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Abstract 19 

 20 

The use of machine learning techniques in tackling hydrological problems has significantly 21 

increased over the last decade. Machine learning tools (a branch of artificial intelligence) provide 22 

quick alternatives to complex and comprehensive methodologies such as numerical models. In 23 

this study we demonstrate the potential of Artificial Neural Networks (ANNs), a machine learning 24 

tool, as an alternative methodology for estimating the partitioning of water source to abstraction 25 

wells to conventional methods (analytical solutions and numerical models). We constructed seven 26 

databases relating hydrologically meaningful (input or predictor) parameters (e.g., well-stream 27 

distance and hydraulic diffusivity) to several possible sources of water available to an operating 28 

abstraction well (e.g., shallow and deep storage release, and local surface-water depletion) by 29 

simulating 25 years of continuous abstraction. The databases are built from three previously 30 

constructed numerical groundwater models (one database for every individual model and four 31 

combined databases).  32 

 We found that the optimized ANNs have a predictive skill of up to 0.84 (R2, 2σ = ± 0.03) 33 

when predicting water sources compared to physics based numerical (MODFLOW) models. 34 



Optimal ANN skill was obtained when using between five and seven predictor parameters, with 35 

hydraulic diffusivity and mean aquifer thickness being the most important predictor parameters. 36 

These results show both the promise and limitation of ANNs to be used as an alternative to 37 

complex numerical groundwater models in predicting the partitioning of source water to 38 

abstraction wells. 39 

 40 
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 42 

Plain language summary 43 

Pumped groundwater is often used for irrigation, drinking water production or industrial purposes. 44 

However, modeling the effects of groundwater withdrawal on the overall surface water system in 45 

the surrounding area is complex. Numerical models are commonly used for this estimation, but 46 

are time consuming to built. Machine learning is a relatively new branch of science (originating 47 

from robotics), which is increasingly used in other fields of science including biology and 48 

hydrology. In this study we used the Artificial Neural Network (ANN) machine learning method to 49 

predict the sources of pumped groundwater; how much originates from water in the subsurface 50 

(storage) and how much is captured from surface water (streams, lakes and/or wetlands). We 51 

have shown that the ANN method is able to calculate these contributions with a similar accuracy 52 

to conventional but time-intensive numerical models.  53 

 54 

1 Introduction 55 

Groundwater is a crucial source of freshwater for human consumption, irrigation, and industrial 56 

purposes (Llamas and Custodio 2002; Siebert et al. 2010; Zektser and Lorne 2004). However, 57 

groundwater abstraction reduces water storage in the aquifer (storage depletion) and captures 58 

water which otherwise would have discharged from the aquifer to surface water features (surface-59 

water depletion) (Barlow and Leake 2012a). Initially, aquifer storage is generally the dominant 60 

source of water abstracted by the well, while surface water depletion tends to become the 61 

dominant source as abstraction time increases (Bouwer and Maddock III 1997; Kendy and 62 

Bredehoeft 2006; Mair and Fares 2010). When groundwater discharge to streams, lakes, and 63 

wetlands decreases to the point where environmental flow needs are not met, this can have 64 

harmful effects on aquatic ecosystems (Dyson, Bergkamp, and Scanlon 2003; Gleeson and 65 

Richter 2017; Poff and Zimmerman 2010). 66 

A variety of methods have been used to estimate groundwater contribution to surface water and 67 



its depletion by wells. Analytical solutions (Glover and Balmer 1954; Hantush 1965; Hunt 1999; 68 

Zipper, Dallemagne, et al. 2018; Zlotnik 2004; Zlotnik, Huang, and Butler Jr 1999; Zlotnik and 69 

Tartakovsky 2008) are often used by hydrologists because they require only a few input 70 

parameters and are simple to use. The disadvantage of these analytical solutions is found in the 71 

very specific and limited geometric and boundary conditions with which they were derived (e.g., 72 

isotropic aquifer of constant thickness with infinite extent, flat surface elevation) although recent 73 

testing suggests they may be more widely applicable than previously assumed when combined 74 

with empirical methods to apportion depletion within a surface-water network (Zipper, Dallemagne, 75 

et al. 2018; Zipper, Gleeson, et al. 2018). Numerical groundwater models such as MODFLOW 76 

(Harbaugh et al. 2000) are also commonly used as a tool for estimating surface water depletion. 77 

Numerical models, unlike analytical solutions, can incorporate complex geometries and boundary 78 

conditions and are therefore more versatile (Barlow and Leake 2012b; Konikow and Leake 2014). 79 

However, numerical models require field measurements to calibrate model parameters and often 80 

require hydrogeological expertise to build, calibrate and use (Doherty 2003; Haitjema, Kelson, 81 

and de Lange 2001; Hill 2000; Khadri and Pande 2016). Many regions, especially remote areas, 82 

lack the time, financial resources, and data to build a numerical model. 83 

Given the limitations of both analytical solutions and numerical methods, statistical approaches 84 

provide a potential path to estimate the source of water to wells in complex hydrogeological 85 

environments where numerical models do not, and are unlikely to, exist (Fienen et al. 2015; 86 

Fienen, Nolan, and Feinstein 2016a). The wide field of machine learning (Goldberg and Holland 87 

1988) has become popular in recent years with a variety of fields adopting different machine 88 

learning methods (and in particular ANNs) into their sciences, including health, ecology and 89 

economy (Lek et al. 1996; Lek and Guégan 1999; Trippi and Turban 1992). Applications within 90 

the field of hydrology include short-term streamflow and rainfall-runoff modeling and forecasting 91 

(Antonopoulos et al., 2016; Dehghani et al., 2014; Moradkhani et al., 2004; Taormina & Chau, 92 

2015; Zealand et al., 1999, Tokar & Johnson, 1999). 93 

An ANN (Figure 1) is a machine learning tool for finding relations in a dataset consisting of input 94 

parameters (predictors) and output parameters (responses) (Grossberg 1988; Schmidhuber 95 

