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Detailed knowledge of the uppermost water table representig the shallow groundwater
OPEN ACCESS  system is critical in order to address societal challengeshat relate to the mitigation
e b and adaptation to climate change and enhancing climate rebéence in general. Machine
Yoram Ru;'n, learning (ML) allows for high resolution modeling of the wait table depth beyond the
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capabilities of conventional numerical physically-basekydrological models with respect
to spatial resolution and overall accuracy. For thisin-situ well and proxy observations
are used as training data in combination with high resolutiocovariates. The objective of
this study is to model the depth of the uppermost water table dr a typical summer and
winter condition at 10 m spatial resolution over entire Denark (43,000 kn?). CatBoost,

a state of the art implementation of gradient boosting decien trees, is employed
in this study to model the water table depth and the associatd uncertainties. The
groundwater domain has not been the most prominent eld of aplications of recent
hydrological ML advances due to the lack of big data. This stdy brings forward a novel
knowledge-guided ML framework to overcome this limitatiorby integrating simulation
results from a physically-based groundwater ow model. Thesimulation data are utilized
to (1) identify wells that represent the uppermost water tab, (2) augment missing
training data by accounting for simulated water level seaswlity, and (3) expand the
list of covariates. The curated training dataset containsraund 13,000 wells, 19,000

groundwater proxy observations at lakes, streams and coasine as well as 15 covariates.
Cross validation attests that the ML model generalizes wellith a mean absolute error
of around 115cm considering solely well observations and a ME of <50cm taking

also the proxy observations into consideration. Quantileegression is applied to estimate
con dence intervals and the estimated uncertainty is largst for moraine clay soils that
are characterized with a distinct geological heterogeneijt This study highlights a novel
research avenue of knowledge-guided ML for the groundwatedomain by ef ciently

supporting a ML model with a physically-based hydrologicainodel to predict the depth

