populations of ocellated turkeys (Kampichler et al., 2010) and 
in structural biology to predict the secondary structures of proteins (Sternberg et al., 
1994).  

● In the medical sciences machine learning has been used to predict breast cancer 
survival (Montazeri et al., 2016).  
 

This is an impressive range of utilities for a set of algorithms and therefore has proven its use 
extensively. However, most people probably know of machine learning and its use in popular 
social media applications and app features such as facial recognition, voice detecting or 
fingerprint scanning. All these features use machine learning algorithms to some degree. 
 
Machine learning has also made its way into the hydrological sciences (Nearing et al., 2021). 
Currently, machine learning applications in hydrology are booming as evidenced by recent 
review and perspective papers (Reichstein et al., 2019; Shen, 2018; Shen et al., 2021; Shen & 
Lawson, 2021; Xu & Liang, 2021). This rapid rise of the use of machine learning algorithms in 
hydrology is an exciting and promising development for hydrologists and anyone else with an 
interest in water. This is supported by a recent special edition of the journal of Water that 
gave 14 examples of studies involving Artificial Intelligence advancing hydrologic forecasts 
and water resource management (Chang & Guo, 2020). This Master’s research contributes to 
this evolution of machine learning in new and innovative ways. To motivate and contextualize 
these contributions within the hydrological and geological science literature, this chapter 
includes a (limited) literature review of 1) the most recent advances of machine learning in 
hydrology and 2) the dominant explored and unexplored problems within the field of 
hydrology and on how machine learning could be used to further our hydrologic 
understanding. 

1.2 Recent developments on the use of machine learning in hydrology 
Linear or multivariate regression models are among the simplest forms of machine learning 
where a dataset of one or more independent variables are approximated by a polynomial 
function of one or more dependent variables. These relatively simple models are quick and 
easy approximations to complex problems and were suggested early on for their use within 
hydrology (DeCoursey & Deal, 1974; Snyder, 1962). The simplest forms are used less often in 
the last few years, but an advanced version of this called multivariate adaptive regression 
splines was used to predict streamflow and land use change for example (Adnan et al., 2020; 
Al-Sudani et al., 2019). Some of the other popular and more advanced machine learning 
algorithms involve support vector machines, artificial neural networks, Bayesian networks, 
clustering, and random forests (Alpaydin, 2014). Each of these algorithms have been widely 
used to solve various hydrological problems. For example, support vector machines have 



3 

been used to estimate downscaled versions of climate parameters and to estimate 
streamflow (Adnan et al., 2017; Deka, 2014; Tripathi et al., 2006). Artificial neural networks 
have been used to simulate runoff and to simulate groundwater level fluctuations 
(Daliakopoulos et al., 2005; Tokar & Johnson, 1999). K-means clustering has been used to 
divide the world in separate hydrogeologic regions (Reinecke et al., 2020). Bayesian networks 
have been used to predict the impacts of climate change on nutrient loading (Sperotto et al., 
2019). Finally, random forests are versatile in that they can be used for both classification 
problems, as well as regression problems (Brown et al., 2014; Liaw & Wiener, 2002). An 
example of a classification study involving random forests was done by Brown et al. where 
they used random forests to make a hydrologic landscape regionalization based on the 
hydrologic landscape concept by Winter (2001). Most of these algorithms (random forests, 
artificial neural networks, multivariate regression, support vector machines and Bayesian 
networks) are examples of supervised learning. In supervised learning the target variable has 
a known label or number and we fit our model to our known outcomes. K-means clustering is 
an example of unsupervised learning, where the target variable, number of classes is not 
known prior to the study and the goal of the study is to find a label or class for each sample.  
 
One interesting and expanding part of machine learning is deep learning (Figure 1.1). Shen 
(Shen, 2018; Shen & Lawson, 2021) has recently done an extensive overview of deep learning 
research and relevance for hydrologists and water resource engineers. Although there is not 
a strict definition, deep learning often refers to multi-layer neural networks trained on large 
datasets. The term ‘deep’ comes from the experience that neural networks with multiple 
hidden layers are more likely to extract complex abstract features from raw data better than 
non-deep neural networks can (Goh et al., 2017; Schmidhuber, 2015). Deep learning is 
currently being used in hydrology: i) extract hydrometeorological and hydrologic information 
from images, ii) dynamically model of hydrologic variables or data collected by sensor 
networks and iii) learn and generate complex data distributions (Shen, 2018; Shen & Lawson, 
2021). However, Shen interestingly states that we do not yet have any studies on interpreting 
deep learning models. The same paper lists the possible uses and risks of using deep learning 
within hydrology. According to Shen et al. (2021), unexplored territories of machine learning 
within hydrology includes vegetation hydraulics, glaciers, preferential flow, hyporheic 
exchange, and regional groundwater recharge among potential others. Most studies involve 
single output parameters that are predicted (e.g., precipitation or streamflow). Furthermore, 
recent studies suffered from relatively small datasets, limiting their use outside of the training 
domain, and making them less suitable as extrapolation tools (Reichstein et al., 2019). Multi-
task models (models that predict multiple parameters simultaneously predicted) could be an 
innovative addition to the current scientific knowledge and practice.  
 
Within the broader field of geoscience deep learning has become one of the preferred 
methods to deal with remote sensing data (L. Zhang et al., 2016). For example, remote sensing 
data is used for observing geometric shapes (rivers, hillslopes, valleys etc.) and convolutional 
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neural networks are excellent at interpreting observations from image data (Makantasis et 
al., 2015). Climate studies where deep learning was used involved precipitation forecasting 
(Hernández et al., 2016; Shi et al., 2017; P. Zhang et al., 2017) and identification of extreme 
weather events (Iglesias et al., 2015; Liu et al., 2016; Mudigonda et al., 2021; Prabhat et al., 
2017). 
 
In the last five years a trend has developed to combine physics-based models with machine 
learning models (Bhasme et al., 2021a; Willard et al., 2020; Yang et al., 2019). Common 
criticisms of machine learning algorithms are 1) the models are in essence a “black-box” 
neglecting any of the known physical laws that control groundwater flow or other hydrologic 
processes and 2) tend to underperform against process- or physics-based models. Kratzert 
(2019) states “that it is often argued that data-driven models might underperform relative to 
models that include explicit process representations in conditions that are dissimilar to 
training data”, but they also argue that to their knowledge this hypothesis has not been tested 
to this day. There have been some attempts to combine data-driven and physics-based 
models and recent studies have shown that a combination or hybrid modelling setup where 
machine learning and conventional methods are combined can be successful. For example, 
Khandelwal (2020) used a physics guided approach to predict streamflow. The ensemble 
model in their study predicted evapotranspiration, soil water and snowpack independently 
using recurrent neural networks. The results were fed to another recurrent neural network 
which was trained using a physics-based loss function. The loss function related streamflow 
to precipitation, evapotranspiration, and changes in water storage to streamflow based on 
the principle of conservation of mass. This study is an example of how expertly chosen 
physical laws and machine learning algorithms could help improve each other. 
 
One final topic that has gained popularity in recent years is inference of hydrological 
processes or insight from machine learning models. Marçais and de Dreuzy (2017) laid out a 
roadmap for the relevance of deep learning in three steps: 1) testing on data, 2) testing on 
benchmarks and 3) collaboration with the wider deep learning community. Within step 1, 
Marçais and de Dreuzy (2017) argue that both measured as well as synthetic databases could 
be valuable to the overall goal, since the availability of such databases has been the key to 
the success of deep learning studies in the past (Krizhevsky et al., 2012). There is also 
precedent for learning on synthetic data. Previous machine learning studies have used 
synthetically derived data from numerical (MODFLOW) models to generate large quantities 
of data for machine learning algorithms to train. These machine learning models trained on 
synthetic data are sometimes called metamodels and are functioning as a statistical model 
based on a computationally intensive numerical model (Feinstein et al., 2016; Fienen et al., 
2015, 2016).  
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1.3 The unsolved problems in hydrology and the potential of machine learning 
A 2019 paper published by 230 scientists within the hydrological science community outlined 
the twenty-three unsolved problems within hydrology (Blöschl et al., 2019; Table 1.1). From 
this table three problems are highlighted which lie within the scope of this thesis. These 
questions deal with problems in spatial variability (mainly of input parameters and processes) 
and how data and modeling methods can help us to gain more understanding or how to make 
more advanced versions of numerical models. 
 
Table 1.1 The twenty-three unsolved problems in hydrology (according to Blöschl et al. 2019). This dissertation 
contributes to answering the questions highlighted in bold. 

Time variability and change 
1. Is the hydrological cycle regionally accelerating/decelerating under climate and environmental 

change, and are there tipping points (irreversible changes)? 
2. How will cold region runoff and groundwater change in a warmer climate (e.g. with glacier melt and 

permafrost thaw)? 
3. What are the mechanisms by which climate change and water use alter ephemeral rivers and 

groundwater in (semi-) arid regions? 
4. What are the impacts of land cover change and soil disturbances on water and energy fluxes at the 

land surface, and on the resulting groundwater recharge?  

Space variability and change 
5. What causes spatial heterogeneity and homogeneity in runoff, evaporation, subsurface water and 

material fluxes (carbon and other nutrients, sediments), and in their sensitivity to their controls (e.g. 
snow fall regime, aridity, reaction coefficients)? 

6. What are the hydrologic laws at the catchment scale and how do they change with scale? 
7. Why is most flow preferential across multiple scales and how does such behavior co-evolve with the 

critical zone? 
8. Why do streams respond so quickly to precipitation inputs when storm flow is so old, and what is the 

transit time distribution of water in the terrestrial water cycle? 

Variability of extremes 
9. How do flood-rich and drought-rich periods arise, are they changing, and if so why? 
10. Why are runoff extremes in some catchments more sensitive to land use/cover and geomorphic 

change than in others? 
11. Why, how and when do rain-on-snow events produce exceptional runoff? 

Interfaces in hydrology 
12. What are the processes that control hillslope–riparian–stream–groundwater interactions and when 

do the compartments connect? 
13. What are the processes controlling the fluxes of groundwater across boundaries (e.g. groundwater 

recharge, inter-catchment fluxes and discharge to oceans)? 
14. What factors contribute to the long-term persistence of sources responsible for the degradation of 

water quality? 
15. What are the extent, fate and impact of contaminants of emerging concern and how are microbial 

pathogens removed or inactivated in the subsurface? 

Measurements and data 
16. How can we use innovative technologies to measure surface and subsurface properties, states and 

fluxes at a range of spatial and temporal scales? 
17. What is the relative value of traditional hydrological observations vs soft data (qualitative 

observations from lay persons, data mining etc.), and under what conditions can we substitute space 
for time? 
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18. How can we extract information from available data on human and water systems in order to inform 
the building process of socio-hydrological models and conceptualizations? 

Modeling methods 
19. How can hydrological models be adapted to be able to extrapolate to changing conditions, 

including changing vegetation dynamics? 
20. How can we disentangle and reduce model structural/parameter/input uncertainty in hydrological 

prediction? 

Interfaces with society 
21. How can the (un)certainty in hydrological predictions be communicated to decision makers and the 

general public? 
22. What are the synergies and tradeoffs between societal goals related to water management (e.g. 

water–environment–energy–food–health)? 
23. What is the role of water in migration, urbanization and the dynamics of human civilizations, and 

what are the implications for contemporary water management? 

1.4 Thesis Contributions 
Based on the literature review in this chapter it can be concluded that there is room for 
improvement in machine learning in the hydrological sciences. This thesis attempts to fill 
some of the knowledge gaps of the aforementioned literature. From the list of twenty-three 
unsolved problems in hydrology, this work contributes to addressing three unsolved problems 
(using numbering from Table 1.1 for consistency): 
 
6. What are the hydrologic laws at the catchment scale and how do they change with 
scale? 
16.  How can we use innovative technologies to measure surface and subsurface 
properties, states, and fluxes at a range of spatial and temporal scales? 
19. How can hydrological models be adapted to be able to extrapolate to changing 
conditions (including changing vegetation dynamics)? 
 
Here major contributions of this thesis are highlighted: 
 

● While there have been global scale physics-based models for estimating groundwater 
(De Graaf et al., 2015; Fan et al., 2013; Reinecke et al., 2019; Sutanudjaja et al., 2018), 
water use (Alcamo et al., 2003) and streamflow (Li et al., 2015), we have not seen 
machine learning equivalents to these models at the global scale yet (Nearing et al., 
2021). Therefore, this research will be among the first to build a machine learning 
model that attempts to produce hydrologically meaningful results on the global scale. 
This relates to unresolved problems 6 and 19 because it looks at how the importance 
of hydrological parameters varies over different spatial scales and if these parameters 
are transferable across watershed boundaries or across spatial scales (extrapolation 
question). This thesis does not touch upon the impact on changing vegetation 
dynamics (mentioned in question 19 specifically), but more on extrapolation to 
changing conditions in general. 
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● Within this work different machine learning methods (artificial neural networks and 

random forests) were used to highlight the different possible uses for machine 
learning algorithms. In terms of spatial and temporal variability, the scope of this 
master’s research varied from the local (watershed) scale to the global scale and both 
steady state as well as transient simulations were performed. This part of the research 
relates to unsolved problem 16, because it attempts to predict fluxes/states (storage 
depletion and water table depth) using machine learning methods. The novelty (or 
innovative) part of this research is also that contrary to current research, we predict 
depletion using a multitask (multi-output) neural network (chapter 2) and we predict 
steady-state water table depth, contrary to transient water table depth (chapter 3). 
 

● Chapter 2 of this thesis builds on the current advances of metamodels by predicting 
the sources of water from groundwater abstraction using a metamodel: artificial 
neural networks are trained to predict the transient changes in storage depletion and 
surface water depletion caused by groundwater pumping. The artificial neural 
networks are trained on synthetically generated data from numerical groundwater 
models. Three watersheds within the United States were selected as case studies. The 
matter of extrapolation to other regions was also investigated by taking different 
watersheds as training sets and predicting for other watersheds outside the training 
domain. This relates to unresolved problems questions 6 and 16, because we 
investigated how to predict storage depletion on the watershed/catchment scale, and 
we used hydrological models as our source of training data. This final part is an 
example of hybrid modeling: machine learning models trained on synthetic data from 
physics-based models. 
 

● Chapter 3 of this thesis predicts global water table depth on 0.1° spatial resolution 
using a random forest model and compares the results to physics-based numerical 
models. Moreover, the same chapter also used the feature importance and results of 
the random forest model to conceptualize the important hydrological and climate 
parameters into a conceptual (or perceptual) model based on the spatial scale and 
geographical domain. Furthermore, the results compare the results of a sub-domain 
of a global model (in this case the United States and the state of California) to the 
results of continent and regional scale models of only the corresponding sub-domains.  

 
● Finally, this research aims to contribute to the open science movement (Añel et al., 

2019; Crochemore et al., 2020; Cudennec et al., 2020; Hall et al., 2021; Powers & 
Hampton, 2019; Reichman et al., 2011; Slater et al., 2019; Stagge et al., 2019; 
Wagener, 2020; Zipper et al., 2019). Data, code, and results will be made available 
upon request to make this work transparent, reproducible, and accessible to 
interested readers. 



8 

Chapter 2: Predicting the transient sources of groundwater 
abstraction using artificial neural networks: possibilities and 
limitations 

 

2.1 Introduction 

Groundwater is a crucial source of freshwater for human consumption, irrigation, and 
industrial purposes (Arnell, 1999; Bredehoeft et al., 1982; Llamas & Custodio, 2002). However, 
groundwater abstraction reduces water supplies stored in aquifers (storage depletion) and 
captures water which otherwise would have discharged from the aquifer to surface water 
features (surface-water depletion) (Barlow & Leake, 2012). Initially, aquifer storage is 
generally the dominant source of water abstracted by the well, while surface water depletion 
tends to become the dominant source as abstraction time increases (Bouwer & Maddock III, 
1997; Kendy & Bredehoeft, 2006; Mair & Fares, 2010). When groundwater discharge to 
streams, lakes, and wetlands decreases to the point where environmental flow needs are not 
met, this can have potentially harmful effects on aquatic ecosystems (Dyson et al., 2003; 
Gleeson & Richter, 2018; Poff & Zimmerman, 2010). 