2015). Recent work has demonstrated that ANNs are capable of accurately predicting surface 96 

water depletion (Feinstein et al. 2016a; Fienen, Nolan, and Feinstein 2016a), but so far only under 97 

steady-state conditions. 98 

The goal of this study is to test whether an ANN can predict the transient sources of water to 99 

groundwater abstraction wells in a shallow, unconfined aquifer with similar accuracy compared to 100 



numerical models. We predict three different sources of water: 1) surface-water contributions 101 

(coming from streaks, lakes and wetlands), and the 2) shallow groundwater (top aquifer) and 3) 102 

deep stored groundwater contribution (deeper layers/aquifers). We used a selection of predictor 103 

parameters for the input of our ANN. The predictor parameters are all easily obtainable (field 104 

parameters) with known hydrogeological relationships to the expected amount of surface water 105 

depletion and changes in storage, e.g distance of well to the nearest stream, aquifer properties 106 

and stream density. These predictors are extracted from the three numerical groundwater models 107 

are used to generate input data.  From there, we optimized our predictor parameter selection by 108 

finding the minimum number of required predictors while maintaining high ANN prediction skills. 109 

The predictive skill of the ANN is defined as the coefficient of correlation (R2) between the 110 

predicted value by the ANN and the value from a physics based numerical groundwater model 111 

(MODFLOW). In this study, we looked at the predictive skill at each individual output time (𝑅 ) 112 

and the overall (mean) predictive skill over all output times combined (R2).  113 

 114 

The novelty of this work is shown in three ways: 115 

1. This study is among the first to attempt to predict the transient sources of groundwater 116 

abstraction, instead of under steady state conditions (Fienen et al., 2015) 117 

2. The inclusion of a predictor parameter optimization process for determining the 118 

importance of individual parameters and comparing them to ANNs trained on steady state 119 

data. 120 

3. The final part of this work attempts to use ANNs as a predictor tool for watersheds outside 121 

the training domain (cross-basin comparison) 122 

 123 

If the ANN method for predicting sources of water under transient conditions is successful, this 124 

will give hydrologists an additional method for estimating surface water depletion which is (1) easy 125 

to use and requires limited data and (2) potentially area independent, because the prediction is 126 

only based on simple, geographically independent parameters and could therefore be used in 127 

areas with limited resources and field data. The goal of this paper is not to prove that ANNs area 128 

better performing alternative to numerical groundwater models, but an easier, faster and cheaper 129 

alternative.  Ideally, and as a future goal, these methods could be used to predict the effects of 130 

groundwater abstraction through time and to fill in the gaps of missing data in data records of 131 

observed surface water depletion, as has previously been done for streamflow hydrograph 132 

records (Moradkhani et al. 2004). 133 



2 Methods 134 

2.1 Artificial neural networks: predictors and response variables 135 

ANNs trained on a database of related predictors (input parameters) and responses (output 136 

parameters). The overall structure of an ANN is given in Figure 1. An ANN consists of an input 137 

layer with one node per input parameter, an output layer with one node per response and several 138 

layers of nodes in between, also known as hidden layers. The number of input nodes, output 139 

nodes, the number of hidden layers and the number of nodes per hidden layer are variable and 140 

dependent on the database and the scope of the problem. 141 

 142 

The response variables can be either categorical or regression based determinations, either to a 143 

single response variable or to multiple response variables simultaneously. This last form has been 144 

used in this study to predict the sources of water to wells for five different output times (after 0.5 145 

yr, 1 yr, 5 yrs, 10 yrs and 25 yrs of abstraction, Figure 1). These five points together produce data 146 

points on which the trend can be estimated. 147 

 148 

 149 
FIGURE 1 SCHEMATIC DEPICTION OF THE PROCESS OF USING PREDICTOR PARAMETERS TO PREDICT SOURCES OF WATER TO 150 
WELLS AT DIFFERENT OUTPUT TIMES. FOR EACH SOURCE OF WATER (SHALLOW GROUNDWATER, DEEP GROUNDWATER OR 151 
SURFACE WATER) A DIFFERENT ANN IS USED, BUT EACH OUTPUT NODE PREDICTS A DIFFERENT OUTPUT TIME 152 
SIMULTANEOUSLY. THE INPUT NODES OF THE ANN REPRESENT THE PREDICTORS USED IN THIS STUDY. 153 

 154 

The general trend of abstracted groundwater sources identified by Barlow and Leake (2012) 155 

show that groundwater storage and surface-water capture together contribute to the total 156 

amount of abstracted groundwater. In this study we distinguish a total of three distinct sources 157 

of abstracted groundwater (Figures 1 and 2, table 1) 158 

 159 



(1) Shallow storage (SHALGW): groundwater from storage release in the shallowest part of 160 

the system (<100 ft below ground surface). In the numerical model this is calculated as 161 

the change in storage volume of all the cells in model layer 1 within the local area, that is, 162 

to a depth no greater than 100 ft below land surface. 163 

(2) Deep storage (DEEPGW): groundwater from storage flowing into layer 1 from deeper 164 

model layers, calculated in the model as the change in volumetric flux from layer 2 to layer 165 

1. 166 

(3) Surface water (SURFW): change in volumetric flux between surface water features and 167 

the aquifer, representing water captured from surface water sources. SURFW is the sum 168 

of water coming from streams (streamflow routing cells), lakes and wetlands (drain cells) 169 

 170 

The choice for splitting up the contributions for shallow storage (SHALGW) and deep storage 171 

(DEEPGW) comes from the fact that we simulate groundwater abstraction from an unconfined 172 

shallow aquifer. Ideally and theoretically, these aquifers are not connected to other (deeper) 173 

aquifers, but over long abstraction times this cannot be ruled out.  174 

The predictor parameters used in this study all represent easily obtainable field and model 175 

parameters with some causal relation to the response variables, such as the minimum distance 176 

of the well to the nearest stream, hydraulic diffusivity of the unconfined aquifer, average 177 

recharge rate etc. (Figure 1, Table 1).  178 

TABLE 1 DESCRIPTION OF PREDICTORS AND RESPONSES USED IN THIS STUDY. THE PREDICTORS IN ITALICS AND MARKED BY * ARE 179 
DROPPED AFTER THE ANCOVA ANALYSIS (SECTION 2.3) DUE TO LACK OF STATISTICAL RELEVANCE TO THE RESPONSE PARAMETERS. 180 