of the water table at unprecedented spatial detail and accuacy.
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INTRODUCTION advantages of both modeling perceptions, knowledge-guided ML
forms a promising new research avent&faee et al., 2019; Kraft
A key state variable of the hydrological cycle is the depth oft al., 202)) Knowledge-guided ML has the aim to integrate
the uppermost water table, i.e., shallow groundwater, with @hysical consistency into ML improve model performance
broad range of crucial societal, and environmental impl@as  and robustness. There exist multiple approaches to design
such as securing infrastructure, food production and sust@  knowledge-guided ML models as outlined Byad et al. (2019)
ecosystems{leeson et al., 20).6Following the global analysis Reichstein et al. (201%onapala et al. (202pand others, which
of water table patterns biyan et al. (2013)up to one-third of  are also referred to as physics- or process-guided. A clear=form
the land area is in uenced by shallow groundwater, beingeit e nition of these modeling approaches is still lacking, butythe
directly groundwater-fed or having the water table or capifl generally aim at integrating aspects of scienti ¢ knowledde a
fringe within plant rooting depths. More concretely, the sball ML model.
groundwater system plays a key role in building mitigation  This study aims at modeling the depth of the uppermost
and adaptation measures to address climate change, as ter table at 10 m spatial resolution over entire Denmark for
uppermost water table controls greenhouse gas emissions fromtypical summer and winter condition by implementing a
wetlands {iemeyer et al., 2016, 202and as rising groundwater knowledge-guided ML model. The physically-based information
exacerbates ooding and falling groundwater intensi esdghts  are obtained from the Danish national water resources model
(Taylor et al., 2013 Floods can either be directly induced thatintegrates groundwater and surface water processes¢rg
or intensi ed by the shallow groundwater system which haset a|., 2013; Stisen et al., 2)1%he physically-based model is
a special relevance for urban areasatDonald et al., 2012; ysed three-fold, (1) to derive threshold depths to selectsii#t
Bricker et al., 201)7 In an agronomical context, the shallow re ect the shallow groundwater, (2) to augment training datt
groundwater system is vital to meet crop water requirementgyells with incomplete pairs of summer-winter observationsj a
in many agricultural settings while having adverse conseges  (3) to inform the ML model with the typical summer and winter
for crop yield when the water table is too close to the surfacgater table depth using simulation results at 100 m resofutio
(Kahlown et al., 2005; Zipper et al., 2)1Moreover, the Decision tree based ML models are popular tools for
uppermost water table constitutes a link between subsurfade a geospatial modeling of environmental variablésegl et al.,
the land-surface by a ecting the energy balance and nediaser 2018: Tyralis et al., 201pbIn this context a target variable,
climatic conditions (arsen et al., 2016; Maxwell and Condon,available as point data, is used in conjunction with maps of
2019. explanatory variables to curate a training dataset. Relstiqrs
The above mentioned relevancy of the shallow groundwatefetween the target variable and the explanatory variables ar
system requires versatile modeling systems to meet thtablishedsia the decision trees which, once trained, can be
demands of decision makers with respect to accuracy angeneralized to make predictions of the target variable at all
spatial resolution. Accuracy and spatial resolution can bgrids. This framework has been successfully applied across the
considered main bottlenecks in the advancement of phygicall geosciences to model water chemistry indicatdesspriero et al.,
based numerical hydrological models. Increasing the spati@015; Erickson et al., 20p%oil properties {lgller et al., 2017;
resolution does not necessarily go along with an improvemeritiengl et al., 202] subsurface redox condition<[ose et al.,
of the model accuracy, as established process descriptiahs af016; Koch et al., 201pawater table depthEechtold et al.,
parametrizations are not always scalalile\(en and Cloke, 2012; 2014; Koch et al., 201pkand other variables. In such modeling
Clark et al., 201)7 At the same time, increasing the number of frameworks, uncertainty can be quanti edia quantile regression
computational units results in a computational burden limigi  (Lopez Lopez et al., 2014; Tyralis et al., 2).1Geadient boosting
the possibility to conduct thorough parameter calibrationdan is among the state of the art techniques to build decision tree
sensitivity analysis. Due to the stringent parametrizateomd  models and, for this study we have employed the CatBoost
rigid model structure, conventional hydrological modelsicat  implementation of gradient boosting decision treéso(ogush
fully harness the wealth of readily available environmebtg et al., 2018; Prokhorenkova et al., 2DNumerous studies apply
data. Nevertheless, physically-based models integratedelecaML to model the temporal water table dynamics by using various
of hydrological knowledge and are indispensable for integta ML techniques un et al., 2016; Guzman et al., 2017; Wunsch
assessments of the hydrological cycle and simulating hydical et al., 202). These studies highlight successful applications, but
response under non-stationarity, i.e., climate change.udned  are always limited to time series modeling, at a few selesitesl.
by Shen (2018)Reichstein et al. (2019;|nd Nearing et al. Despite these e orts, the spatial dimension is often negleated i
(2020) machine learning (ML) is gaining increasing attentionthe published studies:ienen et al. (2013Bechtold et al. (2014)
in the hydrological science to overcome some of the previouslgnd Koch et al. (2019bare among the few studies that model
mentioned constraints of conventional physically-basedigls.  the spatial variability of water table depth using ML. Knowledge-
ML has the advantage of being data exible with respectuided ML applications in the groundwater domain are for
to optimally utilizing the wealth of environmental big data example the physics informed neural networks model developed
while providing accurate predictions at low computationalby Guo et al. (2020that allows to solve partial di erential
costs. However, ML lacks process descriptions which commonbguations with less calculational time.
restricts trained ML models to deliver predictions within ~ The three main objectives of the paper are as follows: (1) to
observed ranges of the training dataset. In order to redencitrain a ML model to predict the uppermost water table depth
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FIGURE 1 | The left panel depicts the soil types of Denmark classi ed it nine dominant classes (enriksen et al., 2020. The right panel depicts a digital elevation
map of Denmark. The Island Bornholm, located in the Eastern Biéc sea (see overview map), is added as an independent mapyar to both panels.