A variety of methods have been used to estimate groundwater contribution to surface water 
and its depletion by wells. Analytical solutions are often used by hydrologists because they 
require only a few input parameters and are simple to use (Glover & Balmer, 1954; Hantush, 
1965; Hunt, 1999; Zipper et al., 2018; Zlotnik, 2004; Zlotnik et al., 1999; Zlotnik & Tartakovsky, 
2008). The disadvantage of these analytical solutions is found in the very specific and limited 
geometric and boundary conditions for which they were derived (e.g., isotropic aquifer of 
constant thickness with infinite extent, flat surface elevation). Recent testing however 
suggests they may be more widely applicable than previously assumed when combined with 
empirical methods to apportion depletion within a surface-water network (Zipper et al., 2018; 
Zipper, Gleeson, et al., 2019). Numerical groundwater models such as MODFLOW (Harbaugh, 
2005; Harbaugh et al., 2000) are also commonly used as a tool for groundwater flow and 
simulations of groundwater abstraction. Numerical models, unlike analytical solutions, can 
incorporate complex geometries and boundary conditions and are therefore more versatile 
(Barlow & Leake, 2012; Konikow & Leake, 2014). However, numerical models require field 
measurements to calibrate model parameters and often require hydrogeological expertise to 
build, calibrate and use (Doherty, 2003; Haitjema et al., 2001; Hill, 2000; Khadri & Pande, 
2016; Razavi & Gupta, 2016; Razavi & Tolson, 2013). Many regions, especially remote areas, 
lack the time, financial resources, and data to build a numerical model. 

Given the limitations of both analytical solutions and numerical methods, statistical 
approaches (such as machine learning algorithms) provide a potential path to estimate the 
source of water to wells in complex hydrogeological environments where numerical models 
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do not, and are unlikely to, exist (Fienen et al., 2016; Fienen & Plant, 2015). The field of 
artificial intelligence (Goldberg & Holland, 1988)] has become popular in recent years with a 
variety of fields adopting different deep learning methods (and in particular multi-layer neural 
networks) into their sciences, including health, ecology and economy (Lek et al., 1996; Lek & 
Guégan, 1999; Trippi & Turban, 1992). An artificial neural network (ANN) (Figure 2.1) is a 
machine learning algorithm for finding relations in a dataset consisting of input parameters 
(predictors) and output parameters (responses) (Grossberg, 1988; Schmidhuber, 2015). 
Recent work has demonstrated that ANNs are capable of accurately predicting surface water 
depletion (Feinstein et al., 2016; Fienen et al., 2016), but so far only under steady-state 
conditions. Other benefits of these algorithms are that they can be relatively, computationally 
inexpensive, and more transferable than equivalent numerical models, given that numerical 
models are typically only created to be used on a specific region, watershed, or other fixed 
domain. 

The application of machine learning within the field of hydrology includes short-term 
streamflow and rainfall-runoff modeling and forecasting, among others (Antonopoulos et al., 
2016; Dehghani et al., 2014; Lange & Sippel, 2020; Moradkhani et al., 2004; Taormina & Chau, 
2015; Tokar & Johnson, 1999; Zealand et al., 1999). Deep learning is a subdomain under the 
umbrella term machine learning. In deep learning (DL) complex machine learning models are 
trained to gain insight and knowledge on the statistical relations within data. Deep learning 
has been used in Earth science studies to simulate complex statistical correlations. Reichstein 
et al. (2019) summarized studies in which deep learning approaches could be or have been 
used compared to conventional approaches in various earth system science studies. These 
approaches range from river run-off predictions using a combination of convolutional neural 
networks with recurrent networks to transport modeling using a hybrid physical-
convolutional neural network.  

While machine learning has gained support within the hydrological scientific community, the 
overall question whether a ‘black box’ statistical model is as useful as a physics-based model 
(for example MODFLOW) in simulations physics-based simulations remains unanswered. 
Gaume and Gosset (2003) argued that the optimization process for choosing input parameter 
selection can change the ‘optimal’ parameter set found this way. Choosing predictor 
parameter sets based solely on ‘hydrological expertise’ may or may not result in the best 
performing machine learning model Therefore, parameter selection process must go through 
a rigorous selection process, either through multiple random selections (Zealand et al., 1999) 
or through cross validation (Coulibaly et al., 2000).  

The goal of this study is to test whether an ANN can predict the transient sources of water to 
groundwater abstraction wells in a shallow, unconfined aquifer with similar accuracy 
compared to numerical models. We predict three different sources of water: 1) surface-water 
contributions (coming from streaks, lakes, and wetlands), and the 2) shallow groundwater 
(top aquifer) and 3) deep-stored groundwater contribution (deeper layers/aquifers). We used 
a predictor parameter selection approach for the input of our ANN, combining the values of 
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hydrological expertise, statistical relevance, and a comprehensive elimination system. The 
predictor parameters are all easily obtainable (field parameters) with known hydrogeological 
relationships to the expected amount of surface water depletion and changes in storage, e.g 
distance of well to the nearest stream, aquifer properties and stream density. The ANNs are 
trained on generated data from three numerical groundwater models. A fraction of the 
generated data is used for training, while the remaining data is used for testing. From there, 
we optimized our predictor parameter selection by finding the minimum number of required 
predictors while maintaining high ANN prediction skills. The final part of our study of this work 
attempts to use ANNs as a predictor tool for watersheds outside the training domain 
(extrapolation or cross-basin comparison). We chose to use ANNs as our algorithm due to the 
experience level on machine learning of the main authors (this study being among their first 
projects) and the wide use of this algorithm in previous studies (see Chapter 1). 
 
We used the coefficient of determination (R2) between the predicted value by the ANN and 
the value from a physics based numerical groundwater model (MODFLOW) as our 
performance criteria. In this study, we looked at the predictive skill at each individual output 
time (𝑅௧೔

ଶ ) and the overall (mean) predictive skill over all output times combined (R2).  
 
With this work we aim to reach two goals: 

1. Gain insight into whether ANNs are able to simulate physics-based models: in this 
study we not only offer a stepwise optimization approach, but we also analyze the 
optimized predictor parameter sets and discuss whether they are justifiable in a 
physics-based sense. 

2. ANNs as surrogate models: test whether ANNs are usable as predictor tools for 
regions within or outside their training domain (cross basin comparison). 

 
If the ANN method for predicting sources of water under transient conditions is successful, 
this will give hydrologists an additional method for estimating surface water depletion which 
is (1) easy to use and requires limited data and (2) potentially area independent, because the 
prediction is only based on simple, geographically independent parameters and could 
therefore be used in areas with limited resources and field data.  

The goal of this paper is not to prove that ANNs are a better performing alternative to 
numerical groundwater models, but to test whether ANNs are able to simulate the complex 
physics-based dynamics of numerical models.  Ideally, and as a future goal, these methods 
could be used to predict the effects of groundwater abstraction through time and to fill in the 
gaps of missing data in data records of observed surface water depletion, as has previously 
been done for streamflow hydrograph records (Moradkhani et al., 2004). 
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2.2 Methods 

2.2.1 Artificial neural networks: predictors and response variables 

ANNs are trained on a database of related predictors (input parameters) and responses 
(output parameters). A schematic representation of an ANN is given in Figure 2.1. An ANN 
consists of an input layer with one node per input parameter, an output layer with one node 
per response and several one or more layers in between, also known as hidden layers. The 
number of input nodes, output nodes, the number of hidden layers and the number of nodes 
per hidden layer are variable and dependent on the database and the scope of the problem. 
Neural network structure is often optimized through trial and error (Maier & Dandy, 2000). 
 
The response variables can be either categorical or regression-based determinations, either 
to a single response variable or to multiple response variables simultaneously. This last form 
has been used in this study to predict the sources of water to wells for five different output 
times (after 0.5 yr, 1 yr, 5 yrs, 10 yrs and 25 yrs of abstraction, Figure 2.1). These five points 
together produce data points on which the trend of depletion can be estimated. 
 

 
Figure 2.1 Schematic depiction of the process of using predictor parameters to predict sources of water to 
wells at different output times. For each source of water (shallow groundwater, deep groundwater or surface 
water) a different ANN is used, but each output node predicts a different output time simultaneously. The 
input nodes of the ANN represent the predictors used in this study 

 
The general trend of abstracted groundwater sources identified by Barlow and Leake (2012) 
show that groundwater storage and surface-water capture together contribute to the total 
amount of abstracted groundwater. In this study we distinguish a total of three distinct 
sources of abstracted groundwater (Figures 2.1 and 2.2, Table 2.1) 

 
(1) Shallow storage (SHALGW): groundwater from storage release in the shallowest part 

of the system (<100 ft below ground surface). In the numerical model this is calculated 
as the change in storage volume of all the cells in model layer 1 within the local area, 
that is, to a depth no greater than 100 ft below land surface. 

(2) Deep storage (DEEPGW): groundwater from storage flowing into layer 1 from deeper 
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model layers, calculated in the model as the change in volumetric flux from layer 2 to 
layer 1. 

(3) Surface water (SURFW): change in volumetric flux between surface water features 
and the aquifer, representing water captured from surface water sources. SURFW is 
the sum of water coming from streams (streamflow routing cells), lakes and wetlands 
(drain cells) 

 

The choice for splitting up the contributions for shallow storage (SHALGW) and deep storage 
(DEEPGW) comes from the fact that we simulate groundwater abstraction from an 
unconfined shallow aquifer. Ideally and theoretically, these aquifers are not connected to 
other (deeper) aquifers, but over long abstraction times this cannot be ruled out. In addition, 
we can test whether ANNs are useful for some or all contributions of pumped groundwater. 

The predictor parameters used in this study all represent easily obtainable field and model 
parameters with some causal relation to the response variables, such as the minimum 
distance of the well to the nearest stream, hydraulic diffusivity of the unconfined aquifer, 
average recharge rate etc. (Figure 2.1, Table 2.1).  

Table 2.1 Description of predictors and responses used in this study. The predictors in italics and marked by * 
were dropped after the ANCOVA analysis (section 2.3.3) due to lack of statistical relevance to the response 
parameters. 

Parameter Description 
PREDICTOR (10)  
MIN_DIST Minimum distance of the seeded well to the nearest active stream  
N_EXIST Number of existing (non-seeded) wells within the local area (-) 
LOG_Kh* Log of the mean horizontal hydraulic conductivity of the local area,  
LOG_Kv* Log of the mean vertical hydraulic conductivity of the local area 
STREAM_DENS Stream density (%). Defined as the number of active stream flow routing 

(SFR) cells over the total number of cells in the local area 
WETL_DENS Wetlands density (%). Defined as the number of drain (DRN) cells over the 

total number of cells in the local area 
HDIFF Mean hydraulic diffusivity, defined as the mean hydraulic conductivity over 

the mean specific yield of all cells within the local area 
RECHSUM Sum of recharge within the local area (ft3/day) 
AQ_THICK Mean aquifer thickness (ft) 
ELEV_DIFF* Total difference in elevation within the local area (ft) 
  
RESPONSE (3, each at five output times [0.5 yr, 1 yr, 5 yrs, 10 yrs and 25 yrs) 
SHALGW Source water coming from storage in the pumped layer (layer 1) 
SURFW Source water coming from surface water features (wetlands and/or 

streamflow 
DEEPGW Source water coming from storage in deeper layers (layer 2 and below) 
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2.2.2 Numerical groundwater models 

For this study we built a total of seven databases built on numerical model data in cooperation 
with the USGS (Feinstein et al., 2018). The groundwater models used in this study were 
developed by the USGS and are located around Lake Michigan in the United States (in the 
states of Michigan, Illinois and Wisconsin, Figure 2.2). The models are based on the 
MODFLOW-NWT code groundwater models (Niswonger et al., 2011). The models represent 
the Kalamazoo watershed (KALA) in Michigan, the Upper Fox River watershed (UPFOX) and 
the Manitowoc-Sheboygan (MANI) watershed in Wisconsin, and were originally studied for 
research determining groundwater age, but have been adapted for this study to make them 
suitable for transient groundwater abstraction simulations. All watersheds represent 8-digit 
hydrologic unit code (HUC8) basins. Model development is explained in greater detail in the 
report by Feinstein et al. (2018). Here, only the basic model structure and adjustments to the 
models for this study are described. 

Table 2.2 Model structure parameters of MODFLOW-NWT models, specific yield and storage coefficients used 
based on model hydraulic conductivity 

Parameter KALA MANI UPFOX 
Number of rows 730 910 1050 
Number of columns 1230 530 430 
Number of layers 8 15 15 
Cell size (ft) 500 500 500 
Total surface area model (km2) 2.09 x 104 1.12 x 104 1.04 x 104 
Hydraulic conductivity [ft/day] Specific yield [-] Specific storage [ft-1] 
Kh < 1  0.18 2.5 × 10-4 
1 ≤ Kh < 10 0.20 1 × 10-4 
10 ≤ Kh < 100 0.22 5 × 10-5 
Kh ≥ 100 0.25 1 × 10-5 
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Figure 2.2 Schematic representation of numerical groundwater models (MODFLOW) and local area approach. 
The figure shows the outlines and locations of the Upper Fox River (UPFOX), Manitowoc (MANI) and the 
Kalamazoo (KALA) watersheds in the United States. A zoomed-in view of the KALA numerical model with the 
stream network, wetland areas, seeded abstraction wells and the outline of one local area (red square). In the 
top right, a box representation of a local area within the numerical model is given with a cross section across 
the local area under it (bottom right) 

 
To adapt the models from steady state to transient groundwater flow, we initially assigned 
specific yield (Sy) and storage coefficient (Ss) values based on Domenico & Schwartz (1998) 
(Table 2.1) for all layers in all models. A sensitivity analysis was performed to determine how 
the water table would change based on changes in Sy and Ss.  As expected in the absence of 
other stresses, the changes were found to be negligible, and it was therefore concluded that 
the models were not responsive to these values.  
 
The streams within the basins were represented by Stream-Flow Routing (SFR) package in 
MODFLOW (Niswonger & Prudic, 2005). Drain cells (DRN) in the model represent lake and 
wetland areas. The advantage of the SFR package over the use of the more commonly used 
River Package is that the SFR package allows streams to run dry if there is not enough 
groundwater discharge in the reach and upgradient to sustain channel flow.  
 

The models were run twice under transient conditions: one simulation where 
groundwater abstraction by a set of seeded (simulated) abstraction wells is simulated and a 
‘base run’ where no groundwater abstraction by seeded wells is simulated. The difference 
between the two runs is the effect on the groundwater flow system by the implementation 
of a single groundwater abstraction well. Models were run for 1 stress period under transient 
conditions with stress period lengths of 1 month, 6 months, 1 year, 5 years, 10 years, and 25 
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years. The results at these output times are then used to model the overall trend of depletion 
(storage and surface water) over time (Figure 2.1). 

We trained our ANNs based on seven distinct databases. Three databases contain only 
samples from one single HUC8 basin (KALA, MANI or UPFOX), three databases contain 
samples from two HUC8 basins combined (KAMA (KALA-MANI), MAUP (MANI-UPFOX) and 
KAUP (KALA-UPFOX). The final database (KAMAUP) contains data from all the HUC8 basins 
combined.  

2.2.3 Local area definition 

To build the databases, we simulated the response of surface water, shallow 
groundwater, and deep groundwater to hundreds of seeded abstraction wells arranged in a 
grid around each domain (Figure 2.2). To avoid having to run each model hundreds of times, 
we used the local area approach to define a grid of abstraction wells which would minimally 
interfere with each other in each simulation (Feinstein et al., 2016; Fienen et al., 2016). Each 
local area is a square subdomain surrounding a seeded abstraction well which is assumed to 
be independent of all other abstraction wells, allowing us to simulate multiple abstraction 
wells (with a constant abstraction rate 𝑄௪௘௟௟ of 25000 ft3/day) in a single simulation (Figure 
2.2). Shifting the grid of the abstraction wells over the domain changes the location of each 
synthetic abstraction well and local area and therefore represents a new sample to populate 
our database. One simulation produces between 60 to 100 local areas dependent on the 
model.  By shifting the grid of wells 40 times, between 2400 and 4000 samples are obtained 
for each domain. Predictor parameters are then calculated for each local area independently 
based on the model setup.  

The methodology of using local areas as independent samples for the ANN relies on the 
assumption that the areas are sufficiently distant, so abstraction only affects within each local 
area. To ensure that the local areas were independent of each other, we conducted a series 
of experiments changing the well spacing and abstraction rate to find the optimal local area 
and abstraction rate for our simulations (supplementary information). Well spacing is defined 
as the number of model cells between seeded wells. Local area size is defined as the number 
of model cells on one side of a local area (including the cell with the abstraction well). Local 
area size is always smaller than well spacing since this allows for a buffer zone between local 
areas.  
 
A mass balance approach (Figure 2.2, Equation 2.1) is taken to determine the most efficient 
seeded well spacing and local area size. Since two model simulations were run (with and 
without abstraction), the difference in fluxes between the simulations is the effect of one 
additional abstraction well (with abstraction of 𝑄௪௘௟௟) for the local area. 
 