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) 

 181 



2.2 Numerical groundwater models 182 

For this study we built a total of seven databases built on numerical model data in cooperation 183 

with the USGS (Feinstein et al. 2018). The groundwater models used in this study were developed 184 

by the USGS and are located around Lake Michigan in the United States (in the states of 185 

Michigan, Illinois and Wisconsin, Figure 2). The models are based on the MODFLOW-NWT code 186 

groundwater models (Niswonger, Panday, and Ibaraki 2011). The models represent the 187 

Kalamazoo watershed (KALA) in Michigan, the Upper Fox River watershed (UPFOX) and the 188 

Manitowoc-Sheboygan (MANI) watershed in Wisconsin, and were originally studied for research 189 

determining groundwater age, but have been adapted for this study to make them suitable for 190 

transient groundwater abstraction simulations. All watersheds represent 8-digit hydrologic unit 191 

code (HUC8) basins. Model development is explained in greater detail in the report by Feinstein 192 

et al. (2018). Here, only the basic model structure and adjustments to the models for this study 193 

are described. 194 

TABLE 2: MODEL STRUCTURE PARAMETERS OF MODFLOW-NWT MODELS AND SPECIFIC YIELD AND STORAGE 195 
COEFFICIENTS USED BASED ON MODEL HYDRAULIC CONDUCTIVITY 196 

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 

 197 



 198 
FIGURE 2 SCHEMATIC REPRESENTATION OF NUMERICAL GROUNDWATER MODELS (MODFLOW) AND LOCAL AREA 199 
APPROACH. THE FIGURE SHOWS THE OUTLINES AND LOCATIONS OF THE UPPER FOX RIVER (UPFOX), MANITOWOC 200 
(MANI) AND THE KALAMAZOO (KALA) WATERSHEDS IN THE UNITED STATES. A ZOOMED-IN VIEW OF THE KALA 201 
NUMERICAL MODEL WITH THE STREAM NETWORK, WETLAND AREAS, SEEDED ABSTRACTION WELLS AND THE 202 
OUTLINE OF ONE LOCAL AREA (RED SQUARE). IN THE BOTTOM RIGHT, A BOX REPRESENTATION OF A LOCAL AREA 203 
WITHIN THE NUMERICAL MODEL IS GIVEN WITH A CROSS SECTION ACROSS THE LOCAL AREA BELOW.  204 

To adapt the models from steady-state to transient groundwater flow, we initially assigned specific 205 

yield (Sy) and storage coefficient (Ss) values based on Domenico & Schwartz (1998) (Table 1) for 206 

all layers in all models. A sensitivity analysis was performed to determine how the water table 207 

would change based on changes in Sy and Ss.  As expected in the absence of other stresses, the 208 

changes were found to be negligible and it was therefore concluded that the models were not 209 

responsive to these values.  210 

 211 

The streams within the basins were represented by Stream-Flow Routing (SFR) package in 212 

MODFLOW (Niswonger and Prudic 2005). Drain cells (DRN) in the model represent lake and 213 

wetland areas. The advantage of the SFR package over the use of the more commonly used 214 

River Package is that the SFR package allows streams to run dry if there is not enough 215 

groundwater discharge in the reach and upgradient to sustain channel flow.  216 

 217 

The models were run twice under transient conditions; one simulation where groundwater 218 

abstraction by a set of seeded (simulated) abstraction wells is simulated and a ‘base run’ where 219 



no groundwater abstraction by seeded wells is simulated. The difference between the two runs is 220 

the effect on the groundwater flow system by the implementation of a single groundwater 221 

abstraction well. Models were run for 1 stress period under transient conditions with stress period 222 

lengths of 1 month, 6 months, 1 year, 5 years, 10 years and 25 years. The results at these output 223 

times are then used to model the overall trend of depletion (storage and surface water) over time 224 

(Figure 1). 225 

We trained our ANNs based on seven distinct databases. Three databases contain only 226 

samples from one single HUC8 basin (KALA, MANI or UPFOX), three databases contain samples 227 

from two HUC8 basins combined (KAMA (KALA-MANI), MAUP (MANI-UPFOX) and KAUP 228 

(KALA-UPFOX). The final database (KAMAUP) contains data from all the HUC8 basins 229 

combined.  230 

 231 

2.3 Local area definition 232 

To build the databases, we simulated the response of surface water, shallow groundwater, 233 

and deep groundwater to hundreds of seeded abstraction wells arranged in a grid around each 234 

domain (Figure 2). To avoid having to run each model hundreds of times, we used the local area 235 

approach to define a grid of abstraction wells which would minimally interfere with each other in 236 

a given simulation (Feinstein et al. 2016b; Fienen, Nolan, and Feinstein 2016b). Each local area 237 

is a square subdomain surrounding a seeded abstraction well which is assumed to be 238 

independent of all other abstraction wells, allowing us to simulate multiple abstraction wells (with 239 

a constant abstraction rate 𝑄  of 25000 ft3/day) in a single simulation (Figure 2). Shifting the 240 

grid of the abstraction wells over the domain changes the location of each synthetic abstraction 241 

well and local area and therefore represents a new sample to populate our database. One 242 

simulation produces between 60 to 100 local areas dependent on the model.  By shifting the grid 243 

of wells 40 times, between 2400 and 4000 samples are obtained for each domain. Predictor 244 

parameters are then calculated for each local area independently based on the model setup.  245 

The methodology of using local areas as independent samples for the ANN relies on the 246 

assumption that the areas are sufficiently distant so abstraction only affects within each local area. 247 

To ensure that the local areas were independent of each other, we conducted a series of 248 

experiments changing the well spacing and abstraction rate to find the optimal local area and 249 

abstraction rate for our simulations (supplementary information). Well spacing is defined as the 250 

number of model cells between seeded wells. Local area size is defined as the number of model 251 

cells on one side of a local area (including the cell with the abstraction well). Local area size is 252 



always smaller than well spacing since this allows for a buffer zone between local areas.  253 