at 10 m spatial resolution over entire Denmark, (2) to quantif to present average conditions was estimated<lmymose et al.
uncertainty using quantile regression, and (3) to formalaze (2013)for an urban catchment.
knowledge-guided ML framework that builds upon a physically-
based hydrological model. Data
In order to make seasonal estimates (typical winter and typica
summer) of the shallow water table at high resolution, amiahi

MATERIALS AND METHODS comprehensive data processing has been conducted to curate
a high-quality dataset containing water level observatia
Study Area shallow wells, additional groundwater observations as agll

This study is carried out for the entire land phase of Denmarknational maps of explanatory variables.
located in Northern Europe and covering an area of around
43,000 km (Figure 1). Denmark is generally at with a Physically-Based Model
maximum elevation of 170 m.a.s.l. and agriculture is thermai The national water resources model of Denmark (DK-model),
land cover with around 70%. The landscape of Denmark washich has previously been re ned from the original 500 m
formed by a sequence of Pleistocene glaciations and pastglagesolution to an updated 100 m resolution, was employed in
processes. The soils of eastern Denmark are dominated llyis study Hgjberg et al., 2013; Stisen et al., 2019; Henriksen
Weichselian moraine sediments with a moderate clay contentt al., 202)) The core of the DK-model is an integrated surface-
whereas western Denmark is characterized by older morainmubsurface hydrological model (MIKE SHE model code) that is
sediments originating from the Saalian age intertwineddydy  calibrated against stream ow and groundwater observatidhie
Weichselian outwash plains. utilized simulation results of the depth of the uppermost water
In Denmark, the groundwater system is under pressure akable at daily time step from a 30 year simulation period (3990
a consequence of climate change and abstractions, reviegled2019) and processed the data to the maps depictddgare 2
quantitative modeling assessments conductedbyriksen etal. The summer condition re ects a median across 30 summers) eac
(2008)and Karlsson et al. (2016More speci cally, a shallow summer de ned as the median of the months June, July, and
water table rise of up to 1.5m for a 100-year event relativdugust. Analogous, the winter condition is based on the raadi
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FIGURE 2 | Simulation results for the depth of the uppermost water talg from a national physically-based model (PBM) at 100 m spati resolution: The left panel
shows the simulated median summer condition (JJA). The ceat panel shows the simulated median winter condition (DJFJ.he right panel depicts the median
seasonality, calculated as summer minus winter.

of 30 winters, where each winter is de ned as the median of thelay layer to several tens of meters for the sandy outwashslai
months December, January, and February of the same wintém order to nd suitable threshold depths, that classify a wall a
season. The third processed variable is the simulated medideing either shallow or not, we combined the national soilpma
seasonality, which is based on the median across 30 annu&igure 1) and the simulated uppermost water tabEdure 2).
seasonalities. For each year, the seasonality has beetatadc For this analysis, the midpoint intake depth of each well was used,
as median summer condition minus median winter condition.which is relative to the top and the bottom of the intake. The
The simulated summer condition has a mean water table deptB5th percentile of the simulated water table depth was catledila

of 3.5m whereas the simulated winter condition has a mean dbr each soil type which guided the de nition of the presented
2.6 m, with a standard deviation of 5.8 and 4.8 m, respectivelhreshold depths applied to the midpoint intake depths of the
In terms of the spatial pattern, the simulated water table depthvells (Table 1). Wells were only selected if the intake depth was
shows overall resemblance between the summer and the wintewer than the soil type dependent threshold depth. A spatially
condition. Deepest groundwater levels are found in the Weste soil type distributed threshold depth, guided by a physically-
part of Denmark alongside high elevation and for sandy soilshased model, has the advantage to re ect the natural conitio
The moraine clay soils are characterized with a dominaniieiva best possibly. Alternative, a constant threshold depth of &Qy.,
water table, especially during the winter months. The sirada m would result in the selection of wells that do not re ect the
median seasonality has a mean of 85cm. The spatial pattern gppermost water table in clayey settings where a well may be
the simulated seasonality re ects a complex interplay ofagpl placed in a sand unit below a 6 m sur cial clay layer containing
and topography. The amplitude is generally low in topographicalhe uppermost water table.