𝑆𝐻𝐴𝐿𝐺𝑊 + 𝐷𝐸𝐸𝑃𝐺𝑊 + 𝑆𝑈𝑅𝐹𝑊 = 𝑄௪௘௟௟                                             (2.1) 
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Local areas where 𝑆𝐻𝐴𝐿𝐺𝑊 + 𝐷𝐸𝐸𝑃𝐺𝑊 + 𝑆𝑈𝑅𝐹𝑊 was not within ± 5% of 𝑄௪௘௟௟ 
throughout the entire simulation (up until 25 years), were removed from databases. If this 
mass balance threshold is met, it indicates that sources of water sources outside a seeded 
well’s local area did not significantly contribute to the water abstracted by that seeded well, 
confirming the assumption that the local areas are independent. The main reason for the 
mass balance threshold to not be met was a significant contribution of lateral groundwater 
flow into the local area. Changes in lateral flow in/out of the local area were found to be 
negligible for most local areas when using a well spacing of 50 cells (25,000 ft) and a local area 
size of 27 cells (13,500 ft) and therefore this well spacing and local area size was chosen in 
this study, which is also equal to the local area size used in the study by Feinstein et al. (2016). 

2.2.4 Artificial neural network training and accuracy 

Once the databases of the different basins have been built, they can be prepared for training 
of the ANN. Since all input parameters have different units and parameter values can differ 
by several orders of magnitude, we scaled the input parameters to reduce the learning time 
for the ANN by computing the z-score for each predictor variable (equation 2.2): 
 

𝑥௡௢௥௠
(௜)

=
𝑥(௜) − 𝑥

𝜎௫
                                                                             (2.2) 

Where 𝑥௡௢௥௠
(௜)  is the normalized value (z-score) of sample 𝑖 in the dataset for input feature 𝑥,  

𝑥 is the mean value for input feature 𝑥 over all the samples in the dataset and 𝜎௫  is the 
standard deviation of predictor 𝑥 over all samples in the dataset. For computing the z-score 
of the combined database (KAMA, MAUP, KAUP and KAMAUP), we combined the data of the 
individual databases (KALA, MANI and UPFOX) together prior to computing the z-score. 
 
The databases were split into a training set (90% of all samples) on which the ANN is trained 
and a test set (10% of all samples) which are used to make predictions on the trained ANN 
(and not used in the training process). The training set is further separated into training data 
(80%) and validation data (20%). This process has been summarized as a flowchart in Figure 
2.3. We performed K-fold cross validation with 𝐾 = 10 to avoid any biased splitting of the 
database. In 𝐾-fold cross validation the splitting of the database into a training set and test 
set is repeated randomly and differently 𝐾 times. Therefore, ANNs are also trained 𝐾 times. 
The overall skill (section 2.5) of the ANN is determined by the mean skill over all 𝐾 ANNs. The 
best databases for ANN training are given with negligible differences in skill between these 
ANNs. 
Finding the optimal ANN structure was done in sequential order. We started with testing 
suitable cost functions and activation functions in a small 2-hidden layer ANN with 20 nodes 
per hidden layer. We used all seven remaining predictor parameters for our initial simulations. 
We found that 6 hidden layers of with 100 nodes each were suitable to model the responses 
for shallow groundwater (SHALGW) and deep groundwater (DEEPGW). The response variable 
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surface water (SURFW) was difficult to predict (see Results and Discussion section). The 
number of hidden layers, the number of nodes per hidden layer, optimizer, cost functions and 
the activation functions were kept constant for all simulations. The number of epochs (the 
number of times the entire training date is ‘fed’ to the ANN) and learning rate were the major 
hyper parameters used for ANN tuning (depending on the response variable and database 
used). The Python library Keras (Gulli & Pal, 2017) was used for building the ANN.  

2.2.5 Predictive skill of the artificial neural network 

We used two different metrics for defining ANN skill. Since we predict a trend rather than a 
single continuous value (Figure 2.2), we looked at how the ANN is able to predict at specific 
output times (𝑡ଵ through 𝑡ହ) or as the trend as a whole. 
 
We defined the predictive skill of the ANN (also called its accuracy) therefore in two ways. We 
used the coefficient of determination (𝑅ଶ) between the predicted ANN value for response 𝑖, 

𝑦௣௥௘ௗ
(௜)  and the actual value in the database (𝑦(௜)), which is output from the numerical 

groundwater models. We computed the coefficient of determination at each individual 
output time (and therefore output node). Therefore, we computed five values of  𝑅௧೔

ଶ , where 
𝑡௜ is the output time. These five 𝑅௧೔

ଶ   values depict how good the ANN is performing at parts 
of the trendline.  
 
The overall ANN skill is given by the mean of all 𝑅௧೔

ଶ , where 𝑛 is the number of output nodes 
and 𝐾 = 10 (for using 10-fold cross validation). 

𝑅ேே
ଶ = ෍

∑ 𝑅௧೔

ଶ௡
௜ୀଵ

𝑛

௄

௜ୀଵ

                                                                         (2.3) 

In addition to the coefficient of determination we calculated the mean squared error (MSE) 
and mean absolute error (MAE) for the optimal predictor parameter sets to check for bias. 
These were found to be comparable to the results using the coefficient of determination 
metric.  

2.2.6 Predictor optimization strategy 

Even though the proposed predictor parameters are causally connected to the response 
variables (from a hydrological standpoint), this does not mean that they are suitable for use 
in an ANN. An ANN is a purely mathematical and statistical tool, which by itself does not 
consider any physics-based relations. Including predictors which have a physics-based 
relation to the response variable but lack any statistical relation might cause the ANN to 
underperform. The same effect could occur when predictors are used which give either 
duplicate or contradicting pieces of information. 
In this study we attempted this parameter optimization approach in a hybrid manner: we 
used hydrological expertise combined with a statistical and ‘brute force’ approach to 
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systematically optimize our parameter selection. The proposed procedure includes: 

Step 1: Make selection of predictor parameters with a causal relation to the expected decline 
of surface water and groundwater storage due to pumping (including parameters used in 
analytical solutions and numerical models). 

Step 2: Perform a statistical Analysis of Covariance (ANCOVA) for determining statistical one-
on-one relation between the selected parameters and the relevant output parameters. The 
ANCOVA test combines properties of ANOVA and multiple linear regression to ensure that 
the predictor parameters used in this study 1) are statistically relevant to the response 
variables and 2) are unique and independent of other predictors. In this way we can not only 
estimate the relevance of each individual predictor to each response variable, but also the 
relevance of each individual predictor 𝑥௜  when taking in combination with another predictor 
(for example 𝑥௜: 𝑥௝). The methodology used in this study is similar to the one used by Li et al. 
(2014) and the tests were performed in R (Ihaka and Gentleman 1996). 
 
A P-score smaller than 0.05 implies the predictor parameter is determined to be statistically 
relevant the response variable. We performed the ANCOVA test for all response (SHALGW, 
DEEPGW and SURFW) at three output times (𝑡ଵ = 0.5 yr, 𝑡ଷ = 5 yrs and 𝑡ହ = 25 yrs). The 
ANCOVA test process is summarized in Figure 2.3. 
 

 
Figure 2.3 Flow chart of ANCOVA process for determining statistical relevance of the predictors to the 
response variables. The ANCOVA process was repeated for every response variable (SHALGW, DEEPGW and 
SURFW) and for all databases. 

 

With this process we were able to eliminate three predictor parameters (LOG_Kh, LOG_Kv 
and ELEV_DIFF) from our predictor variables, as the parameters were not found to be 
statistically relevant to any response variable during any output time in any database. 



19 

RECHSUM was found to be statistically irrelevant to the response variable SURFW, but 
relevant to the other response variables (SHALGW and DEEPGW). Therefore, this predictor 
was retained. The matter of predictor redundancy is tackled in the predictor optimization 
process (section 2.6). 

Step 3: The final step in the parameter selection process is to minimize the number of 
predictors to test the sensitivity to number of predictors and to filter out any redundant 
predictors. We started out with a predictor parameter set with all seven predictor parameters 
which is assumed to be our base model (Table 3). Sequentially, we trained ANNs with only six 
predictor parameters, where in each simulation a different predictor parameter was omitted 
from the base model. The results (𝑅ேே

ଶ ) of these ANNs with six predictor parameters are then 
compared to our base model. If the 𝑅ேே

ଶ  value of the ANN with six predictors does not change 
compared to our base model (or even increases), then the predictor omitted from this ANN 
since it did not contribute optimally to the predictive skill. The predictor corresponding to the 
ANN with the highest 𝑅ேே

ଶ  is then excluded. The remaining six parameters are taken over and 
this process is repeated for ANNs with 5, 4, 3, and 2 predictor parameters. For the sake of 
simplicity, ANN structure (number of hidden layers and nodes) was kept constant throughout 
the simulation, but the number of epochs and the learning rate were varied to obtain optimal 
learning conditions for the ANNs. 
 

Table 2.3 Predictors used in the base model for artificial neural network training 

 Predictors in base model 
1 WETL_DENS 
2 N_EXIST 
3 STREAM_DENS 
4 MIN_DIST 
5 RECHSUM 
6 HDIFF 
7 AQ_THICK 

 

2.2.7 Cross-basin comparison 

Ultimately, ANNs could potentially be used to produce proxy data for remote regions where 
field data is scarce and therefore numerical modeling is not a feasible option. We have 
simulated this by using a ‘round-robin’ format of using the combined databases (KAMA, 
MAUP, KAUP and KAMAUP) as our trained databases and using testing data from the HUC8 
basins not used in training (UPFOX, KALA, and MANI respectively).  
 
In addition, we looked at the other possibility if a combined database can also be used when 
only testing data from one part of the model domain is used. For this we used all the combined 
databases, including KAMAUP and used testing data from all possible sub domains: either 
KALA, MANI or UPFOX individually and KAMA, MAUP and KAUP for the KAMAUP database. 



20 

 
We used our base model as our predictor parameter set. Since the predictor range differs 
from database to database, we normalized the testing data over the mean and standard 
deviation of the database used for training. Therefore, we used an adapted version of 
equation 2.4: 
 

𝑥௡௢௥௠
(௜)

=
𝑥௧௘௦௧

(௜)
− 𝑥௧௥௔௜௡

𝜎௫,௧௥௔௜௡
                                                                          (2.4) 

Where 𝑥௧௥௔௜௡ and 𝜎௫,௧௥௔௜௡ are the mean and standard deviation of the predictor 𝑥 in the 

training database and 𝑥௡௢௥௠
(௜)  is the normalized value (z-score) of sample 𝑖 in the dataset for 

input feature 𝑥 from the testing data. This reduces the penalty for having predictor values in 
the test set which are outside of the domain of numbers in the training set.  
 

2.3 Results and discussion 

2.3.1  Model results 

Figure 2.4 shows the model results for the individual contributions of the three response 
parameters per basin and output time. The results show the mean cumulative contribution 
of the response parameter over all local areas in the dataset as a percentage of total 

abstraction rate (ொೞ೚ೠೝ೎೐

ொೢ೐೗೗
).  

Storage release remains the dominant source of abstracted groundwater throughout the 
entire simulation time, while surface water is found to be a minor contributor with up to 
11.2% of total source water storage release from shallow parts of the aquifer (SHALGW) 
decreases from ~85% at shorter abstraction times to ~50% at longer abstraction times. The 
KALA basin shows the lowest contribution of SURFW (up to 4.5% after 25 years), while the 
UPFOX basin shows the highest contribution of SURFW (up to 11% after 25 years). 

We believe the low numbers of surface water contribution (SURFW) can be explained by the 
relatively low streamflow numbers in the numerical models. This could be different when 
using a different balance of abstraction rate and local area size. However, we kept the current 
abstraction rate and local area size since this allows us to compare the optimal predictor 
selection to the work by Fienen et al. (2016), since they used comparable values for 
abstraction rate and local area size. 
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Figure 2.4 Break down of the mean cumulative contribution of all three response parameters (SHALGW, 
DEEPGW and SURFW) over all local areas in the databases. Results are given for all databases and output 
times. 

2.3.2 Artificial neural network agreement with numerical models 

The overall ANN prediction performance (𝑅ேே
ଶ ) for each database and response variable is 

given in table 2.4. Maximum test 𝑅ேே
ଶ  was found to be 0.82 for SHALGW and 0.84 for DEEPGW 

with values up to 0.95 for correlation at individual time steps (𝑅௧೔

ଶ , Figure 2.5). For the 
response variable SURFW, the ANN skill was found to be too low to be useful for prediction 
purposes, with a maximum test 𝑅ேே

ଶ  of 0.52. This is primarily caused by the low numbers for 
streamflow, especially at low abstraction times. Figure 2.5 shows the results of ANN training 
on the base model for all databases (KALA, MANI, UPFOX, KAMA, MAUP, KAUP and KAMAUP) 
for every output time (𝑅௧೔

ଶ ) and there it can be seen that the ANN skill at each response time 

improves for SURFW as the overall contribution of SURFW to ொೞ೚ೠೝ೎೐

ொೢ೐೗೗
 increases (up to 𝑅௧ఱ

ଶ = 0.70 

for the MANI database).  
 
Optimal ANN skill for both SHALGW and DEEPGW is obtained at the earliest and latest output 
times (up to 0.96). Therefore, the ANN performs equally good for both response variables.  
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Table 2.4 Artificial neural network performance for each response variable and each database using the base 
model (table 2.3) 

Database SHALG
W 

  DEEPG
W 

  SURFW   

𝑵𝒑𝒓𝒆𝒅 = 𝟕 Train R2 Val R2 Test R2 Train R2 Val R2 Test R2 Train R2 Val R2 Test R2 
KALA 0.85 0.81 0.82 0.90 0.84 0.84 0.52 0.37 0.25 
MANI 0.81 0.79 0.77 0.93 0.85 0.83 0.74 0.67 0.38 
UPFOX 0.85 0.80 0.79 0.90 0.81 0.81 0.56 0.5 0.52 
KAMA 0.82 0.81 0.82 0.88 0.84 0.83 0.62 0.51 0.51 
MAUP 0.85 0.79 0.78 0.90 0.82 0.82 0.75 0.59 0.51 
KAUP 0.8 0.79 0.79 0.88 0.82 0.83 0.69 0.48 0.45 
KAMAUP 0.84 0.80 0.80 0.87 0.82 0.82 0.64 0.39 0.26 

 

2.3.3 Predictor parameter optimization 

Figure 2.6 shows the results of the predictor optimization process explained in section 2.6. 
We trained ANNs with lower numbers of predictors (up to a minimum number of 2 predictors) 
to predict the responses DEEPGW and SHALGW. We did not repeat this process for SURFW in 
this study, since we already found insufficient correlation in the base model, and it was 
hypothesized that the highest ANN skill would be obtained at a higher number of predictors. 
The results show that the ANN is generally good at predicting the contribution simulated by 
the physics-based model of shallow groundwater (SHALGW) and deep groundwater 
(DEEPGW) for predictor parameter sets of length 5 through 7, where the maximum ANN skill 
of 0.84 is obtained. Optimal ANN skill decreases to a 0.6 – 0.7 range when only 2 predictors 
are used. The overall ANN skill is lower compared to other related studies where non-deep 
learning models were used (Ahmad & Simonovic, 2005; Antonopoulos et al., 2016; 
Daliakopoulos et al., 2005; Zealand et al., 1999), but comparable to other recent studies 
(Afzaal et al., 2020). This is caused partly by the more complex nature of our methodology 
which is different from other studies. Other neural network studies used a time-lagged effect 
for groundwater depletion or groundwater level fluctuations. This can be combined with a 
transient dataset in climate parameters to calculate the groundwater head at certain time 
steps. 
 
We found differences and similarities in the predictor optimizing process when using the 
different databases for training. The annotations in Figure 2.6 depict the predictor that was 
dropped after each subsequent reduction in the number of predictors used in training the 
ANN (for example in the KALA model, stream density (STREAM_DENS) was found to be the 
least important predictor and was dropped when reducing the number of predictors to 5, 
etc.). The predictors that were dropped are minimum distance (MIN_DIST), stream density 
(STREAM_DENS), wetland density (WETL_DENS), number of existing wells (N_EXIST) and/or 
recharge sum (RECHSUM), albeit in a different order depending on the database used. On the 
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other hand, we found that hydraulic diffusivity (HDIFF) and mean aquifer thickness 
(AQ_THICK) were found to be the most important to obtain high ANN skill. We didn’t find 
notable differences in predictors for predicting SHALGW or DEEPGW.  
 