 254 

A mass balance approach (Figure 2, Equation 1) is taken to determine the most efficient seeded 255 

well spacing and local area size. Since two model simulations were run (with and without 256 

abstraction), the difference in fluxes between the simulations is the effect of one additional 257 

abstraction well (with abstraction of 𝑄 ) for the local area. 258 

 259 

𝑆𝐻𝐴𝐿𝐺𝑊 + 𝐷𝐸𝐸𝑃𝐺𝑊 + 𝑆𝑈𝑅𝐹𝑊 = 𝑄                                             (1) 260 

 261 

Local areas where 𝑆𝐻𝐴𝐿𝐺𝑊 + 𝐷𝐸𝐸𝑃𝐺𝑊 + 𝑆𝑈𝑅𝐹𝑊 was not within ± 5% of 𝑄  throughout the 262 

entire simulation (up until 25 years), were removed from databases. If this mass balance threshold 263 

is met, it indicates that sources of water sources outside a seeded well’s local area did not 264 

significantly contribute to the water abstracted by that seeded well, confirming the assumption 265 

that the local areas are independent. The main reason for the mass balance threshold to not be 266 

met was a significant contribution of lateral groundwater flow into the local area. Changes in lateral 267 

flow in/out of the local area were found to be negligible for most local areas when using a well 268 

spacing of 50 cells (25,000 ft) and a local area size of 27 cells (13,500 ft) and therefore this well 269 

spacing and local area size was chosen in this study, which is also equal to the local area size 270 

used in the study by Feinstein (2016). 271 

 272 

2.3 Evaluating predictor relevance using the ANCOVA test 273 

Even though the proposed predictor parameters are causally connected to the response variables 274 

(from a hydrological standpoint), this does not mean that they are suitable for use in an ANN. An 275 

ANN is a purely mathematical and statistical tool, which by itself does not take into account any 276 

physics based relations. Including predictors which have a physics based relation to the response 277 

variable, but lack any statistical relation might cause the ANN to underperform. The same effect 278 

could occur when predictors are used which give either duplicate or contradicting pieces of 279 

information.  280 

 281 

We used the ANCOVA test (ANalysis of COVAriance) which combines properties of ANOVA and 282 

multiple linear regression to ensure that the predictor parameters used in this study 1) are 283 

statistically relevant to the response variables and 2) are unique and independent of other 284 

predictors. In this we can not only estimate the relevance of each individual predictor to each 285 

response variable, but also the relevance of each individual predictor 𝑥  when taking in 286 



combination with another predictor ( f.e. 𝑥 : 𝑥 ). The methodology used in this study is similar to 287 

the one used by Li et al. (2014) and the tests were performed in R (Ihaka and Gentleman 1996). 288 

A P-score smaller than 0.05 implies the predictor parameter is determined to be statistically 289 

relevant the response variable. We performed the ANCOVA test for all response (SHALGW, 290 

DEEPGW and SURFW) at three output times (𝑡  = 0.5 yr, 𝑡  =  5 yrs and 𝑡  = 25 yrs). The 291 

ANCOVA test process is summarized in Figure 3. 292 

 293 
FIGURE 3 FLOW CHART OF ANCOVA PROCESS FOR DETERMINE STATISTICAL RELEVANCE OF PREDICTORS TO THE RESPONSE VARIABLES. THE 294 
ANCOVA PROCESS WAS REPEATED FOR EVERY RESPONSE VARIABLE (SHALGW, DEEPGW AND SURFW) AND FOR ALL DATABASES. 295 

 296 

With this process we were able to eliminate three predictor parameters (LOG_Kh, LOG_Kv and 297 

ELEV_DIFF) from our predictor variables, as the parameters were not found to be statistically 298 

relevant to any response variable during any output time in any database. RECHSUM was found 299 

to be statistically irrelevant to the response variable SURFW, but relevant to the other response 300 

variables (SHALGW and DEEPGW). Therefore, this predictor was retained. The matter of 301 

predictor redundancy is tackled in the predictor optimization process (section 2.6). 302 

2.4 Artificial neural network training and accuracy 303 

Once the databases of the different basins have been built, they can be prepared for training of 304 

the ANN. Since all input parameters have different units and parameter values can differ by 305 

several orders of magnitude, we scaled the input parameters to reduce the learning time for the 306 

ANN by computing the z-score for each predictor variable (equation 2): 307 

 308 

𝑥
( )

=
𝑥( ) − �̅�

𝜎
                                                                             (2) 309 



Where 𝑥( )  is the normalized value (z-score) of sample 𝑖 in the dataset for input feature 𝑥,  �̅� is 310 

the mean value for input feature 𝑥 over all the samples in the dataset and 𝜎  is the standard 311 

deviation of predictor 𝑥 over all samples in the dataset. For computing the z-score of the combined 312 

database (KAMA, MAUP, KAUP and KAMAUP), we combined the data of the individual database 313 

(KALA, MANI and UPFOX) together prior to computing the z-score. 314 

 315 

The databases were split into a training set (90% of all samples) on which the ANN is trained and 316 

a test set (10% of all samples) which are used to make predictions on the trained ANN (and not 317 

used in the training process). The training set is further separated into training data (80%) and 318 

validation data (20%). This process has been summarized as a flow chart in Figure 3. We 319 

performed K-fold cross validation with 𝐾 = 10 to avoid any biased splitting of the database. In 𝐾-320 

fold cross validation the splitting of the database into a training set and test set is repeated 321 

randomly and differently 𝐾 times. Therefore ANNs are also trained 𝐾 times. The overall skill 322 

(section 2.5) of the ANN is determined by the mean skill over all 𝐾 ANNs. The best databases for 323 

ANN training are given with negligible differences in skill between these ANNs. 324 