sinks and high for areas with an elevated topography. A majorit  After applying the soil types dependent threshold depths,
of the moraine clay soils possess an amplitude larger than 1 reymmer, and winter depths to the uppermost groundwater
which is caused by a winter water table at the surface dueere calculated at each well. For this task, summer refers to
to slow in ltration in combination with a drying out in the observations from the months June, July, and August (JJA)

summer months. whereas winter refers to the months December, January, and
February (DJF). Inter-annual variation was not considered
Groundwater Observations during this processing step and in case a well contained

The open-access Danish well database (Jupiter) contains éirougeveral summer or winter observations a median was caélilat
100,000 wells with at least a single water table observatite  This resulted in 13,047 well, as shown Figure 3, of which
selected 30-year period between 1990 and 2019. Based on 1hg78 wells had both a summer and a winter observation,
national well dataset, we rst identi ed the wells that regemt 5,651 only a winter observation and 6,018 only a summer
the shallow groundwater system, i.e., characterize the mppstr  observation. For the wells that were missing either a winter
water table. Given the geological complexity of Denmarlg tlain  or a summer observation the simulated median seasonality
vary from just a few meters for locations with a thick sur tia (Figure 2) was used to augment the missing season, i.e., winter
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TABLE 1 | Threshold depths that de ne a shallow well with respect to sditypes GBDT attempts to correct itself by adding a decision tree trdine
(Figure 1). against the residuals of the ensemble sum of its predecessors
for a pre-de ned number of iterations. Small incrementalpe

Soil Type Max depth (m.b.g.l.) . - . .

are taken to correct the residuals, which is controligd the
Sand 15 learning rate. The learning rate is a key hyper parameter of
Moraine Sand 20 GBDT that is multiplied with the predicted residuals of each
Peat 3 decision tree. In order to further alleviate over ttingpsthasticity
Chalk 20 is added to the training processa subsampling of the training
Unclassi ed 3 dataset each time a new tree is built. Also, CatBoost allows
Moraine Clay 3 for early stopping of the training process once the objective
Sand and Gravel 10 function for a test dataset stagnates for a de ned number of
Marine Sand 3 iterations. The individual decision trees are constrainedaby
Silt 3 number of hyper parameters, such as tree depth or the minimum

number observations per split. CatBoost is speci cally design
Values of max depth were derived from the 95th percentile of the simulatedater table to work well with categorical variables and a preprocessing of
depths for each of the given soil types and were applied to the midpoint intakdepths of . . . .
the wells. categorical variables by means of di erent encoding methods
is not necessary. Also, CatBoost is favorable over similar ML
algorithms, such as Random Forests, Support Vector Machines,
D summer—seasonality, and vice versa. Further, the training’ Other GBDT implementations (e.g., XGboost or LightGBM),
dataset was extended by additional observations thattpexy ~ With respect to computational time and memory usage, while
observations for sur cial groundwater levels with a deptizefo. ~ achieving a competitive accuradyl(ang et al., 2019; Hancock
In total, 19,074 groundwater connected lakes with an aexgnt ~ 21d Khoshgoftaar, 2030Given the size of the training dataset
of at least 100 fwere used for this purpose. Additionally, 1,000(34,061 grids and 15 variables) and the prediction datas3 (4
points, randomly placed along each, the stream network an@illion grids and 15 variables) the memory e ciency and the
along the coastline, were added to better represent theserund®verall computational time were crucial parameters for the

sampled settings where the water table is expected to be at thglection of the ML algorithm. The covariate importance of a
surface year-round. This resulted in a total number of 34,06 {rained CatBoost model can be revealed through analysiseof t

groundwater observations spread across Denmark, yielding € SPlits to calculate how much the prediction changes on
density of around 0.8 observations per knBased on the well average if the feature value changes.
data only, the average summer depth is 3.6 and 3.1 m for the FOr the purpose of simulating the depth of the uppermost

winter season with a standard deviation of 2.8 m for both. water table using CatBoost we employ two di erent objective
functions. First, the mean absolute error (MAE) is used tortrai
Explanatory Variables the best estimate of the winter and summer condition. One elod