 

Figure 2.5 Artificial neural network skill for artificial neural networks trained on the seven distinct databases. 
The artificial neural networks are trained on the base model (with seven predictors). Graphs A through G show 
the artificial neural network skills for artificial neural networks trained on the A) KALA, B) MANI, C) UPFOX, D) 
KAMA, E) MAUP, F) KAUP and G) KAMAUP database. The three scatter plots show the correlation of the 
predicted (artificial neural network) values (𝒚𝒑𝒓𝒆𝒅) and the value of th numerical (MODFLOW) model (𝒚𝒕𝒓𝒖𝒆) 
on which the coefficient of determination is estimated. The three scatter plots show the correlation of the 
three response variables (SHALGW (blue), DEEPGW (green) and SURFW (red) at three output times (𝒕𝟏= 0.5 
yrs, 𝒕𝟑= 5 yrs and 𝒕𝟓= 25 yrs), corresponding to the vertical dotted lines in graph G (KAMAUP database) 

 
Predictor parameter sets where HDIFF was omitted produced the least performing ANNs 
regardless of database used. The differences in variance (2 standard deviations over 10-fold 
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cross validation, 2𝜎) between the KALA/KAMAUP and MANI/UPFOX results contributed to 
the differences in size of the databases. MANI and UPFOX are the smallest database and 
therefore it is expected to have the largest variance over 10-fold cross validation.   
 
Fienen et al. (2016) concluded that recharge and transmissivity were not suitable predictors 
and found better agreement when those predictors were not included in the predictor set. 
Under steady state conditions, this makes sense from a hydrological point of view since 
recharge is assumed constant throughout time. In this study we found that the inclusion of 
transient effects and other sources of water (primarily storage release) changes the dynamics 
and increases the complexity of the problem and that recharge and transmissivity (in the 
forms of predictors RECHSUM and HDIFF) are important for ANNs. Under transient conditions 
predictors themselves are transient as well, with changes between 5-25%. For example, we 
calculated surface water density as the fraction of active streamflow routing cells at the start 
of the simulation. However, since abstraction leads to decreases in streamflow, surface water 
density is expected to decrease with abstraction time. Other predictors like MIN_DIST and 
RECHSUM are also variable with time.  

It was beyond the scope of this study to test the possibility of including additional predictor 
parameters (beyond the predictors in our base model, Table 2.3). We cannot exclude that 
using different predictor parameters could improve ANN skill. In addition, the inclusion of 
transient predictor parameters could be used in future studies to improve the ANN model. In 
this current study, predictors like MIN_DIST and STREAM_DENS were assumed constant 
through time. This is not the case however in watersheds with many ephemeral streams.  

 
Figure 2.6 Optimal artificial neural network skill (𝑹𝑵𝑵

𝟐 ) for artificial neural networks trained on 2 - 7 predictor 
parameters. Artificial neural network skill at 𝑵𝒑𝒓𝒆𝒅 = 𝟕represents the skill of the base model (Table 2.4 and 
Figure 2.5). Every independent data point represents an artificial neural network where one predictor is 
omitted. The annotations depict the predictors that were dropped at each subsequent step, since it was the 
least contributing or redundant predictor parameter (as is explained in section (2.2.6). The colors represent 
the range in 𝑹𝑵𝑵

𝟐 over 2 standard deviations over 10-fold cross validation. 
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2.3.4  Suitability of numerical models for artificial neural network training 

In this study we found that the ANN skill depends on the suitability of a numerical model used 
for building the database. The numerical models used in this study were suitable when 
predicting the contribution from storage and therefore are useful when predicting storage 
depletion. Since the numerical models produced very low values for streamflow, this left most 
local areas with close to 0% SURFW contribution. The suitability of the numerical models 
becomes clear when the optimal ANN skill is plotted against the skewness of the response 
variable at a particular output time (equation 2.5):  
 

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =  
௡

(௡ିଵ)(௡ିଶ)
∑ ቀ

௬೔ି௬

ఙ
ቁ

ଷ

                                                             (2.5)  

 
Here 𝑛 is the number of samples in the database, 𝑦௜ is the i’th sample in the dataset, 𝑦 is the 

mean value among all samples and 𝜎 is the standard deviation. When we plot the skewness 
of the response variables in the databases at every output time and plot them against 𝑅௧೔

ଶ  
(from Figure 2.5), we obtain the results presented in Figure 2.7. With increasing abstraction 
time, the relative contribution of surface water (SURFW) to the abstracted groundwater is 
expected to increase. During low abstraction times (<10 yrs), it is found that for most local 
areas the contribution of SURFW to abstracted groundwater is negligible. When the database 
consists of a majority of zero values compared to only a few non-zero values, it becomes 
difficult for an ANN to train on. We found that the database where the response variable has 
a skewness in the range of [~ -2.5, ~ +2.5] can be used for training. When the data becomes 
more skewed than this threshold value (as is the case for SURFW) then the “quality” of the 
database becomes too poor for an ANN (with our currently used structure) to be trained. ANN 
skill could still be improved by changing the overall structure and tuning hyper parameters, 
but that was not within the scope of this study.  
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Figure 2.7 Correlations of relative contribution of response variable to the total abstraction rate (𝑸𝒔𝒐𝒖𝒓𝒄𝒆

𝑸𝒘𝒆𝒍𝒍
) and 

database skewness against neural network still (𝑹𝒕
𝟐). The three colors represent the three response variables. 

2.3.5 Using ANNs over conventional methods 

The purpose of using an ANN over a conventional numerical groundwater model is that the 
ANN uses input parameters which are site specific and easy to obtain, and computations can 
be performed rapidly compared to numerical models, allowing for quick testing of many 
different scenarios. While ANNs have been used to estimate surface water depletion before 
(Fienen et al., 2016), this is among the first studies where we incorporated an optimization 
process for estimating redundant predictor parameters.  
 We argue that even though the results of this study are promising, we did not find that 
the trained ANNs outperformed the corresponding numerical model simulations. We 
contribute this to the use of ‘local areas’ as individual samples which do not seem to work 
under transient conditions (this study) compared to steady state conditions (previous 
studies).  
 

This study shows that an ANN with five to seven predictor parameters predicts storage 
depletion with a correlation of ~0.84 compared to a numerical groundwater model. Whether 
this accuracy is satisfactory as a ‘first-order approach’ or as a substitute for numerical models 
is still up for debate for hydrologists or water managers to decide. Since these predictors 
parameters are easily obtainable from field measurements or satellite imagery, making 
predictions using the ANN can be performed faster and easier than the complex construction 
of a numerical model. The prediction holds for when using an ANN trained on a database from 
a single HUC8 basin (for example KALA), but also for database containing data from multiple 
basins (KAMAUP). The low variance (2σ = ± 0.03) in correlation shows that the prediction is 
robust when the database is large enough.  
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Others might disagree with the need of a trained ANN on modeled data since the numerical 
model was built in advance of training the network. An ANN would not be an asset as a 
surrogate model for the numerical model. However, there are scenarios where an ANN 
trained on modeled data could be useful. Numerical MODFLOW models are only built and 
calibrated for specific geographic locations and specific time periods. ANNs can be trained on 
numerical model data trained on time series data of groundwater levels, fluxes, or surface 
water levels within the domain of the calibration period and used to predict future 
groundwater levels etc. In this way ANNs can serve in combination with numerical models. 
We attempt to test this in future work in addition to improving our methodology.  

2.3.6 Using ANN as a proxy for data from other regions 

The results of our cross-basin comparison are displayed in Figure 2.8. We found that ANNs 
trained with any combined database were 1) able to accurately predict test data from within 
its combined domain and, 2) able to accurately test data coming exclusively from a sub-
domain of total domain of the training data; e.g. an ANN trained on the KAMA database is 
able to correctly predict KAMA test data, which is the combined domain of both the KALA and 
MANI HUC8 basin, but also test data from only one of the two basins. Performance drops 
when data from outside the domain of the training set is used. This is shown in Figure 2.8a-c. 
The scatterplots represent the ANN prediction against MODFLOW data for an ANN trained on 
the KAMA database, while test data is used from the a) KALA, b) KAMA and c) KAMAUP 
database. The individual data points are marked with the origin (HUC8 basin) of that data 
point. The three plots show three possible scenarios:  

1. Subplot b) represents the scenario where test data is used from the entire domain of 
the training data.  

2. Subplot a) shows the scenario when only test data from a sub domain or selective area 
of the total model domain is used (in this case the KALA HUC8 basin). The ANN skill for 
this scenario is comparable to scenario 1 (subplot b). 

3. Subplot 3) shows the scenario where test data is used from outside the original 
training data domain. Test data in this case comes from the KAMAUP database, which 
is a combination of data from all HUC8 basins. Data from the UPFOX basin is not used 
in training. 

The results for scenario 3 show that the lower ANN skill is (as expected) mostly due to the 
inclusion of UPFOX data. Most of the outliers in the prediction represent data points from the 
UPFOX basin on which the ANN has not been trained on. This also explains why the KAMAUP 
database shows the overall best performance when using test data from sub-regions of the 
overall training domain. Since the KAMAUP database is trained on the full range of predictor 
parameter values over all sub-domains, it can predict for all sub-domains. When the predictor 
values of a test sample fall far outside the range of the training data, then the ANN falls short 
in predictive power. Based on our current methodology we conclude that although the first 
impressions are promising, the ANN lacks the performance power as a predictive model for 
cross-basin comparison. 
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Figure 2.8 Heat map showing the ANN predictor skill (𝑹𝑨𝑵𝑵

𝟐 )for cross-basin comparison averaged over 10-fold 
cross validation. Training datasets are given on the vertical axis and testing data is shown on the horizontal 
axis. Subplots a), b) and c) represent scatter plots for an ANN trained on the KAMA database and test data 
used from the a) KALA, b) KAMA and c) KAMAUP database. The samples are marked by database origin (KALA: 
green, MANI: blue and UPFOX: red). 

2.4 Conclusions 

 
In this study we tested the ability of ANNs to predict sources of water to wells caused by 
groundwater abstraction under transient conditions. The results show that the ANN can 
predict the different possible sources of abstracted groundwater with a maximum agreement 
(R2) to the underlying physics-based model of 0.84 (2σ = ± 0.03), depending on the source 
(shallow groundwater, deep groundwater, or surface water). ANNs were found to be 
underperforming when predicting the contribution of surface water (up to R2 = 0.6). This is 
contributed to the low values of streamflow in the numerical models.  

ANNs perform better when between 5 and 7 predictors are used and when the size of 
the training database increases. We found that hydraulic diffusivity, mean aquifer thickness 
and recharge are the most important predictors to include for predicting storage depletion 
under transient conditions. This contrasts with previous studies where ANNs were used to 
predict sources of water to wells under steady state conditions. 
 We also explored the possibility of ANNs in generating proxy data. The results show 
that ANNs are usable for prediction purposes when test data originates from within the model 
domain used for training. This includes the hypothetical case where test data from only a sub 
domain of the total training domain is used. However, the ANN fails to perform when we 
attempt cross-basin prediction. This is attributed to a combination of the numerical models 
used in this study as well as the methodology, which should be improved upon.  
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Overall, this research has shown that ANNs can be beneficial in addressing 

hydrological and environmental problems. simulations. ANNs can be used to predict storage 
depletion over time using only a few easily obtainable parameters with comparable results to 
a numerical model, but they have not outperformed numerical models. Future and ongoing 
research will test whether improvements to this methodology can make the models more 
robust.  
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Chapter 3: Disentangling process controls on global 
groundwater table depth patterns using random forests 

 

3.1 Introduction 
Groundwater is the dominant source of freshwater for human consumption, irrigation and 
for industrial purposes (Wada et al., 2010; Wada & Bierkens, 2014). However, the availability 
of freshwater in the future is coming under increasing stress because of global population 
growth, climate change, and depleting water resources. Global modeling of groundwater, 
recharge flow and depletion is useful for estimating global groundwater availability (Gleeson, 
et al., 2012; Gleeson et al., 2016) and for good estimations of the planetary boundary of fresh 
water (Gerten et al., 2013; Gleeson et al., 2020; Rockström et al., 2009). A recent perspective 
paper by Gleeson et al. (2021) argued the four salient reasons for regional and global scale 
groundwater modeling are: 1) To understand and quantify past, present and future 
groundwater-climate connections, 2) to understand and quantify interactions between 
groundwater and water in other parts of the hydrologic cycle, 3) to help inform 
(transboundary) water policy decisions and 4) to create visualizations and interactive 
opportunities that inform citizens and water consumers.   
 
A global model for determining water table depth would help improve our understanding 
within the framework of these four reasons. For that matter, regional and global models are 
useful to determine potentially vulnerable regions where groundwater availability might be 
insufficient, either currently or in the future. However, a limitation of these numerical models 
is that they often lack sufficient field data in remote regions and are therefore often less 
suitable making predictions outside their model domain (Reichstein et al., 2019; Wagener et 
al., 2021). The added difficulty lies in that even though the physics of water flow through a 
porous medium (soil) is generally well understood, how these physics translate to larger 
regional or global domains is generally not well understood and the data support is poor 
(Reinecke et al., 2020). While on local scales, aquifer geometries can be featured quite well 
in numerical models, questions arise on how to properly present these features for individual 
model cells on a 1° scale or larger in terms of aquifer heterogeneity and groundwater-surface 
water interactions among other parameters. We see this in the discrepancies in simulated 
hydraulic head, water table depth or other fluxes (for example groundwater recharge) 
physics-based groundwater models (Döll & Fiedler, 2008; Fan et al., 2013; Mohan et al., 2018; 
Reinecke et al., 2019; Reinecke et al., 2021).  
 
Contrary to physics-based groundwater models (which we define here as numerical models 
simulating groundwater head or flow on known physical laws of groundwater), machine 
learning models have emerged as major tools for hydrologic investigation, insight, and 
prediction. Machine learning is a broadly used term for several mathematical methods (incl. 
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support Vector Machines, neural networks, gradient boosted decision Trees etc. (Alpaydin, 
2014; Bonaccorso, 2017; El Naqa & Murphy, 2015; Hsieh, 2009; Mahesh, 2020)). These 
methods are trained on known data(sets) and rely more on statistical relevance rather than 
the “traditional” laws of physics, although recent advances include a hybrid modelling 
approach where machine learning algorithms are enhanced or enforced by physics-guided 
loss functions or model setup (Bhasme et al., 2021b; H. V. Gupta, 2019; Kraft et al., 2020). 
Applications of machine learning within the field of hydrology include streamflow prediction 
using neural networks (Adnan et al., 2019; Parisouj et al., 2020; Petty & Dhingra, 2018; Rasouli 
et al., 2012; Shamshirband et al., 2020), transient groundwater table prediction, and 
groundwater depletion due to pumping (Feinstein et al., 2016; Fienen et al., 2016). One 
important detail about these studies is that most studies use transient data for their target 
variable. This is useful since this allows the machine models to predict the target variable 
considering possible time-delay effects (such as groundwater flow/streamflow). Also, most of 
these studies focus on making predictions for specific locations (wells or local areas) and don’t 
attempt to predict larger areas or attempt extrapolation to other areas (More, 2018; Zhao et 
al., 2020). The aforementioned extrapolation problem also persists for machine learning 
models, since even though the models can make predictions outside the range of their 
training data, the robustness of their predictions might be unclear (Reichstein et al., 2019).  
 
Building numerical models and machine learning models for the purpose of estimating a 
variable have similarities, but also major fundamental differences. For physics-based models 
to predict these target variables to unknown regions they either 1) collect new data from 
these regions or 2) model these variables using extrapolation of known data (Figure 3.1a). 
Since the physics of these processes is generally known hydrogeologists are able to 
conceptualize the relative flow patterns, input variables and boundary conditions into 
perceptual models (defined as “the evolving understanding of real-world systems based on 
the interpretation of all available information, influenced by each hydrologist's unique 
experience and training” (K. J. Beven & Chappell, 2021; Wagener et al., 2021)) which form the 
base for their numerical model representation of reality. After calibration of their numerical 
model, scientists are then able to provide their model results to the rest of the scientific 
community as a basis for future models.  

Contrary to numerical model studies, this feedback loop is not so prevalent in 
comparable studies with a machine learning approach. While physical properties and 
processes are the core of numerical models; data and mathematical/statistical relevance are 
the core of machine learning models. This fundamental distinction between these two model 
types might seem trivial but allows for out-of-the-box ideas to flourish without being 
constrained to predetermined laws of physics. This perspective allows hydrologists to obtain 
a perceptual model based on the data, rather than on the assumed physics (Figure 3.1b).  