Finding the optimal ANN structure was done in sequential order. We started with testing suitable 325 

cost functions and activation functions in a small 2-hidden layer ANN with 20 nodes per hidden 326 

layer. We used all seven remaining predictor parameters for our initial simulations. We found that 327 

6 hidden layers of with 100 nodes each were suitable to model the responses for shallow 328 

groundwater (SHALGW) and deep groundwater (DEEPGW). The response variable surface 329 

water (SURFW) was difficult to predict (see Results and Discussion section). The number of 330 

hidden layers, the number of nodes per hidden layer, optimizer (Gulli and Pal 2017), cost functions 331 

and the activation functions were kept constant for all simulations. The number of epochs (the 332 

number of times the entire training date is ‘fed’ to the ANN) and learning rate were the major hyper 333 

parameters used for ANN tuning (depending of the response variable and database used). The 334 

Python library Keras (Gulli and Pal 2017) was used for building the ANN.  335 

 336 

2.5 Predictive skill of the artificial neural network 337 

We used two different metrics for defining ANN skill. Since we predict a trend rather than a single 338 

continuous value (Figure 2), we looked at how the ANN is able to predict at specific output times 339 

(𝑡  through 𝑡 ) or as the trend as a whole. 340 

 341 



We defined the predictive skill of the ANN (also called its accuracy) therefore in two ways. We 342 

used the coefficient of correlation (𝑅 ) between the predicted ANN value for response 𝑖, 𝑦( )  and 343 

the actual value in the database (𝑦( )), which is output from the numerical groundwater models. 344 

We computed the coefficient of correlation at each individual output time (and therefore output 345 

node). Therefore we computed five values of  𝑅 , where 𝑡  is the output time. These five 𝑅   346 

values depict how good the ANN is performing at parts of the trendline.  347 

 348 

The overall ANN skill is given by the mean of all 𝑅 , where 𝑛 is the number of output nodes and 349 

𝐾 = 10 (for using 10-fold cross validation). 350 

𝑅 =
∑ 𝑅

𝑛
                                                                         (3) 351 

In addition to the coefficient of correlation we calculated the mean squared error (MSE) and mean 352 

absolute error (MAE) for the optimal predictor parameter sets to check for bias. These were found 353 

to be comparable to the results using the coefficient of correlation metric.  354 

 355 

2.6 Predictor optimization methodology 356 

One goal in our study was to minimize the number of predictors to test the sensitivity to number 357 

of predictors and to filter out any redundant predictors. We started with a predictor parameter set 358 

with all seven predictor parameters which is assumed to be our base model (table 3). After that 359 

we trained ANNs with six predictor parameters, where in each simulation a different predictor 360 

parameter was omitted. The results (𝑅 ) of these ANNs with six predictor parameters are then 361 

compared to our base model. If the 𝑅  value of the ANN with six predictor does not change 362 

compared to our base model (or even increases), then the predictor omitted from this ANN did 363 

not contribute optimally to the predictive skill. The predictor corresponding to the ANN with the 364 

highest 𝑅  is then excluded. The remaining six parameters are taken over and this process is 365 

repeated for ANNs with 5, 4, 3, and 2 predictor parameters. For the sake of simplicity, ANN 366 

structure (number of hidden layers and nodes) were kept constant throughout the simulation, but 367 

the number of epochs and the learning rate were varied to obtain optimal learning conditions for 368 

the ANNs. 369 
 370 

 371 

 372 



TABLE 3 PREDICTORS USED IN BASE MODEL FOR ANN TRAINING 373 

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

 374 

2.7 Cross-basin comparison 375 

Ultimately, ANNs could be used to produce proxy data for remote regions where field data is 376 

scarce and therefore numerical modeling is not a feasible option. We have simulated this by using 377 

a ‘round-robin’ format of using the combined databases (KAMA, MAUP, KAUP and KAMAUP) as 378 

our trained databases and using testing data from the HUC8 basins not used in training (UPFOX, 379 

KALA, and MANI respectively).  380 

 381 

In addition, we looked at the other possibility if a combined database can also be used when only 382 

testing data from one part of the model domain is used. For this we used all the combined 383 

databases, including KAMAUP and used testing data from all possible sub domains: either KALA, 384 

MANI or UPFOX individually and KAMA, MAUP and KAUP for the KAMAUP database. 385 

 386 

We used our base model as our predictor parameter set. Since predictor range differs from 387 

database to database, we normalized the testing data over the mean and standard deviation of 388 

the database used for training. Therefore, we used an adapted version of equation 2: 389 

 390 

𝑥
( )

=
𝑥

( )
− �̅�

𝜎 ,
                                                                          (5) 391 

Where �̅�  and 𝜎 ,  are the mean and standard deviation of the predictor 𝑥 in the training 392 

database and 𝑥( )  is the normalized value (z-score) of sample 𝑖 in the dataset for input feature 393 

𝑥 from the testing data. This reduces the penalty for having predictor values in the test set which 394 

are outside of the domain of numbers in the training set.  395 

 396 

3 Results and discussion 397 

3.1  Model results 398 

Figure 4 shows the models results for the individual contributions of the three response 399 

parameters per basin and output time. The results show the mean cumulative contribution of the 400 



response parameter over all local areas in the dataset as a percentage of total abstraction rate 401 

( ). 402 

Storage release remains the dominant source of abstracted groundwater throughout the entire 403 

simulation time, while surface water is found to be a minor contributor with up to 11.2% of the 404 

total. Storage release from shallow parts of the aquifer (SHALGW) decreases from ~85% at 405 

shorter abstraction times to ~50% at longer abstraction times. The KALA basin shows the lowest 406 

contribution of SURFW (up to 4.5% after 25 years), while the UPFOX basin shows the highest 407 

contribution of SURFW (up to 11% after 25 years). 408 

The reason for low numbers of surface water contribution (SURFW) are due to the relatively low 409 

streamflow numbers in the numerical models. This could be different when using a different 410 

balance of abstraction rate and local area size. However, we kept the current abstraction rate and 411 

local area size since this allows us to compare the optimal predictor selection to the work by 412 