In Table 2 an overview of the covariates used to model thds trained for each season. The MAE is expressed as follows:
depth of the uppermost water table is presented. In total, 15 0

covariates were assembled as input to the ML model. This list MAE D b1 S'M obg (1)
comprises information on soil texture, geology, topography-

based characteristics, w_ater Igody proan_lty, land coved 8\yhere sim is the simulated groundwater depth anabs the
outputs from a hydrological simulation with the DK-model.

The native spatial resolution of the covariates varied, Hut aobserved for a total af training data. Besides simulating the best

covariates were resampled to 10 m to be in agreement with thestlmate, we are also interested in quantifying the undetyta

. : . 6f the model. For this, we utilized quantile regression to ke
de ned output resolution. For the resampling we used a bilinea _, . . . . - . .
. . ) . objective functions targeting speci ¢ quantiles of the distition.
interpolation method for the continuous variables. The wate " . I . . .
S - . This yields a probabilistic model that is not trained to esie
body proximity was expressed as both the vertical and horedont

distance to the nearest water body, which contained rivekes, the Qonqmo_nal mea-ln, butto estimate a de ned quantilef the
: distribution instead:
and the coastline.

P, , ,
ip1 @ 1 obs sim obs sim
n

Gradient Boosting Decision Trees QuantileD
We applied a new implementation of the gradient boosting

decision tree (GBDT) algorithm, i.e., Cat Boost that wag rs Settingq to 0.5 yields the same result as the MAE, but setting
developed by Yandex engineers in 20D0iogush et al., 2018; q to other values will give asymmetric weights to the residual
Prokhorenkova et al., 20L.85BDT, rstintroduced byFriedman  depending ong and the overall sign of the error. Settimgto
(2001) is a popular ML method that is increasingly being applied0.1 will estimate the 10th percentile, by associating a weifjht o
across the geosciences for both, classi cation, and rsigmes 0.9 to over predictions and a weight of 0.1 to under predictions.
tasks fFan et al., 2018; Georganos et al., 2018; Mgller et alhereby the 10th percentile can be approximated, meaning that
2019. GBDT builds a prediction model based on an ensemble ahe model will be trained to over predict 90% of the times.
weak learners, i.e., decision trees. In an additive trgprocess, With the uncertainty analysis we intend to estimate the 68 and

@)
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FIGURE 3 | Training dataset containing wells (left panel) and additial observations (right panel). The dataset contains 13,@shallow wells with both a winter and a
summer observation. The additional observations compris&9,074 groundwater connected lakes, 1,000 stream points andl 1,000 coastal points. All additional
observations were de ned with zero depth of the uppermost waér table.

95% con dence intervals which can be achieved by training fo randomized search algorithm, varied just 4 cm. A common hyper
models, each model targeting a single quantile (e.g., 0.t6 aparameter set that was among the top 2% for both, summer,
0.84 for the 68% con dence interval). The four models have t@nd winter model, was selected for further modelifigligle 3.

be trained individually for both, summer, and winter condit. = We found that the performance did not deteriorate for the
We used CPU on a Windows machine (4 2.2 GHz Intel Xeortest data (25%).

processors with 56 cores in total, 256 GB RAM) for training Table 4shows results obtained from a 4-fold cross validation

and prediction. test for the summer and winter models. For this, four CatBoost
regression models were trained using 75% of the data for trgini

RESULTS and 25% of the data was held back for validation. Overall,
little variation was found across the cross validation msede

High Resolution Groundwater Model which indicates an overall robustness. The MAE, averagedacro