Wagener et al. (2021) proposed an alternative approach to how hydrologists could 
collect and share information and knowledge on how large scale (groundwater) models 
operate. Additionally, they noted that perceptual models are underused in current practice 
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and propose it as a stronger focus within the community. Within the lens of gaining insight on 
hydrological processes through perceptual models we see potential when we combine this 
approach with the rapidly growing field of machine learning (Alpaydin, 2014; Bonaccorso, 
2017; El Naqa & Murphy, 2015). Beven and Chappell (2021) state that “perceptual models 
might be useful to put more focus on the understanding of observable hydrological processes 
as a way of improving predictability”. In addition, it has been argued that (purely) data-based 
models (and/or models derived from machine learning) might provide better model 
representations of reality than models derived from known hydrological processes (K. Beven, 
2020; K. J. Beven & Chappell, 2021; Kratzert et al., 2019).  
 

 
Figure 3.1 Schematic representations of hydrogeological studies involving a) developing numerical models and 
b) developing machine learning models. Solid arrows indicate steps in the modeling process, while dashed 
arrows depict feedback loops on how the results are beneficial for gaining scientific knowledge.  Icons are 
obtained from the Noun Project (Noun Project: Free Icons & Stock Photos for Everything, n.d.) and Wagener 
et al. (Wagener et al., 2021) 

 
In contrast to the abundance of research on predicting transient parameters in hydrology, 
there is not that much research done on predicting non-time dependent (or steady state) 
parameters. Some recent studies in the field of hydrology narrow down to classification 
problems, such as a risk assessment of groundwater contamination (Sajedi-Hosseini et al., 
2018) or mapping of global groundwater potential (Lee et al., 2020; Prasad et al., 2020). In 
terms of predicting steady-state non-categorical (continuous) hydrological variables, we think 
there is underexplored space within the scientific literature as has also been sent in more 
recent publications (Kratzert et al., 2019; Nearing et al., 2021; Reichstein et al., 2019). 
 
In this study we attempt to fill these knowledge gaps by looking for the potential of generating 
a global steady-state groundwater table map with a random forest model. We are the first to 
use the global groundwater table depth dataset by Fan et al. (2013) for this purpose. This 
dataset consists of over 1.5 million measurements of groundwater table depth obtained from 
measuring programs from local and federal governments, supplemented with literature data. 
As input (or predictor (Fienen et al., 2016)) parameters for our random forest models we used 
global (climate) model data sources (Table 3.1). We contribute to the aforementioned 
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knowledge gaps in three novel and meaningful ways. First, since we predict a steady-state 
(continuous) parameter, we contribute to the underrepresented array of steady-state 
regression problems within hydrology. Second, since the Fan et al database has a high global 
variance in measurement density, it makes it a suitable choice to explore the extrapolation 
problem within machine learning. Third, the groundwater table depth map generated by 
machine learning can be compared to groundwater table depth maps generated by physics-
based models (De Graaf et al., 2015; Fan et al., 2013; Reinecke et al., 2019) to gain valuable 
insight in how these models compare.  
 
Using the regional and global groundwater table results, we analyzed, interpreted and 
contextualized the results to: a) compare the groundwater table depth maps generated by 
random forests to equivalent maps generated by three physics-based global groundwater 
models: i) the model by Fan et al. (2013); ii) de Graaf (De Graaf et al., 2015) and iii) G3M 
(Reinecke et al., 2019)) which explores whether the physics-based laws of groundwater are 
also captured by the random forests model; b) Identify differences in perceptual models 
based on physics-based models and random forests models and c) evaluated the 
extrapolation potential of our random forest model. 

3.2 Methods 

3.2.1 Predictors and target variables 

There is only a limited known number of studies predicting groundwater table depth using 
random forests or other machine learning tools (Govindaraju & Rao, 2013) and most often 
the studies use transient data where water table depth is predicted based on predictor data 
(Runoff, Precipitation etc.) both for the target time 𝑡, but also the predictor input from 
previous time steps 𝑡 − 1, 𝑡 − 2, . ..etc. This represents the lag time effect of water originating 
from precipitation/runoff to reach the water table. Under steady-state conditions this lagged 
time effect is not present and we cannot include this effect. Therefore, we are limited to 
predictors with a causal relation to the long-term groundwater table depth. We based our 
selection on expert knowledge and parameters which have been used in previous studies 
(Bowden et al., 2005; Bowes et al., 2019; Daliakopoulos et al., 2005; Reinecke et al., 2019; 
Ren et al., 2014; Roshni et al., 2020; Zealand et al., 1999). The predictor data sources are given 
in Table 3.1. In our selection of data sources, we considered that the data must be open 
source for our work to be easily checked and to allow our research to be transparent (Bowes 
et al., 2019; Daliakopoulos et al., 2005; Malik & Bhagwat, 2021).  
 
The final criteria for our selection of predictor parameters is that the parameters show no 
strong correlation to each other individually. We calculated all pairwise correlations of all 
predictors of continuous data for all samples in the training data (Table 3.1). The results of 
this analysis can be found in the supplementary information (Appendix B, Figure B-2). Based 
on the results we determine that there is no or only small correlation potential between the 
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predictors in the training data and that we did not choose any redundant parameters. We 
also considered whether certain predictors should be combined (for example use the aridity 
index (P/PET) instead of precipitation and evapotranspiration separately). We decided to 
keep these predictors separate for the following reason. It has long been thought that for 
most catchments’ climate aridity is the dominant control of partitioning precipitation into 
streamflow and evaporation. This has been outlined in the Budyko curve (Budyko, 1951). 
Gnann et al. (2019) expanded this framework to whether there is also a Budyko curve for 
climate controls on baseflow. They concluded that in areas with high precipitation, the aridity 
index can only partly explain the variability in baseflow index (defined as the fraction between 
baseflow and streamflow). Given the high spatial variance in precipitation and 
evapotranspiration, we decided to keep these parameters separate. 
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Table 3.1 Overview of predictor data and target data, spatial resolution of source data and sources. Discrete 
parameters with (*) can both be considered as both discrete and continuous data, but for this study 
permeability and porosity have been defined as discrete parameters given the low number of unique values 
in the datasets (<10). 
 

Predictor Symbol unit Data type Spatial 
resolution 
source data 

Model Source 

Surface elevation SurfElev m Continuous 1 km GMTED2010 
dataset 

(EarthExplorer, 
n.d.), (Danielson 
& Gesch, n.d.) 

Slope Slope degree Continuous 1 km GMTED2010 
dataset 

(EarthExplorer, 
n.d.), (Danielson 
& Gesch, n.d.) 

Log(Permeability) Perm m2 Discrete* 1 km GLHYMPS (Gleeson et al., 
2014; Huscroft 
et al., 2018) 

Porosity Por - Discrete* 1 km GLHYMPS (Gleeson et al., 
2014; Huscroft 
et al., 2018) 

Drainage density DrainDens 1/m Continuous 250 m (7 
arcseconds) 

Scheider et 
al. 

(Schneider et al., 
2017) 

Monthly 
precipitation 

Precip mm/day Continuous 0.5° x 0.5° CRU-TS v4 (Harris et al., 
2020) 

Potential 
evapotranspiration 

PET mm/day Continuous 0.5° x 0.5° CRU-TS v4 (Harris et al., 
2020) 

Diurnal 
temperature range 

ΔT °C Continuous 0.5° x 0.5° CRU-TS v4 (Harris et al., 
2020) 

Land use type LandUse - Discrete  1 km GLC 2000 (Bartholomé & 
Belward, 2005) 

Dominant soil 
group 

DomSoil - Discrete  1 km  FAO global 
soil map 

(Batjes, 1997) 

Water table depth WTD m Continuous Point data Fan et al. 
global 
database 

(Fan et al., 2013) 

 

3.2.1.1 Fan et al. database 

The database of groundwater table depth built by Fan et al. (2013) has been extensively used 
in studies since its release in 2013 (de Graaf et al., 2019; Gleeson et al., 2016; Hengl et al., 
2017; Maxwell et al., 2015; Pokhrel et al., 2015).  The database consists of over 1.5 million 
measurements of water table depth (WTD) obtained from local, regional, and governmental 
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monitoring programs supplemented with literature data. However, even though the size of 
the database is extensive, the data density around the world is highly variable. Figure 3.2 gives 
the data point density (per grid cell) on a 0.1° spatial resolution. The regions with the highest 
point density (the Netherlands, Ontario, Canada etc.) are developed countries/regions with 
relatively high population density and high GDP. The skewness of the dataset towards these 
parameters is a possible limitation on the usefulness for extrapolation. In addition to the 
water table depth values, the database also provides surface elevation values for most 
locations. For full details about the dataset, we refer to the paper itself. 

 
Figure 3.2 Data density of water table depth measurements within the Fan et al database, resampled to 0.1° 
spatial resolution (Fan et al., 2013). 
 
For this study, we also split up the total (Global) dataset into smaller databases and to 
extrapolate for these countries/states or regions (Table S-2). These are the individual 
countries of i) France, ii) Brazil, iii) Australia and iv) the (continental) United States; the 
individual states of v) Colorado and vi) California and regions across country borders such as 
vii) the Rhine-Delta region, viii) the Iberian Peninsula. Details about each database can be 
found in the supplementary information (Appendix B). These smaller databases cover a range 
of hydro-geo-climatic regions (Reinecke et al., 2020; Winter, 2001) and are used to find 
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differences in feature importance for establishing water table depth with changing 
hydrological settings. 

3.2.1.2 Climate Research Unit gridded Time Series (Version 4, CRU-TS v4) 

For our climate predictor parameters, we used the most recent release of the widely used 
Climate Research Unit gridded Time Series database (CRU-TS v4) (Harris et al., 2020). This 
database contains data of monthly observations in ten observed and derived climate 
parameters obtained from thousands of observation stations in the period of 1910 – 2009. 
The observations are averaged to monthly values and interpolated to a 0.5° x 0.5° grid to 
cover regions with no measuring stations. For our study we obtained the Precipitation 
(Precip), Diurnal Temperature Range (ΔT), and Potential Evapotranspiration (PET) data and 
calculated the average monthly rates. PET and Precip are proxies for the amount of expected 
runoff, while ΔT is not in itself a control variable for groundwater table depth but is related 
to the interannual fluctuations in groundwater table depth and the proximity to ocean water. 
Precip is directly measured at stations in the dataset, ΔT is calculated as the difference 
between the maximum annual temperature and minimum annual temperature. PET is 
derived using the Penman-Monteith equation (Cai et al., 2007).  

3.2.1.3 Global Multi-resolution Terrain Elevation Date model (GMTED2010) 

To represent land surface elevation in our database we used the Global Multi-resolution 
Terrain Elevation Date model (GMTED2010) developed by the United States Geological Survey 
(USGS) (Danielson & Gesch, n.d.), which is a staple dataset to represent land surface elevation 
in global models. The digital elevation model offers three resolutions (250 m, 500 m and 1000 
m) of which we used the latter. The dataset consists of three variables: 1) minimum elevation, 
2) maximum elevation and 3) mean elevation of which we used the mean elevation as our 
data for surface elevation in our model (SurfElev). From this DEM model we calculated the 
slope of each model cell by dividing the difference between the minimum and maximum 
elevation by the spatial resolution. This procedure was performed in ArcGis. We chose this 
dataset mainly, because it was available at multiple (fine) spatial resolutions, and this gave us 
the initial possibility of making the final groundwater table map as fine as possible. 

3.2.1.4 Drainage density 

Drainage density was chosen as the proxy parameter for surface water-groundwater 
interactions. Drainage density is defined as the total length of stream per surface area (m-1). 
This parameter incorporates aspects of climate and surface water influences on water table 
depth. We used the global database of drainage density by Schneider et al. (2017) as our 
source data. The use of this dataset restricted our total predicted area, since this dataset does 
not support high latitude regions in the northern hemisphere, including Scandinavia, Siberia 
and the northern provinces and territories of Canada.  
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3.2.1.5 GLobal HYdrogeology MaPS (GLHYMPS) dataset 

We used permeability (Perm) and porosity (Por) as our parameters describing the 
hydrogeological properties of subsurface. We used the commonly used GLobal HYdrogeology 
MaPS of permeability and porosity by Gleeson et al. (2014) as the source material of our 
database. While permeability [m2] (or hydraulic conductivity [m/day]) and porosity [-] are 
important for determining groundwater flow in the vertical and lateral direction, for this study 
we included these parameters since they serve as indicators of infiltration potential. Higher 
porosity and permeability values indicate a more porous soil/bedrock with higher potential 
infiltration rates.  

3.2.1.6 Global Land Cover 2000 Land Use model 

The Fan et al. database is supposed to represent a pre-industrial revolution water table depth 
with limited human impacts. However, part of the training data originates from regions where 
groundwater extraction has taken place for decades such as the Central Valley and the High 
Plains Aquifer in the United States (Gleeson et al., 2012). Land cover (and LandUse) has causal 
relations to water table depth since this serves as a proxy to population density and water 
use. We used the Global Land Cover (GLC 2000) dataset by Bartholomé and Belward (2005). 
The dataset distinguished between 21 different land cover classes based on the Land Cover 
Classification System (LCCS) by the UN Food and Agriculture Organization (Di Gregorio, 2005; 
Di Gregorio & Jansen, 1998).  

3.2.1.7 FAO Global Soil map 

Our final data source is for the Dominant Soil type predictor (DomSoil). For this we used the 
FAO global soil map (Batjes, 1997). This dataset consists of 26 major FAO soil type classes with 
various sub-classes on 1 km spatial resolution. For this study we only considered the 26 major 
soil types without using the sub-classification. The reason for doing this was to obtain a 
threshold amount for each class to optimize random forest training.  

3.2.2 Data preprocessing: spatial resolution and overlap index (OI) 

Since not every predictor data source is available at the right resolution, the question arises 
whether all predictors are usable at every spatial resolution. Combined with the question 
whether the water table depth data is usable at fine spatial resolution (<1000m x <1000 m) 
we initially want to find the optimal spatial resolution for predicting groundwater table depth.  
 
Data preprocessing was performed in ArcGis and involved the following steps: 

1. The Fan database was resampled to four different spatial resolutions (0.05°, 0.1°, 0.25° 
and 0.5°). For high density regions with multiple data points within the same grid cell, 
we took the mean value of groundwater table depth. 

2. The predictor data was also resampled to the same spatial resolutions as for the Fan 
database. For continuous data we used bilinear interpolation for transforming data 
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into a coarser spatial resolution. Bilinear interpolation prevents the resampled data to 
have lower minimum and higher maximum values than the source data. For discrete 
(class) predictor data we used the most common class during resampling to coarser 
grid resolution. 

3. To represent the global distribution, we transformed the predictor raster data into 
point data with one data point for every grid cell. 

4. To complete the database, we extracted all predictor data at all point locations and 
exported the data to text files.  

 
To determine the relative representativity for the Fan et al. database to the global distribution 
in terms of predictor data, we used the novel distribution-free Overlap Index (Pastore and 
Calcagni, 2019; Pastore, 2018) as our metric for comparison. The Overlap Index (𝜂) represents 
the percentage overlap between the kernel density distribution functions for two 
distributions and is defined as: 
 

𝜂(𝐹𝐺𝐷, 𝐺𝐷) = ∫ 𝑚𝑖𝑛[𝑓ிீ஽(𝑥), 𝑓 ஽(𝑥)]𝑑𝑥   (3.1) 
𝜂(𝐹𝐺𝐷, 𝐺𝐷) = ∑ 𝑚𝑖𝑛[𝑓ிீ஽(𝑥), 𝑓 ஽(𝑥)]   (3.2) 
 

Where 𝑓ிீ஽(𝑥)and 𝑓 ஽(𝑥)are the distribution of predictor 𝑥 within the Fan et al. database 
and global distribution (GD) respectively. Equation 3.1 is valid for continuous data, while 
equation 3.2 is the form of the equation for discrete (class) data. The values for 𝜂are 
normalized between [0,1], where 1 represents two identical distributions and 0 represents no 
overlap between the distributions. The reasons for using this metric are simplicity in use and 
the results serve as proxies for the expected correlation (𝑅ଶ) for the random forest model. 
The R package “Overlapping” (Pastore, 2018) was used to calculate 𝜂(𝐹𝐺𝐷, 𝐺𝐷)for every 
predictor at four spatial resolutions (0.05°, 0.1°, 0.25° and 0.5°). The results of this analysis 
can be found in the supplementary information of this paper (Appendix B, Table B-3). The 
results show that the minimum 𝜂for all predictors at 0.1° resolution is higher than 0.5. 
Maximum 𝜂at this spatial resolution is calculated for SurfElev (𝜂= 0.78). Based on these 
numbers and the desire to produce a map on the finest spatial resolution possible, we decided 
to use 0.1° as our target for our water table depth map. The full schematic process for data 
preprocessing is found in Figure 3.3. 
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Figure 3.3 Workflow, references to tables and figures and deliverables of this study indicating the three main 
contributions to the scientific understanding of machine learning models predicting water table depth.   