Fienen et al. (2015), since they used comparable values for abstraction rate and local area size. 413 

 414 

 415 
FIGURE 4 BREAK DOWN OF THE MEAN CUMULATIVE CONTRIBUTION OF ALL THREE RESPONSE PARAMETERS 416 
(SHALGW, DEEPGW AND SURFW) OVER ALL LOCAL AREAS IN THE DATABASES. RESULTS ARE GIVEN FOR ALL 417 
DATABASES AND OUTPUT TIMES. IN CASE THE CONTRIBUTION DOES NOT ADD UP TO 100%, THE AVERAGE 418 
COMBINED CONTRIBUTION WAS LESS THEN THE ABSTRACTION RATE (𝑸𝒘), BUT STILL WITHIN THE THRESHOLD 419 
VALUE OF ± 5%.  420 



3.2           Artificial neural network agreement with numerical models 421 

The overall ANN skill (𝑅 ) for each database and response variable is given in table 4. Maximum  422 

test 𝑅  was found to be 0.82 for SHALGW  and 0.84 for DEEPGW with values up to 0.95 for 423 

correlation at individual time steps (𝑅 , Figure 5). For the response variable SURFW, the ANN 424 

skill was found to be too low to be useful for prediction purposes, with a maximum test 𝑅  of 425 

0.52. This is primarily caused by the low numbers for streamflow, especially at low abstraction 426 

times. Figure 5 shows the results of ANN training on the base model for all databases (KALA, 427 

MANI, UPFOX, KAMA, MAUP, KAUP and KAMAUP) for every output time (𝑅 ) and there it can 428 

be seen that the ANN skill at each response time improves for SURFW as the overall contribution 429 

of SURFW to  increases (up to 𝑅 = 0.70 for the MANI database).  430 

 431 

Optimal ANN skill for both SHALGW and DEEPGW is obtained at the earliest and latest output 432 

times (up to 0.96). Therefore, the ANN performs equally good for both response variables.  433 

 434 

 435 
TABLE 4 ANN SKILL (OF TRAINING SET, VALIDATION SET AND TEST SET) FOR EACH RESPONSE VARIABLE AND EACH DATABASE USING THE 436 
BASE MODEL (TABLE 3) 437 

Database SHALGW   DEEPGW   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 

 438 



 439 
FIGURE 5 ANN SKILL FOR ANNS TRAINED ON THE SEVEN DISTINCT DATABASES. THE ANNS ARE TRAINED ON THE BASE MODEL (WITH SEVEN 440 
PREDICTORS). GRAPHS A THROUGH G SHOW THE ANN SKILLS FOR ANNS TRAINED ON THE A) KALA, B) MANI, C) UPFOX, D) KAMA, E) MAUP, F) KAUP 441 
AND G) KAMAUP DATABASE. THE THREE SCATTERPLOTS SHOW THE CORRELATION OF THE PREDICTED ANN VALUES (𝒚𝒑𝒓𝒆𝒅) AND THE VALUE OF THE 442 
NUMERICAL (MODFLOW) MODEL (𝒚𝒕𝒓𝒖𝒆) ON WHICH THE COEFFICIENT OF CORRELATION IS ESTIMATED. THE THREE SCATTERPLOTS SHOW THE 443 
CORRELATION OF THE THREE RESPONSE VARIABLES (SHALGW (BLUE), DEEPGW (GREEN) AND SURFW (RED)) AT THREE OUTPUT TIMES (𝒕𝟏 = 𝟎. 𝟓 444 
YR, 𝒕𝟑 = 𝟓 YRS AND 𝒕𝟓 = 25 YRS), CORRESPONDING TO THE VERTICAL DOTTED LINES IN GRAPH G) (KAMAUP DATABASE). 445 

 446 

3.3           Predictor parameter optimization 447 

Figure 6 shows the results of the predictor optimization process explained in section 2.6. We 448 

trained ANNs with lower numbers of predictors (up to a minimum number of 2 predictors) to predict 449 

the responses DEEPGW and SHALGW. We did not repeat this process for SURFW in this study, 450 

since we already found insufficient correlation in the base model and it was hypothesized that the 451 

highest ANN skill would be obtained at higher number of predictors. The results show that the 452 

ANN is generally good in predicting the contribution simulated by the physics-based model of 453 

shallow groundwater (SHALGW) and deep groundwater (DEEPGW) for predictor parameter sets 454 

of length 5 through 7, where the maximum ANN skill of 0.84 is obtained. Optimal ANN skill 455 



decreases to a 0.6 – 0.7 range when only 2 predictors are used.   456 

 457 

We found differences and similarities in the predictor optimizing process when different databases 458 

we used for training. The annotations in Figure 6 depict the predictor that was dropped after each 459 

subsequent reduction in the number of predictors used in training the ANN (f.e. in the KALA 460 

model, stream density (STREAM_DENS) was found to be the least important predictor and was 461 

dropped when reducing the number of predictors to 5, etc.). The predictors that were dropped are 462 

minimum distance (MIN_DIST), stream density (STREAM_DENS), wetland density 463 

(WETL_DENS), number of existing wells (N_EXIST) and/or recharge sum (RECHSUM), albeit in 464 

a different order depending on the database used. On the other hand, we found that hydraulic 465 

diffusivity (HDIFF) and mean aquifer thickness (AQ_THICK) were found to be the most important 466 

to obtain high ANN skill. We didn’t find notable differences in predictors for predicting SHALGW 467 

or DEEPGW.  468 

 469 

Predictor parameter sets where HDIFF was omitted produced the least performing ANNs 470 

regardless of database used. The differences in variance (2 standard deviations over 10-fold 471 

cross validation, 2𝜎) between the KALA/KAMAUP and MANI/UPFOX results is contributed to the 472 

differences in size of the databases. MANI and UPFOX are the smallest database and therefore 473 

it is expected to have the largest variance over 10-fold cross validation.   474 

 475 

Fienen et al. (2015) concluded that recharge and transmissivity were not suitable predictors and 476 

found better agreement when those predictors were not included in the predictor set. Under 477 

steady state conditions, this makes sense from a hydrological point of view since recharge is 478 

assumed constant throughout time. In this study we found that the inclusion of transient effects 479 

and other sources of water (primarily storage release) changes the dynamics and increases the 480 

complexity of the problem and that recharge and transmissivity (in the forms of predictors 481 