CatBoost regression was used to simulate the depth of thée four cross validation test, is 47 cm for both, summer, and
uppermost water table for a typical winter and summer conditionwinter model. This calculation is based on the entire tragin
at 10m resolution over entire Denmark. Hyper parameterdataset. Only considering well data yields an average MAE of
were rst manually calibrated and afterwards automatigatie-  around 1.15m. The increase in MAE is due to the fact that
tuned using a randomized search approadhble 3 contains the additional observations, all with a depth of zero, are well
the nine hyper parameters included in the randomized searcltaptured by the model and generally yield lower residualse®as
a short description, and the tested values. The randomizeaghy on the coe cient of determination over half of the variance
parameter search was conducted for the summer and the wintén the well data is accounted for by the models and over 70%
model using a 3-fold cross validation approach using 75% abf the variance of the entire training dataset. The 19,06@da
the data. The 3-fold cross validation is the default of Cat8e are represented with a MAE of below 5cm, whereas additional
randomized hyper parameter search algorithm. The MAE, baseabservations along the stream network and coastline possess
on the 2,500 hyper parameter combination derived from theMAE of around 10 cm.
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TABLE 2 | Overview of the explanatory variables used to model the uppenost water table.

Variable Abbreviation Description Source
Clay content 0-30cm ClayA
Clay content 30-60 cm ClayB Clay content in percentage for far soil layers at o
. Adhikari et al., 2013
Clay content 60-100cm ClayC 30m resolution
Clay content 100-200 cm ClayD
Thickness of top clay ClayThick Thickness of the uppermostlay layer at 100 m DK-model
resolution
Landscape typology* LType Geomorphological classi cationn 13 classes as polygon Breuning-Madsen and Jensen (1992)
shape le
Land Use* LUse 7 land use classes at 100 m spatial resolution Levin et al. (2012)
Degree of urbanization Urban Percentage of grid cell that isaved at 10 m spatial
resolution
Water Body* WBody Binary water layer containing rivers, lak and coastline
at 10 m spatial resolution
Elevation model DEM Digital elevation model at 10 m spatiaésolution The Danish Agency for Data Supply and
Ef ciency (SDFE)
Terrain slope Slope Rise and fall of the terrain surface in deee at 10m
spatial resolution
Horizontal distance to WBody HDis Horizontal distance to rerest water body at 10 m spatial
resolution
Vertical distance to WBody VDis Vertical distance to nearésvater body at 10 m spatial
resolution
PBM—winter condition PBMw Depth of water table for median witer condition DK-model
simulated by a PBM at 100 m spatial resolution
PBM—summer condition PBMs Depth of water table for median ssnmer condition
simulated by a PBM at 100 m spatial resolution
Categorical variables are indicated with an asterisk.
TABLE 3 | CatBoost hyper parameter used in the randomized search (2@ combinations).
Hyperparameter Description Tested values Optimized value
learning_rate Reduces the gradient step during training 05, 0.075, 0.1, 0.125, 0.15 0.05
Depth Number of levels in the decision trees 8,9, 10, 11, 12,13 13
12_leaf_reg The coef cient of the L2 regularization term ohe loss function 0,2,4,6,8,10,12 4
Subsample Random selection of training data for de ning spi$ 0.5,0.6,0.7,0.8,0.9, 1 1
rsm Random selection of covariates for de ning splits 0.5,0,0.7,0.8,09,1 0.6
random_strength Randomness for selecting the optimal spli 0.5,0.75,1,1.25,15 0.5
min_data_in_leaf Minimum data in each leaf 1,5,9,613,17,21,25 25
bagging_temperature Random weights to training data 0,05,1,15 15

The maximum number of decision trees, i.e., iterations in the gradient booaty, was set to 1,000.