3.2.3 Random forest and feature importance 

A random forest model is a widely used machine learning algorithm capable of regression and 
classification tasks (Liaw & Wiener, 2002; Naghibi et al., 2016; Prasad et al., 2020). A random 
forest is an ensemble method of where an N amount of decision trees are regenerated based 
on the test data. The random forest gives the average prediction over all generated Decision 
Trees. The random forest model is useful since the potential overfitting on the training data 
is negated when the number of decision trees is high. The tradeoff for this can be potentially 
comprehensive learning time when the dataset is large. Unlike with artificial neural networks 
(Govindaraju & Rao, 2013; Sreekanth et al., 2009), random forests do not require feature 
scaling and can both handle numerical (continuous) data as well as categorical (non-
numerical) features simultaneously. 
 
To determine our model performance, we applied 10-fold cross validation for each database 
individually by randomly splitting the total database between 70% of training data and 30% 
of cross validation data. The 10-fold cross validation was used to check whether random 
splitting of the data would give high variance in model accuracy. The variance between each 
model was found to be very small (variance in R2 of ± 0.03).  
 
For each model we calculated the cross-validation error using three different scoring metrics: 
1) the coefficient of determination (Pearson R squared, R2), 2) the mean absolute error (MAE, 
equation 3) and 3) the root mean squared error (RMSE, equation 4). Here 𝑦௣௥௘ௗand 𝑦௢௕௦are 
respectively the predicted and observed variables. 
 

𝑀𝐴𝐸 =
ଵ

௡
∑ ห𝑦௣௥௘ௗ − 𝑦௢௕௦ห௡

௜ୀଵ      (3) 

𝑅𝑀𝑆𝐸 = ට
ଵ

௡
∑ ൫𝑦௣௥௘ௗ − 𝑦௢௕௦൯

ଶ௡
௜ୀଵ     (4) 
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Feature importance was determined by two different methods which showed similar results: 
for the first method we used the feature_importance function in the Scikit-learn 
toolkit. Using the feature_importance function we calculated the fraction of total splits 
within all decision trees which are determined by each predictor. For discrete parameters 
which were split by one-hot encoding, the total feature importance of that predictor was 
based on the sum of the feature importances for all splits. The second method for determining 
feature importance was to replace predictor data with randomized one predictor at a time. 
Then we observed the change in model performance between our base run and the run with 
randomized data. The most important features would cause the largest drop in model 
performance. For predictors with continuous data, we replaced the randomized data 

following a Gaussian distribution with a mean of 𝑥 and a standard deviation of ௫

ଷ
, where 𝑥 is 

the mean of the predictor over the entire training data. Choosing this particular standard 
deviation ensures that around 98% of data points generated will fall between the minimum 
and maximum value for that predictor in the training set. Discrete predictor data was replaced 
with a discrete uniform distribution among all possible classes. Both methods for determining 
feature importance are essentially methods for sensitivity analysis, of which the importance 
has been made clear by Razavi et al. (2021). 
 
To produce the final water table depth maps, we differentiated between areas where water 
table depth was already known based on the training data from the Fan et al. database (from 
now on called the training domain) and areas where water table depth was unknown and is 
extrapolated to (from now on called the predicted domain). An example of a finalized water 
table depth map for the USA is given in Figure 3.4. 
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Figure 3.4 Example of the building of the final water table depth maps in this study as the sum of areas of 
known data (training domain (top left)) and the regions of unknown water table depth where we extrapolated 
our model to (predicted domain (top right)). The combination gives the final water table depth map (bottom). 
The full maps for all regions are found in the supplementary information (Appendix B). 

3.2.4 Dissimilarity Index (DI) 

Our final analysis on the usability of our water table depth map is to determine the level of 
confidence we have in the extrapolated results. To quantify this confidence, we calculated 
the Dissimilarity Index (DI) for every predicted model cell outside the training domain. The DI 
is a metric of similarity between a new target cell relative to all the data cells within the 
training set within N-parameter space, where N is the number of predictors. This method is 
adopted from Meyer and Podesma (2020) and applied to this study.  
 
The DI is defined as Euclidean distance of test sample in N-parameter space to the nearest 
training data point 𝑑௞, divided by the mean Euclidean distance between every two-point 
combination within the training dataset (𝑑) (within the same N-parameter space). We 
calculated the DI as is described by Meyer and Podesma (2020). Prior to calculation all 
predictor parameters were scaled by calculating the Z-score to remove any unit 
dependencies. A scaled input parameter 𝑋 for sample 𝑖is calculated by: 
 

𝑋௜
௦ = (𝑋௜ − 𝑋)/𝜎௑     (3.5) 

 
Where 𝑋௜

௦ is the scaled parameter value for sample 𝑖 of predictor 𝑋, 𝑋௜is the unscaled 
parameter value, 𝑋 is the mean value of predictor 𝑋 over all samples in the training set and 
𝜎௑is the standard deviation of predictor 𝑋 over all samples in the training set. 
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Furthermore, we applied a weighting to the scaled samples based on the feature importance 
in the random forests model. The parameters were scaled based on the feature importance 
in Figure 3.4a: 
 

𝑋௜
௦,௪ = 𝑤௑𝑋௜

௦      (3.6) 
 
Where 𝑋௜

௦,௪is the weighted and scaled predictor value for sample 𝑖 and 𝑤௑is the feature 
importance of predictor 𝑋. From here we can calculate 𝑑௞finding the minimum Euclidean 
distance between each test sample 𝑘 and the training set. 
 

𝑑௞ = 𝑎𝑟𝑔 𝑚𝑖𝑛 𝑑(𝑘, 𝑖)     (3.7)  
 
The Euclidean distance between two points 𝑝and 𝑞within N-parameter space is given by: 
 

𝑑(𝑝, 𝑞) = ට∑ (𝑋௣,௝
௦,௪ − 𝑋௤,௝

௦,௪)ଶ௡
௝ୀଵ      (3.8) 

3.3 Results and discussion 

3.3.1 Random forest results and feature importance 

Table 3 gives the results of the trained random forests models for each individual database. 
The scatter plots and maps of the cross-validation results for each individual database are 
given in Figure 3.5. The highest correlation was observed for the Colorado and Australia 
databases (R2 = 0.794 and R2 = 0.857 respectively). For the global water table depth map 
(Figure 3.5a) the random forest model has a correlation of R2 = 0.717 (MAE = 4.584 and RMSE 
= 8.956) to the training data. The weakest model correlations were found in the France and 
Iberia models with relatively the highest MAE and RMSE values and lowest correlation. Model 
performance is not correlated with the fraction of total area covered by training data (training 
domain) or database size. For example, two models (Iberia and Australia) with almost 
identical coverage by training data have the lowest and highest correlation. These 
percentages are normalized by difference in total surface area. Training domain coverage is 
calculated by dividing the number of training samples over the total number of grid cells 
within the total domain. From here we deduce that feature importance is more important 
than database size and that our models were not underfitted due to lack of data. Figure 3.7 
shows the combined global map of water table depth generated by the random forest model. 
The maps of the other databases can be found in the supplementary information (Appendix 
B). 
 
When looking at the cross-validation results in Figure 3.5 and Table 3.3, we can conclude that 
all models are slightly underestimating regions with higher water table depth relative to the 
training data. We attribute this to the fact that the Fan et al. database is underrepresented in 



44 

samples at higher elevations and remote drier climates and overrepresented in more densely 
populated moderate climates and areas with relatively higher Gross Domestic Product. Since 
the database has most data from easily accessible, densely populated regions rather than 
sparsely populated remote/mountainous regions, we expected a skew of the final model 
towards those densely populated regions. Even in the smaller, low relief Rhine Delta model, 
higher water table depths are underestimated. A second reason comes from the random 
forest algorithm itself. Due to the lack of data of high water table, it is harder on the model 
to create distinguishable leaf nodes for higher water table depths. This parameter is 
manageable with the minimum samples per leaf node hyper parameter 
(min_samples_leaf), which we already tuned to be very low (2-4 samples per leaf node). 
The consequences of underrepresenting water table depth is further discussed in section 3.4 
of this paper. 
 
The results of our feature importance analysis are given in Figure 3.6. The first metric was 
used on all datasets (Table 3.3), while the second method was only applied to the total 
(Global) database. Figure 3.6 gives the feature importance for our Global model, with the 
error bars indicating the standard deviation of the particular predictor over all over models. 
The water table depth maps and bar charts with feature importances of individual databases 
are added in the supplementary information (Appendix B, Figures B-4 – B-16). Based on the 
first method we found SurfElev, Slope and DrainDens are considered to be the most important 
predictors for our model, while DomSoil, LandUse and Por were considered least important. 
The results from method 2 (replacement with randomly generated data) shows SurfElev, 
Precip, DrainDens and DomSoil to be the most important predictor parameters since changing 
these predictors caused the largest drops in model performance (R2). Por, Slope and ΔT were 
found to be least important using method 2. Since all drops in model performance were 
significant (> 0.1), we argue that all parameters were important for our model, and we haven’t 
used unrelated predictor data. We did not perform an extensive analysis that proved all 
predictors are statistically independent. For example, one might argue that Precip and 
DrainDens are related parameters since areas with high annual precipitation also have a 
denser stream network. (Dingman, 1978; Tarboton et al., 1992). However, we did find that 
feature importance varied among different databases (Appendix B, Figures B-4 - B-16).   
 
Interestingly, according to the results of the first method, the random forest model seems to 
favor continuous data over discrete data since the predictors consisting of discrete data were 
almost all ranked least important. This conclusion cannot be drawn based on the results of 
the second method. With our current understanding of hydrological knowledge, we would 
expect surface elevation, drainage density and precipitation to be factors important for 
steady-state water table depth. Porosity and permeability are important parameters for 
determining groundwater flow vertically and laterally. We explain this to the fact that 
contrary to many recent studies in this study we predict a steady-state water table depth 
rather than a transient water table depth or hydraulic head (Bowes et al., 2019; More, 2018; 
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Zhao et al., 2020). Since porosity and permeability are indicators of groundwater mobility, we 
would expect a higher feature importance if we would have predicted transient water table 
depth. Also, we argue that part of the discrepancies between the results of the two methods 
lies in the methodology itself combined with the skewness of the data. Some predictor data 
(LandUse and DomSoil) are heavily skewed towards only a few classes where most of the 
samples fall in. Some LandUse classes and DomSoil groups only have a few samples within a 
few classes. With our second method of determining feature importance, we used a uniform 
probability distribution between all possible classes. The randomly generated surrogate data 
would therefore be less skewed than our original data.  
 
Table 3.2 Database characteristics and model correlation (validation errors) for trained random forest models. 

Database Database characteristics Model correlation (validation error) 

 Size (# of 
samples) 

% coverage 
training 
domain 
 

% coverage 
predicted 
domain 
 

R2 MAE (m) RMSE (m) 

Rhine Delta 954 100 0 0.734 1.391 2.535 

France 1686 26.34 73.66 0.639 6.761 11.349 

Iberia 766 12.64 87.36 0.681 8.767 12.887 

USA 39863 48.72 51.28 0.711 4.824 7.507 

California 1276 31.06 68.94 0.732 5.700 8.975 

Colorado 1456 51.72 48.28 0.794 5.493 8.548 

Brazil 8320 11.83 88.17 0.690 4.770 7.920 

Australia 10774 15.68 84.32 0.857 2.394 4.396 

Global 79880 6.96 93.04 0.717 4.584 8.956 
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Figure 3.5 Random forest model results for water table depth for the Global model (top) and every sub 
database: a) United States (excluding Alaska, Hawaii and overseas territories), b) Iberia, c) France, d) Rhine 
Delta, e) Colorado, f) Brazil, g) Australia and h) California. The scatter plots show the cross-validation errors 
and correlations (mean absolute error (MAE), root mean squared error (RMSE) and correlation (R2) for every 
model. The diagonal represents the 1:1 correlation line. 
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Figure 3.6 Results of feature importance analysis. Left: Ranked feature importance as calculated by Scitkit-
learn’s feature_importance function. The horizontal bars show the feature importance within the Global 
database. The error bars show the standard deviation of each individual predictor over every other database. 
Right: reduction in feature importance as predictor is replaced by randomized data. 

 
Figure 3.7 Global map of water table depth (m) based on the random forest model (for the predicted domain) 
combined with the training data from the Fan et al database on a 0.1-degree spatial resolution. 

3.3.2 Model performance compared to physics-based models 

We can check the extrapolated water table depth of our model to other global groundwater 
models which estimate hydraulic head or water table depth. Even though this does not give 
any direct truth on the validity or accuracy of our random forests model, this does serve as a 
proxy on how our model performs against a numerical model based on the known physical 
laws and controls of groundwater (flow). For this model performance analysis, we chose three 
different numerical models: 1) the numerical model for water table depth from Fan et al. 
(2013) which is based on our training data, 2) the high-resolution groundwater De Graaf 
model (De Graaf et al., 2015; Sutanudjaja et al., 2018) and 3) the G³M model (Reinecke et al., 
2019; Reinecke et al., 2019). Figure 3.8 shows the correlation matrix for water table depth 
between our random forest model and the three physics-based models. The data is 
represented with heat maps for each 1 m of water table depth. Darker shades indicate higher 
point density for that water table depth. The gridded data from the physics-based models was 
resampled to the same 0.1° grid resolution as our random forest model (using bilinear 
interpolation as our resampling method) in order to make a fair comparison.  
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The first column in Figure 3.8 shows the correlation between our random forest model and 
the three physics-based models. The physics-based models show higher values for water table 
depth compared to the random forest model. The Fan et al model has the best correlation to 
our model. This is expected since both models are calibrated to the same data source. We 
argue that there are few explanations for the discrepancies between the different model 
types. 1) One of the limitations of the random forest model compared to physics-based 
models is that there is a limited range of values the model is able to predict for. Our random 
forest model is only able to predict values in the range of the leaf nodes with the lowest and 
highest values for water table depth. 2) Our random forest model has a drastically different 
model setup, compared to the other models. The main difference between our model and 
the three other models is that the three physics-based models are more or less based on the 
same theorems of physics, with some discrepancies. Interestingly, when comparing the 
results of the three numerical models to each other directly we also find no real significant 
correlation, except for G³M to De Graaf (Figure 3.8, bottom row, 2nd from the left). This is 
contributed to the fact that contrary to the models of G³M and De Graaf, the Fan et al model 
does not simulate surface water interactions. The relative disagreement between numerical 
models is here found to be comparable to the relative disagreement between a physics-based 
model and a machine learning model. From here we conclude that our model does not 
perform better or worse than high-end numerical models with some notable 
differences/limitations: 1) The random forest model is only able to simulate water table 
depths within the available data range (< 56 m below ground surface). This shallower water 
table depth is more realistic than water table depths simulated by the physics-based models, 
which go up to several kilometers for the PCRGLOB-WB model. 2) Our simulation of water 
table depth was performed on a 0.1° spatial resolution (~ 10 km). To adjust for a relatively 
coarse resolution, we had to calculate the mean water table depth among all water table 
depth measurements for each grid cell. Since some areas, such as Ontario, Canada have a high 
measurement density we risk losing important information when averaging out water table 
depth. We argue that we lose the representation of this high variance in water table depth 
when we reduce >100 measurements to a single datapoint per grid cell as has been shown by 
Reinecke et al. (2020).  
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Figure 3.8 Pair grid plot of model correlation between four distinct models: 1) The random forest model for 
water table depth (this study), 2) Fan et al model (Fan et al., 2013), 3) G3M model (Reinecke et al., 2019) and 
4) De Graaf model (De Graaf et al., 2015). The figures show heatmaps of water table depth measurements 
(darker shade indicates higher point density) and the solid lines depicts 1:1 lines for WTD. 