RECHSUM and HDIFF) are important for ANNs. Under transient conditions predictors themselves 482 

are transient as well, with changes between 5-25%. For example, we calculated surface water 483 

density as the fraction of active streamflow routing cells at the start of the simulation. However, 484 

since abstraction leads to decreases in streamflow, surface water density is expected to decrease 485 

with abstraction time. Other predictors like MIN_DIST and RECHSUM are also variable with time.  486 

It was beyond the scope of this research to test the possibility of including additional predictor 487 

parameters (beyond the predictors in our base model, Table 3). We cannot exclude that using 488 

different predictor parameters could improve ANN skill. In addition, the inclusion of transient 489 



predictor parameters could be used in future studies to improve the ANN model. In this current 490 

study, predictors like MIN_DIST and STREAM_DENS were assumed constant through time. This 491 

is not the case however in watersheds with many ephemeral streams.  492 

 493 

 494 
FIGURE 6 OPTIMAL ANN SKILL (𝑹𝑵𝑵

𝟐 ) FOR ANNS TRAINED ON 2 – 7 PREDICTOR PARAMETERS. ANN SKILL AT 𝑵𝒑𝒓𝒆𝒅 = 𝟕 REPRESENT THE SKILL 495 
OF THE BASE MODEL (TABLE 4 AND FIGURE 5). EVERY INDEPENDENT DATA POINT REPRESENTS A ANN WHERE ONE PREDICTOR IS OMITTED. 496 
THE ANNOTATIONS DEPICT THE PREDICTORS THAT WERE DROPPED AT EACH SUBSEQUENT STEP, SINCE IT WAS THE LEAST CONTRIBUTING OR 497 
REDUNDANT PREDICTOR PARAMETER (AS IS EXPLAINED IN SECTION 2.6). THE COLORS REPRESENT THE RANGE (𝟐𝝈) OVER 10-FOLD CROSS 498 
VALIDATION. 499 

 500 

3.4 Suitability of numerical models for artificial neural network training 501 

In this study we found that the ANN skill depends the suitability of a numerical model used for 502 

building the database. The numerical models used in this study were suitable when predicting the 503 

contribution from storage and therefore are very useful when predicting storage depletion. Since 504 

the numerical models produced very low values for streamflow, this left the majority of local areas 505 

with close to 0% SURFW contribution. The suitability of the numerical becomes clear when the 506 

optimal ANN skill is plotted against the skewness of the response variable at a particular output 507 

time (equation 4):  508 

 509 

𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =  
( )( )

∑                                                              (4)  510 

 511 

Here 𝑛 is the number of samples in the database, 𝑦  is the i’th sample in the dataset, 𝑦 is the 512 

mean value among all samples and 𝜎 is the standard deviation. When we plot the skewness of 513 



the response variables in the databases at every output time and plot them against 𝑅  (from 514 

Figure 5), we obtain the results presented in Figure 7. With increasing abstraction time, the 515 

relative contribution of surface water (SURFW) to the abstracted groundwater is expected to 516 

increase. During low abstraction times (<10 yrs), it is found that for most local areas the 517 

contribution of SURFW to abstracted groundwater is negligible. When the database consists of a 518 

majority of zero values compared to only a few non-zero values, it becomes difficult for an ANN 519 

to train on. We found that the database where the response variable has a skewness in the range 520 

of [~ -2.5, ~ +2.5] can be used for training. When the data becomes more skewed than this 521 

threshold value (as is the case for SURFW) then the “quality” of the database becomes too poor 522 

for an ANN (with our currently used structure) to be trained. ANN skill could still be improved by 523 

changing the overall structure and tuning hyper parameters, but that was not within the scope of 524 

this study.  525 

 526 

 527 
FIGURE 7 CORRELATIONS OF RELATIVE CONTRIBUTION OF RESPONSE VARIABLE TO THE TOTAL ABSTRACTION RATE (𝑸𝒔𝒐𝒖𝒓𝒄𝒆

𝑸𝒘𝒆𝒍𝒍
) AND DATABASE 528 

SKEWNESS AGAINST ANN SKILL (𝑹𝒕𝒊

𝟐 ) . THE THREE COLORS REPRESENT THE THREE RESPONSE VARIABLES (SHALGW (BLUE), DEEPGW (GREEN) 529 
AND SURFW (RED)). 530 

3.5 Using ANNs over conventional methods 531 

The purpose of using an ANN over a conventional numerical groundwater model is that the ANN 532 

uses input parameters which are site specific and easy to obtain, and computations can be 533 

performed rapidly compared to numerical models, allowing for quick testing of many different 534 

scenarios. This study is among the first to estimate the sources of water to wells from groundwater 535 

abstraction under transient conditions. While ANNs have been used to estimate surface water 536 

depletion before (Fienen, Nolan, and Feinstein 2016b), this is among the first studies where we 537 

incorporated an optimization process for estimating redundant predictor parameters. 538 



Arguably the biggest benefit of the use of ANNs over conventional methods (analytical 539 

solutions and numerical models) it is that it only requires a few predictor parameters (given the 540 