3.3.3 Feature importance and perceptual models from our random forest model 

Figure 3.1 showed schematizations of the similarities and differences between numerical 
model studies and machine learning studies on the same topic and how the underlying study 
fits within that machine learning organization (Figure 3.9). We found significant differences in 
feature importance between a Global model (using all training data) and our Rhine Delta 
model (using limited data from that particular region (Figure 3.9a). These databases represent 
two quite different hydro-geo-climatic environments: 1) an area with Low Relief (Rhine Delta) 
and 2) an area with High and Low Relief (Global). While the relatively simple Rhine Delta 
region can be described by 57% based on just three predictor parameters (SurfElev, Slope and 
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DrainDens), these same predictors together only explain the Global model by 42%. Several 
reasons could be given for this. First of all, the Rhine Delta region is extremely small compared 
to the Global model with relatively uniform climate, low relief and low variation in land use. 
The random forest model takes the three parameters which have highest variance and defines 
these as the defining parameters to split the nodes within the random forest. On the other 
hand, the Global model is on the other end of the spectrum in terms of complexity. The Global 
model is able to predict for any regions of the world which are in the same domain as the 
predictor data of the training set. Even though not all climate regions or elevations are equally 
represented, this still covers a large domain of the global map. To define water table depth 
within this larger range of hydro-geoclimatic regions, more predictor parameters are needed. 
Consequently, a more spreaded feature importance is observed by the random forest model.  
 
A hydrologist with limited knowledge on the workings of machine learning algorithms might 
wonder whether these results can then also have some physical meaning. One part of the 
physical relevance of the model comes from the choice of predictor parameters. As can be 
seen in Figure 3.9, the choice of predictor parameters is very important for a robust machine 
learning model. Choosing too few parameters might result in an under-fitted model which 
lacks capabilities of predicting the target variable. Choosing too many variables gives the risk 
of overfitting the model to the possible noise in the data and those different predictors might 
give redundant information, causing further noise. From a hydrologists point of view the Low 
Relief model seems to be too simplistic to give a thorough representation of the different 
parameters determining groundwater table. The scale of the regions comes into play here. 
The Rhine Delta region spans only 400 kms laterally compared to the larger Global model. On 
this scale parameter variance of climate predictors (Precip, PET and ΔT) are much smaller 
since the lateral differences in climate are small. Therefore, we see the highest feature 
importance in non-climatic geographical parameters (Slope, SurfElev and DrainDens). From 
here we find scale to be an important factor when deriving a perceptual model from random 
forest results: we cannot find a single perceptual model for the entire world but find different 
perceptual models for different scales/continents. Future research could include building a 
water table depth map for the Rhine Delta region on a much finer spatial resolution. In this 
way predictor variance should increase over the relatively coarse grid resolution of the 
current study. Predictor variance will increase this way too, which in turn might increase the 
feature importance of climate predictors such as PET and the perceptual model might become 
more similar to the perceptual model of the Global model. It has already been proven that it 
is possible to make a model for predicting water table depth for the Rhine Delta region using 
only global parameters (Sutanudjaja et al., 2011). Sutanudjaja et al. used global data to 
calibrate a regional groundwater model for the Rhine-Meuse basin in Germany.  
 
One other important difference between a physics-based groundwater model and the current 
study is the lack of connectivity between adjacent model cells. Rather, all cells in our random 
forest model are predicted independently based on the predictor data for that cell only. 
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Unlike numerical (MODFLOW) models there is no-intercell connectivity which determines the 
hydraulic head field. However, even without this dependence of the target cell to its adjacent 
cells, the random forest model results still show continuity across regions and on the 
boundaries between regions with training data and predicted regions. This is clearly shown in 
the map of the United States (Figure 3.4). While the water table depth in the northern part of 
the High Plains Aquifer (Nebraska, Kansas, etc.) is known from the Fan et al. database, we 
observed a continuity of the deeper water table depths into the predicted regions of Texas. 
Additionally, the shallow water table depths representing swamps and wetlands in Florida are 
also observed. This is a positive result for a model with no interconnectivity between model 
cells. Therefore, the random forest model is able to simulate a lateral water table gradient 
based solely on the parameter gradients of the input parameters. Other features we 
discovered is the ability of the random forest model to simulate a shallower water table depth 
next to ocean waters and large surface water bodies. This can also be observed from the map 
for the USA random forest model (Figure 3.3), where the states of Georgia and South Carolina 
show continuity between the known data regions of Florida and North Carolina.  
 
How is the modelling approach shown in this study beneficial to the larger scope of modelling 
studies involving groundwater? We see reasons to prefer this approach over the conventional 
approach outlined by Hill and reviewed by Zhou (Hill, 2000; Hill & Tiedeman, 2006; Zhou & Li, 
2011). Zhou reviewed the methodology of creating regional scale groundwater models and 
stated that a groundwater model for the purpose of resource assessment should be built at 
the basin scale and should include 1) topography, 2) major regional aquifers and aquitards 
and 3) groundwater-surface water interaction since they are essentially the same 
(interconnected) source. The spatial resolution of a numerical model can range from a single 
to several kilometers. With this comes added difficulty on how to scale feature parameters 
properly. While hydraulic conductivity can be measured at point locations (individual wells or 
measurement locations), upscaling the parameter to a larger scale can severely limit its 
accuracy and usefulness. Sobieraj et al. (2004) concluded from their field study on variations 
in hydraulic conductivity, that there is little predictability for hydraulic conductivity on the 
field scale due to local biological processes controlling soil hydraulic conductivity. Gupta et al. 
(2006) came to a similar conclusion based on their own field test.  
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Figure 3.9 Representation of this study based on the schematic representation of geosciences within a 
machine learning framework (Figure 3.1b). Subfigures: a) the feature importance for the Global database 
(green) and the feature importance for the Rhine Delta database. b) Translation of the feature importance 
from to two conceptual models based on the results of the random forest model for an area with low relief 
(orange) and for an area with high and low relief (green). 

3.3.4 Importance of scale 

Model scaling has always been a difficult problem for hydrological models (Blöschl, 2001; 
Blöschl & Sivapalan, 1995; Fraser et al., 2013; Gentine et al., 2012; Peters-Lidard et al., 2017; 
Scheibe & Yabusaki, 1998). While Darcy’s law and the groundwater equation might suffice for 
local or regional scale models, the distribution of water table depths is also controlled by 
topography, geology and climate and data for these at continental to global scales can be 
challenging. A difficulty in this for hydrologists is how to transfer these hydrological processes 
to the larger scale and to build the numerical model accordingly. Most of the thought process 
has to be done upfront and reflection only begins until after the model has been built and the 
results are generated (Figure 3.1a). For machine learning studies we start building our model 
based on some level of expert knowledge and available data. From there we improve our 
model by limiting underfitting (for example by adding more features or obtaining more 
training data) and limiting overfitting (for example by removing redundant features). We 
looked at this problem through two different lenses: 1) how does a large-scale model (for 
example the United States as a whole) perform on a small subdomain compared to a model 
that is only trained on this subdomain and 2) how does feature importance within random 
forest models change across scales? For the first question we looked at three of our random 
forest models (global, USA and California) to see if larger scale models were able to determine 
water table depth as accurately as their smaller scale counterparts. The second question is 
tackled in section 3.5. Figure 3.10 shows the water table maps of these three models and the 
correlation of scatter plots between these maps. Looking at the differences in the maps for 
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California, we observe that the smaller scale maps generally show shallow groundwater tables 
compared to the large-scale models. This is partly explained by differences in feature 
importance (section 3.5, Figure 3.11), but also due to the size and composition of the 
database. When building a larger scale model which encompasses a larger range of 
geoclimatic regions we must account for this larger range with more variance in input data. 
Some of the added data will represent areas which are geoclimatically different from the 
climate and hydrogeology of California. When comparing the maps for California derived from 
the USA and California database respectively, we do observe a decently good correlation (R2 
= 0.705) showing some potential for large scale models here. Feature importance between 
these models is also comparable (Figures B-4 through B-16). 

 
Figure 3.10 Importance of scale when predicting water table depth using random forests based on different 
training datasets (y-axis) and prediction domains (x-axis). Correlation values between maps are given in boxes. 
Example of correlation plot is given for two maps. 

3.3.5 Extrapolation potential 

The Dissimilarity Index (DI) is an indicator of extrapolation potential for our random forest 
model. The DI represents the similarity between the predicted domain and our training 
domain within the multidimensional parameter space based on our chosen predictor data. 
We calculated the DI for the predicted domain of the Global random forest model. The results 
are represented in Figure 3.11. Here we combined the DI results with the simulated water 
table depth of our random forest model, where the color range simulates different water 
table depths and transparency depicts DI (high transparency indicates high DI). The DI results 
are also given in the supplementary information. Values for DI > 2 were considered outlier 
data since over 99% of the data points show a DI < 2 (see supplementary information, 
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Appendix B). Based on the maps we can identify the areas that are statistically most similar 
to our training set and therefore we expect our model to perform best. These areas include 
most of Canada, Northern-India among other regions. Areas with the lowest DI are mainly 
tropical regions around the equator (Amazones, Central-Africa and Indonesia) and high 
elevation regions such as the Himalayas. The Uttar Pradesh Province in India is one of the 
regions with the highest potential for our random forest model, given that we have almost no 
data from Asia in our database. We have several explanations for these DI results.  

 
1. First of all, higher elevation regions are underrepresented in the Fan et al. database 

and consequently, we have seen that the random forest model underestimates higher 
values of water table depth. Moreover, given that the DI is weighted based on feature 
importance and surface elevation is found to be one of the most important predictors 
for steady-state water table depth. This result is carried through in the calculation of 
DI and henceforth we see these low DI numbers for the Himalayas and Andes. 

2. The same reasoning could be applied for the low DI numbers for tropical climate 
regions in the Amazon and Indonesia. These DI numbers are arguably primarily driven 
by high values for precipitation and evapotranspiration, which are relatively under 
sampled in the training data.  

3. The final, relatively surprising, finding is that we see relatively high DI numbers in arid 
regions such as the Sahara Desert and Middle East. While these regions are almost 
exclusively predicted and the Fan et al database doesn’t include any training data, we 
speculate the model is still moderately efficient in predicting these regions, given that 
we do have decent amount of training data from arid regions in the United States and 
central Australia, which would arguably be decent proxies for estimating arid regions 
globally. 

 
A final important point we want to emphasize is that the DI is not a metric for estimating 
model accuracy, but rather for model extrapolation potential. We argue that the DI is a 
suitable metric to give meaning to raw model results. While most current studies do not 
include hydrologic dragons (“regions where the uncertainty in expected hydrologic behavior 
or relevant system properties is very high due to a lack of local knowledge”, cited from 
Wagener et al. (2021)), in this study we have attempted to include this by using this metric. 
From here we determined for which areas we have most confidence in our random forest 
model. Future work might include obtaining more data from high DI regions (such the Uttar 
Pradesh province) in India to test our model against.  
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Figure 3.11 Global map of water table depth and dissimilarity Index calculated for the predicted domain on a 
0.1° scale. Methodology based on the studies by Meyer and Pebesma (2020). Outlier values for DI (>2) are 
excluded from this graph. Color range shows water table depth (m) and transparency shows dissimilarity 
index. 

3.4 Conclusions 
 
In this study we constructed a steady-state, global water table depth map on a 0.1° spatial 
resolution using the random forests algorithm. For the training data we used the well-known 
(and only) global water table depth database by Fan et al. and we chose hydro-geo-climatic 
predictors with an assumed causal relation to steady-state water table depth, including 
surface elevation and drainage density. 
 
The resulting water table depth maps show a correlation of R2 = 0.7 - 0.85 (cross-validation 
error) depending on the training domain. With this study we contributed to the scientific 
knowledge within this field in five meaningful ways: 

1. We developed the first global steady-state water table depth map using a random 
forest algorithm on a 0.1-degree spatial resolution. 

2. Based on the results on our random forest model we constructed two perceptual 
models for high and low relief domains. Above ground variables (surface elevations 
and climate parameters) are found to be more important than sub-surface parameters 
(permeability) in explaining water table depth. 

3. We observed differences when predicting the water table depth of regions across 
spatial scales using the random forest models for California, USA, and the Global 
model. Shallower water table depths are observed when using more small-scale 
databases. 

4. Comparing the distribution of water table depth of the new machine learning model 
and existing physics-based global hydrologic models highlight significant differences 
both between models and models and observations.  
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5. The Dissimilarity Index has shown to be a good initial attempt at quantifying 
extrapolation potential for machine learning algorithms. 

 
Within this study we hope to contribute to the overall implementation of machine learning 
algorithms as valuable tools within the field of hydrology. Not only as a pure modeling tool, 
but to gain insight in the physical mechanisms of (ground)water. We believe this can be an 
asset for future studies on water availability, water flow and water security.  
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Chapter 4: Contributions of this thesis to the unsolved 
problems in hydrology 
 
The goal of this thesis is to contribute to the increasing use of machine learning algorithms in 
addressing groundwater problems in the hydrological sciences. Based on the literature review 
in chapter 1 and the findings in chapters 2 and 3, it can be concluded that this research has 
advanced our knowledge by contributing to three of the unanswered questions in the 
hydrological sciences (Blöschl et al., 2019). The focus of this study was on the contributions 
of machine learning in hydrology and not to contribute to the advances of machine learning 
themselves. In this concluding chapter we return to the three unanswered questions in 
hydrology mentioned in chapter 1, section 1.4 and reflect on how the results of this Master’s 
thesis have progressed our understanding on these three topics. 
 

1. What are the hydrologic laws at the catchment scale and how do they change with 
scale? 

 
Chapter 3 of this thesis used a random forest model trained on a water table depth database 
to predict steady state water table depth on the regional and global scale. From the random 
forest model, we derived the most important feature parameters for each individual region. 
One of the regions that was predicted is the Rhine Delta region/catchment of Western-
Germany and the Netherlands. The results show that the steady-state water table depth is 
dependent for over 50% based on three feature parameters alone (surface elevation, slope, 
and drainage density). When we compare this to country sized databases, such as the United 
States or globally, we find that these three parameters are still among the most important, 
together with precipitation, evapotranspiration, and diurnal temperature range. This final 
feature parameter is non-intuitive but can either be interpreted as a proxy for proximity to 
sea level or as a proxy for temperate climate regions where water table fluctuations are 
expected to be lowest throughout the year. Surprisingly, geological parameters such as 
permeability and porosity were found to be among the least important parameters. We 
contribute this to the idea that these features would be more important when predicting 
transient water table depth, rather than steady state, where regional groundwater flows and 
seasonal feature variability is more important.  We did not find significant variation in the 
importance of permeability or porosity across different databases of different sizes. From 
here we conclude that for this specific spatial resolution geological parameters do not follow 
a clear scalable relationship. If we place these findings within the context of hydrologic laws, 
we can state that this research only contributes moderately in terms of hydrologic scaling 
laws. However, in terms of climatological hydrologic laws this research contributes with the 
finding that although we observe variances in feature importance for estimating water table 
depth across different hydrogeoclimatic regions (Appendix B), surface water features are 
consistently found to be the most important parameters regardless of climate.  
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2. How can we use innovative technologies to measure surface and subsurface 

properties, states, and fluxes at a range of spatial and temporal scales? 
 
Random forests and artificial neural networks are not “innovative” themselves since they 
have been used since the 1980s. However, our methodologies can be considered novel in 
their approach. In Chapter 2, we predicted groundwater and surface water depletion caused 
by groundwater pumping using an artificial neural network. For our training data, we used 
synthetically produced data derived from numerical models. The synthetic data was 
generated based on physical principles of mass balance using a local area approach. The local 
area was based on a mass balance law that stated that all pumped groundwater should be 
coming either from storage or reduced baseflow. Another novel feature of the artificial neural 
network is that the neural network attempted to predict depletion at five different output 
times simultaneously, rather than predicting depletion after a certain pumping time 𝑡. This is 
an example of a multiple response variable model or multi-task model, which have been 
named recently as an avenue of innovation for machine learning algorithms (Reichstein et al., 
2019). Although the artificial neural network has not outperformed numerical models or 
comparable machine learning studies, this is still a novel attempt. Methodologies that don’t 
work perfectly can still give valuable insight and be good starting points and learning 
experiences for future work.  
 

3. How can hydrological models be adapted to be able to extrapolate to changing 
conditions? 

 
Finally, both chapters 2 and 3 touch upon the common problem of extrapolation with 
numerical models and machine learning models. Numerical models and machine learning 
models often struggle with extrapolation to other areas, because for example they are built 
and calibrated for a specific watershed (for numerical models) or the training data used to 
train the machine learning model is too area/climate/region specific.  
 
Chapter 2 tackled the extrapolation problem using a cross-basin approach: train the artificial 
neural network on data from a specific watershed and use another watershed as test data to 
predict. We found that this methodology was successful in predicting storage depletion in a 
particular watershed if the artificial neural network was trained on data from that same 
watershed. If the training database consisted of data of two watersheds combined, then the 
neural network was able to predict depletion in both watersheds. From here we concluded 
that the neural network was able to combine the characteristics of both watersheds and be 
used as a prediction tool for both, but not to other areas. Several concerns with the limitations 
of this methodology are discussed in chapter 2. 
 