ANN is optimized). Analytical solutions similarly only need a few input parameters, but they cannot 541 

be used for estimating aquifer storage release.  542 

This study shows that five to seven predictor parameters are enough to obtain a fast and easy 543 

approximation of storage release from groundwater abstraction with a correlation of ~0.84 544 

compared to a numerical groundwater model. Whether this accuracy is satisfactory as a ‘first-545 

order approach’ or as a substitute for numerical models is still up for debate for hydrologists or 546 

water managers to decide. Since these predictors parameters are easily obtainable from field 547 

measurements or satellite imagery, making predictions using the ANN can be performed faster 548 

and easier than the complex construction of a numerical model. The prediction holds for when 549 

using an ANN trained on a database from a single HUC8 basin (f.e. KALA), but also for database 550 

containing data from multiple basins (KAMAUP). The low variance (2σ = ± 0.03) in correlation 551 

shows that the prediction is robust when the database is large enough.  552 

 553 

As of now, ANNs are not sufficiently trained to predict streamflow depletion, but we 554 

hypothesize that this is mostly contributed to the numerical models used and not to the 555 

methodology. Planned future work includes testing our currently methodology on data from other 556 

numerical groundwater models. 557 

 558 

3.6 Using ANN as a proxy for data from other regions 559 

The results of our cross basin comparison are displayed in Figure 8. We found that ANNs trained 560 

with any combined database were 1) able to accurately predict test data from within its combined 561 

domain and, 2) able to accurately test data coming exclusively from a sub-domain of total domain 562 

of the training data; e.g. an ANN trained on the KAMA database is able to correctly predict KAMA 563 

test data, which is the combined domain of both the KALA and MANI HUC8 basin, but also test 564 

data from only one of the two basins. Performance drops when data from outside the domain of 565 

the training set is used. This is shown in Figure 8a-c. The scatterplots represent the ANN 566 

prediction against MODFLOW data for an ANN trained on the KAMA database, while test data is 567 

used from the a) KALA, b) KAMA and c) KAMAUP database. The individual data points are 568 

marked with the origin (HUC8 basin) of that data point. The three plots show three possible 569 

scenarios:  570 

1.  Subplot b) represents the scenario where test data is used from the entire domain of the 571 

training data.  572 



2. Subplot a) shows the scenario when only test data from a sub domain or selective area of 573 

the total model domain is used (in this case the KALA HUC8 basin). The ANN skill for this 574 

scenario is comparable to scenario 1 (subplot b). 575 

3. Subplot 3) shows the scenario where test data is used from outside the original training 576 

data domain. Test data in this case comes from the KAMAUP database, which a 577 

combination of data from all HUC8 basins. Data from the UPFOX basin is not used in 578 

training. 579 

The results for scenario 3 show that the lower ANN skill is (as expected) mostly due to the 580 

inclusion of UPFOX data. Most of the outliers in the prediction represent data points from the 581 

UPFOX basin on which the ANN has not been trained on. This also explains why the KAMAUP 582 

database shows the overall best performance when using test data from sub-regions of the overall 583 

training domain. Since the KAMAUP database is trained on the full range of predictor parameter 584 

values over all sub-domains, it can predict for all sub-domains. When the predictor values of a 585 

test sample fall far outside the range of the training data, then the ANN falls short in predictive 586 

power. However, this rises the possibility to extending the total database to watersheds outside 587 

the current area and in other climate regions (f.e. the Central Valley in California, High Plains 588 

Aquifer etc.). When we extend these watersheds to our database, we could train an ANN on a 589 

database containing data from several different climate regions and different hydrogeologic 590 

settings. When successful this potentially gives us either 1) a single ANN model capable of making 591 

predictions on storage (and/or streamflow) depletion in watersheds across different climate 592 

regions or 2) a large enough database from cross-basin comparison, given that the watershed 593 

used for testing is within the same climate region or hydrogeologic setting as the overall training 594 

database. 595 

 596 

 597 



 598 
FIGURE 8 HEATMAP SHOWING THE ANN PREDICTION SKILL (𝑹𝑵𝑵

𝟐 ) FOR CROSS-BASIN COMPARISON OVERAGED OVER 10-FOLD 599 
CROSS VALIDATION. THE NAMES ON THE VERTICAL AXIS OF THE HEATMAP SHOW THE DATABASE USED FOR ANN TRAINING. 600 
THE NAMES ON THE HORIZONTAL AXIS SHOW THE DATABASES USED FOR TEST DATA.  SUBPLOTS A), B) AND C) REPRESENT 601 
SCATTER PLOTS FOR AN ANN TRAINED ON THE KAMA DATABASE AND TEST DATA USED FROM THE A) KALA, B) KAMA AND C) 602 
KAMAUP DATABASE. THE SAMPLES ARE MARKED BY DATABASE ORIGIN (KALA: GREEN, MANI: BLUE, UPFOX: RED). 603 

 604 

 605 

 606 

4 Conclusion 607 
 608 

In this study we tested the ability of ANNs to predict sources of water to wells caused by 609 

groundwater abstraction under transient conditions. The results show that the ANN can predict 610 

the different possible sources of abstracted groundwater with a maximum agreement (R2) to the 611 

underlying physics-based model of 0.84 (2σ = ± 0.03), depending on the source (shallow 612 

groundwater, deep groundwater or surface water). ANNs were found to be underperforming when 613 

predicting the contribution of surface water (up to R2 = 0.6). This is contributed to the low values 614 

of streamflow in the numerical models.  615 

ANNs perform better when between 5 and 7 predictors are used and when the size of the 616 

training database increases. We found that hydraulic diffusivity, mean aquifer thickness and 617 

recharge are the most important predictors to include for predicting storage depletion under 618 



transient conditions. This is in contrast to previous studies where ANNs were used to predict 619 

sources of water to wells under steady state conditions.  620 

 We also explored the possibility of ANNs in generating proxy data. The results show that 621 

ANNs are usable for prediction purposes when test data originates from within the model domain 622 

used for training. This includes the hypothetical case where test data from only a sub domain of 623 

the total training domain is used. This result shows that an ANN trained on a combination of basins 624 

is capable to make predictions for all basins and for each individual basin simultaneously. 625 

However, the predictive skill for cross-basin prediction could be much improved when data from 626 

other watersheds (possibly in other climate regions or other hydrogeologic settings) are added to 627 

the database. 628 

Overall this research has shown that the use of ANNs can be beneficial in addressing 629 

hydrological and environmental problems and preferential to the use of conventional methods. 630 

ANNs can be used to predict storage depletion over time using only a few easily obtainable 631 

parameters with comparable results to numerical models. Future work will test whether surface 632 

water depletion can be predicted using the same methodology. 633 
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