Chapter 3 tackled the extrapolation problem from a different angle by building a perceptual 
model that explains how water table depth is determined in different regions based on water 
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table depth data. Here we found that although in different regions/climates water table depth 
is predicted by the same predictor parameters (since all parameters were found to be relevant 
to some degree), the importance of each predictor varied per region or climate. The random 
forest predicting the global water table depth (trained on all the data) performed somewhat 
worse than the random forest models trained on data of subregions alone (for example 
Australia). Of course, it is significantly harder to encompass all possible climate regions or 
hydrological settings into one global model, but there is potential to weigh the importance of 
predictor parameters based on the location of the region that is predicted. For example, 
surface elevation, slope and drainage density were found to be most important for low relief 
areas and could be weighed heavier during calibration when being used in a numerical model.  
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Appendix A - Supplementary information Chapter 2: “Predicting the 
transient sources of groundwater abstraction using artificial neural 
networks: possibilities and limitations” 

A-1 Finding optimal local area size 

The methodology of using local areas as independent samples allow for the constructing of 
an extensive database if the local areas are found to be independent. Equation A-1 shows the 
mass balance used in the current study. 
 

𝑆𝐻𝐴𝐿𝐺𝑊 + 𝐷𝐸𝐸𝑃𝐺𝑊 + 𝑆𝑈𝑅𝐹𝑊 = 𝑄௪௘௟௟                                            (𝐴 − 1) 

 
(1) Shallow storage (SHALGW): groundwater from storage release in the shallowest part 

of the system (<100 ft below ground surface). In the numerical model this is calculated 
as the change in storage volume of all the cells in model layer 1 within the local area, 
that is, to a depth no greater than 100 ft below land surface. 

(2) Deep storage (DEEPGW): groundwater from storage flowing into layer 1 from deeper 
model layers, calculated in the model as the change in volumetric flux from layer 2 to 
layer 1. 

(3) Surface water (SURFW): change in volumetric flux between surface water features 
and the aquifer, representing water captured from surface water sources. SURFW is 
the sum of water coming from streams (streamflow routing cells), lakes and wetlands 
(drain cells) 

 
It must be stated that this mass balance threshold is met for certain specific circumstances. 
This threshold is met for a combination of: (1) well spacing, (2) local area size, (3) pumping 
rate, and (4) pumping time. When pumping rate and pumping time are chosen differently the 
mass balance threshold may not be reached. As is stated in the main text, horizontal 
groundwater flow is expected to be a significant source of water when either pumping time 
or pumping rate is increased. We reason that under our current conditions (combination of 
well spacing, local area size, pumping rate and pumping time) the cone of depression has 
moved far enough from the pumping well to cause significant drawdown near the edges of 
the local area, causing horizontal flow of groundwater into the local area.  
 
For the current study we found that for the KALA, UPFOX and MANI databases, we had to 
remove up to 40% of local area samples out of the database for not meeting the mass balance 
threshold. This was especially the case for the MANI database (~40%) and less for the KALA 
and UPFOX database (~15 and 20% respectively). 
 
Each model for each basin was run for a range of pumping rates (100, 1000, 10,000, 100,000, 
1,000,000 ft3/day) and well spacings (25, 50, 75 and 100 cells) on with stress periods lengths 
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of 1 month, 6 months, 1 year, 10 years, 25 years, 50 years and 100 years. The general trend 
over the different models, with exception of the UPFOX model, is that the mass balance holds 
up very well (> 80% of samples) for instances where (1) the well spacing is 50 cells or higher, 
(2) local size 25 cells or higher, (2) pumping rates are between 10,000 and 100,000 ft3/day, 
and/or (3) pumping times are lower than less than 50 years. Having a simulation time longer 
than 25 years or a pumping rate higher than 100,000 ft3/day, causes the mass balance 
threshold to be failed to meet. When a lower pumping rate was used (<10,000 ft3/day) we 
found that the amount of the changes in baseflow became negligible. That is also the reason 
why we chose to use a combined response variable of surface water (SURFW) instead of 
treating wetlands and streamflow as different responses.  
 
The local area size used in this study was also used in previous work by Feinstein et al. 
(Feinstein et al., 2016) and Fienen et al. (Fienen et al., 2016). The models in this study are 
inset models of the larger Michigan basin model of the USGS and have the same cell size as in 
the previous studies. 

A-2 Neural network theory and optimization 

A-2.1 Neural network theory 

A neural network consists of nodes fitted into distinct layers and are mathematically 
connected (often linearly). A neural network consists of an input layer with one node per input 
parameter, an output layer with one node per response and several layers of nodes in 
between, also known as hidden layers. The number of hidden layers and the number of nodes 
per hidden layer is variable and dependent on the database and the scope of the problem. 
Various approaches have been examined for optimizing the number of hidden nodes per layer 
(Stathakis, 2009; Wanas et al., 1998).  
 
The difference between the calculated activation and the actual value is called the error or 
cost. The total cost function J of the neural network is calculated by the log-cosh function 
(Shanmuganathan & Samarasinghe, 2016): 

      𝐽 =  ෍𝑙𝑜𝑔 𝑙𝑜𝑔 ቀ𝑐𝑜𝑠ℎ 𝑐𝑜𝑠ℎ ቀ𝑦௣௥௘ௗ
(௜)

− 𝑦(௜)ቁ ቁ

௡

௜ୀ଴

                                  (𝐴 − 2) 

Here 𝑦௣௥௘ௗ
(௜)  is the value for 𝑦 predicted by the neural network in output node 𝑖, 𝑦(௜),is the 

corresponding real value for the same output node 𝑖. The total cost 𝐽 is then calculated over 
the total number of nodes in the output layer. Neural network training is the process of 
minimizing the cost function through the process of backpropagation (Lek & Guégan, 1999; 
Schmidhuber, 2015), which updates all weights and biases and iteratively recalculates the cost 
function until it has found a minimum value. This minimum cost configuration represents the 
configuration of weights within the weight matrix which gives the best mathematical relation 
between the input and output data.  
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A-2.2 Activation function 

All nodes in a neural network represent a value typically in the range of [0,1] (also called its 
activation). The activation of a single node in the next layer is calculated by the sum of all the 
activations in the previous layer, multiplied by a weight parameter and a bias term. This is 
mathematically summarized in equation A-3: 

𝑎௡
(௟)

= 𝑔 ൭𝛽 + ෍ 𝜃௜𝑎௜
(௟ିଵ)

௄

௜ୀ଴

൱                                                (𝐴 − 3) 

Where 𝑎௜
(௟) is the activation of the i’th node in layer l, 𝑧௜

(௟ିଵ) is the activation of the i’th node 
in the previous layer (which has a number of nodes equal to K (excluding the bias term)), 𝜃௜  is 

the weight factor associated with 𝑎௜
(௟ିଵ) and 𝛽 is called the bias term and is set to be equal to 

1. Weight values are initially randomly chosen but are later updated by the model in the 
process of backpropagation. The activation is then calculated by substituting the sum into an 
activation function. The additional benefit of this procedure is that this allows for input 
features of different dimensions or orders of magnitude. Both the Rectified Linear Unit (ReLU) 
function (equation A-1) and the Sigmoid function (equation A-2) are used in this study as 
activation functions (Schmidhuber, 2015). For the ReLU function the activation equals z for 
any z > 0 and equals 0 for z ≤ 0. The Sigmoid function scales all values between [0,1].  

𝑔(𝑧) = (0, 𝑧)                                                                                 (𝐴 − 4) 

𝑔(𝑧) =   
1

1 + 𝑒ି௭
                                                                                 (𝐴 − 5) 

The activations are calculated forward into the model until it reaches the output layer of the 
model (through the process of forward propagation). The calculated activation of an output 
node is compared to the actual value. 

A-2.3 Cost function 

In this study three common cost functions used in regression problems (Mean Squared Error 
[MSE], Mean Absolute Error [MAE] and Logarithmic Hyperbolic Cosine [Log-Cosh]) 
(Shanmuganathan, 2016) were tested. The Log-Cosh activation function shows the lowest 
overall cost for all datasets. 

 

𝑀𝑆𝐸 =  
∑ (𝑦௣௥௘ௗ

(௜)
− 𝑦௧௥௨௘

(௜)
)ଶ௡

௜ ୀ ଵ

𝑛
                                                                     (𝐴 − 6) 

𝑀𝐴𝐸 =  
∑ ቚ𝑦௣௥௘ௗ

(௜)
− 𝑦௧௥௨௘

(௜)
ቚ௡

௜ ୀ ଵ

𝑛
                                                                     (𝐴 − 7) 

𝐿𝑂𝐺𝐶𝑂𝑆𝐻 =  ෍ 𝑙𝑜𝑔 (𝑐𝑜𝑠ℎ 𝑐𝑜𝑠ℎ ቀ𝑦௣௥௘ௗ
(௜)

− 𝑦௧௥௨௘
(௜)

ቁ )  

௡

௜ ୀ ଵ

                          (𝐴 − 8)  
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Here 𝑦௣௥௘ௗ
(௜)  is the value for 𝑦 predicted by the neural network in output node 𝑖, 𝑦௧௥௨௘

(௜) ,is the 

corresponding real value for the same output node 𝑖. The total cost is then calculated over 
the total number of nodes in the output layer. Neural network training is the process of 
minimizing the cost function through the process of backpropagation (Lek & Guégan, 1999; 
Schmidhuber, 2015), which updates all weights and biases and iteratively recalculates the cost 
function until it has found a minimum value. This minimum cost configuration represents the 
configuration of weights within the weight matrix which gives the best mathematical relation 
between the input and output data.  

A-3  Database and neural network  

 Table A-1: Representative HUC8 basins and size of each individual database 
Name HUC8 basins Number of samples 
KALA KALA 2878 
MANI MANI 875 
UPFOX UPFOX 1703 
KAMA KALA and MANI 3753 
MAUP MANI and UPFOX 2578 
KAUP KALA and UPFOX 4581 
KAMAUP KALA, MANI and UPFOX 5456 

 

Table A-2: Optimized neural network structure 
Parameter  
Number of input nodes 7 (for base model) 
Number of hidden layers 6 
Number of nodes in hidden layers 1 through 6 100 
Number of output nodes 5 
Activation function ReLU 
Cost function LogCosh 
Optimizer (keras) Adam 
Learning rate 0.0001 - 0.005 
Number of epochs 500 - 1000 
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Appendix B - Supplementary information Chapter 3: “Disentangling process 
controls on global groundwater table depth patterns using random forests” 

 
Random Forest training was performed in Python using the Scikit-learn package 
(Pedregosa et al., 2011). Apart from the selection of suitable predictor parameters the most 
important tuning parameters for a random forest model include the number of trees 
(n_estimators), the maximum number of levels in the tree (max_depth), the number 
of features to consider at each split (max_features), the minimum number of data 
samples required to split a node (min_samples_split), and the minimum samples 
required on each leaf node (min_samples_leaf). Discrete parameters were split using 
one-hot encoding.  
 
Table B-1 Fan et al groundwater database data (original and resampled to 0.1° spatial resolution) 

Dataset (per continent) # of data points (original) # of data points (resampled to 
0.1°) 

North America 1,375,059 55428 

South America 34,174 8536 

Europe 77,287 4330 

Asia 1,099 621 

Africa 430 236 

Oceania (incl. Australia)  10775 

Total 1,584,393  

 
Table B-2 Database split based on geographic regions (Figure 3.4) and the percentage of area coverage by both 
the training data (domain) and the unknown (predicted) area domain 

Database split Size (# of samples) % coverage training 
domain 
 

% coverage predicted 
area 
 

Rhine Delta 954 100 0 

France 1686 26.34 73.66 

Iberia 766 12.64 87.36 

USA 39863 48.72 51.28 

California 1276 31.06 68.94 

Colorado 1456 51.72 48.28 

Brazil 8320 11.83 88.17 
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Australia 10774 15.68 84.32 

Global 79880 6.96 93.04 

 
Table B-3 Results of overlap index analysis 

Predictor Symbol Data type 𝜂 (𝟎. 𝟓°)  

𝜂 (𝟎. 𝟐𝟓°) 
𝜂 (𝟎. 𝟏°) 𝜂 (𝟎. 𝟎𝟓°) Mean 

(standard 
devation) 

Surface 
elevation 

SurfElev Continuous 0.83 0.8201 0.7842 0.7567 0.798 (0.029)  

Log(Permeabilit
y) 

Perm Discrete 0.6537 0.5955 0.5188 0.4564 0.556 (0.075) 

porosity Por Discrete 0.6726 0.6049 0.5182 0.4556 0.563 (0.083) 

drainage density DrainDen
s 

Continuous 0.8608 0.8113 0.7587 0.7091 0.785 (0.057) 

Monthly 
precipitation 

Precip Continuous 0.7263 0.7254 0.7118 0.6759 0.71 (0.02) 

Potential 
evapotranspirati
on 

PET Continuous 0.6005 0.5493 0.5068 0.4587 0.529 (0.052) 

Diurnal 
temperature 
range 

ΔT Continuous 0.8373 0.7965 0.7422 0.6928 0.767 (0.055) 

Land use type LandUse Discrete 0.7246 0.6666 0.6145 0.5353 0.635 (0.07) 

Dominant soil 
group 

DomSoil Discrete 0.7263 0.6587 0.5655 0.4817 0.608 (0.09) 

  Mean (std) 0.737 
(0.08) 

0.692 
(0.1) 

0.636 
(0.11) 

0.58 
(0.12) 

 

 

 
Figure B-1 Example of kernel distributions for predictor parameter DD within the Fan et al. database 
(database, blue) and the global distribution (Global). The overlap index (OI) is calculated as the percentage 
overlap between the areas under the kernel density distribution curves. The three graphs (from left to right) 
show the results for 0.1°, 0.25° and 0.5° spatial resolution. 
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Predictor parameter independence 
Machine learning algorithm performance suffers when one or more chosen predictor 
parameters are either unrelated to the target parameter or if one or more either give 
redundant or contradicting information. To check whether the chosen predictor parameters 
are independent of each other we have plotted all continuous predictor parameters 
(pairwise) and calculated the Pearson r correlation coefficients.  
 
Table B-4 Pearson R coefficients for all pairwise predictor comparisons 

Pearson r SurfElev Slope DrainDens Precip PET Delta T 

SurfElev  -  -  -  -  -  - 

Slope 0.51  -  -  -  -  - 

DrainDens 0.16 0.31  -  -  -  - 

Precip -0.18 0.13 0.3  -  -  - 

PET -0.14 -0.04 -0.31 0.02  -  - 

Delta T 0.31 0.01 -0.22 -0.35 0.49  - 
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Figure B-2 Predictor parameter correlations and best fit trend lines for continuous predictor variables. 
Diagonal graphs show kernel density distributions of these parameters. Corresponding pearson R coefficients 
are given in table B-4. 
 
 
Based on the results in table B-2 that 𝜂 is generally higher for continuous data compared to 
discrete data. This can be explained by the fact that histograms for continuous data are 
approximate the kernel distribution function for large numbers of bins. For discrete data the 
number of bins is predetermined, and the kernel distribution function is generally more 
different from the histogram for discrete data. 
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Figure B-3 Combined water table depth map of Australia using Fan et al data and predicted water table depth by random 
forests 

 
Figure B-4 Feature importance from the Australia random forest model 
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Figure B-5 Combined water table depth map of Brazil using Fan et al data and predicted water table depth by random 
forests 

 

 
Figure B-6 Feature importance from the Brazil random forest model 
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Figure B-7 Combined water table depth map of France using Fan et al data and predicted water table depth by random 
forests 

 

 
Figure B-8 Feature importance from the France random forest model 
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Figure B-9 Combined water table depth map of California using Fan et al data and predicted water table depth by random 
forests 
 

 
 
Figure B-10 Feature importance from the California random forest model 
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Figure B-11 Combined water table depth map of Colorado using Fan et al data and predicted water table depth by random 
forests 
 

 
Figure B-12 Feature importance from the Colorado random forest model 
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Figure B-13 Combined water table depth map of Australia using Fan et al data and predicted water table depth by  
random forests 

 

 
Figure B-14 Feature importance from the USA random forest model 
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Figure B-15 Combined water table depth map of the Global model using Fan et al data and predicted water table depth 
by random forests 

 

 
Figure B-16 Feature importance from the Global Random Forest model 
 

 

 

 

 