Figure 4 depicts the simulated national maps of the depthcase for the winter condition. Further, the 100 m physically-
of the uppermost water table at 10 m spatial resolution fobased model simulates a homogeneously deep water table in th
summer and winter. The maps o er much detail revealing thesandy areas whereas the ML model results in more heterogeneit
interplay of geology, topography, and waterbody proximity. TheThe disagreements may be explained by the dierences in
overall regional patterns show resemblance with the sinarat  spatial resolution, but also with the vertical discretimatof the
results of the physically-based model at 100 m, which wereomputational layers in the physically-based model. Sandyday
used as covariate in the 10m ML modeBdure 2). However, quickly run dry which results in a deep water table and clayey
disagreements between the 100 m physically-based model alagers hold water which yields a very shallow water table.Nh
the 10m ML model are also present. The former simulatebased median seasonality is calculated as the di erenceseatw
a shallower water table in the Eastern part of Demark wheréhe summer and the winter maps. The amplitude is generally
moraine clay is the dominant lithology. This is especiallg th lowest close to streams and lakes and highest in the center of
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TABLE 4 | Results for a 4-fold cross validation (cv) applied on the sumer and winter model.

Performance Summer model Winter model
cvl cv2 cv3 cv4 Mean cvl cv2 cv3 cv4 Mean
All data MAE 0.48 0.48 0.48 0.46 0.47 0.47 0.47 0.47 0.45 0.47
RMSE 1.24 1.21 1.23 1.19 1.22 1.23 1.21 1.21 1.18 1.20
R? 0.75 0.76 0.75 0.77 0.76 0.72 0.72 0.71 0.73 0.72
Only well observations MAE 117 1.18 1.19 1.15 1.17 1.16 1.17 1.18 1.13 1.16
RMSE 1.96 1.92 1.95 191 1.93 1.94 1.92 1.93 1.89 1.92
R? 0.51 0.53 0.51 0.54 0.52 0.51 0.52 0.51 0.53 0.51
Only lakes MAE 0.03 0.04 0.04 0.03 0.04 0.03 0.03 0.03 0.03 0.8
RMSE 0.30 0.27 0.33 0.27 0.29 0.26 0.25 0.28 0.23 0.25
RZ
Only river and coastline MAE 0.13 0.11 0.13 0.12 0.12 0.09 0.8 0.11 0.10 0.10
RMSE 0.31 0.31 0.35 0.32 0.32 0.27 0.22 0.28 0.27 0.26
RZ

Performance is quanti ed by means of a mean absolute error (MAE), root na@ squared error (RMSE) and coef cient of determination @. Results are given for different subset of the
data (all data, only wells, only lakes and only river and coastlipe

Denmark where topography is high and a permeable subsurfaseinter and summer model, which indicates robustness between
is present. Similar to the physically-based simulated amp#itud the two models. Di erences between covariate importance with
the ML derived amplitude has intermediate values around 0.5 mespect to the entire dataset and only well data conveys tleat th
(yellow category) in the Western part of Denmark for the sandyhorizontal distance to the closest water body (HDis) is mostly
outwash plains. Based on both approaches, the amplitude for thelevant to the additional observations, namely lakes,rsive
moraine clay settings is around 1 m (green category) which iand coast, which is expectable as these are characterizea wit
mainly driven by the very shallow water table during winter. distance of zero. The physically-based model (PBM) stands out
Figure 5 presents the same data as showrFigure 4, just as second most important covariate when only considering the
for a zoom section of 15 kn?. Here, the imprint of the stream well-training dataset. This underlines that the physicalised
network as well as the many lakes, become apparent as areasdel can provide the ML model with a meaningful information,
with a very shallow depth of the uppermost water tabl®(G m).  despite the di erences in spatial resolution, since both mabel
The di erence between the drier summer and the wetter wintersame variable.
is clearly notable and the di erence between the two models is
plotted as the seasonality. The largest amplitude is present in
areas with high topography and the lowest amplitude is foundJncertainty Analysis

along the river network and lakes. Quantile regression has been applied in order to estimate the
_ uncertainties associated with the summer and winter models.
Covariate Importance For both models, four quantile models have been trained using

The quanti ed importance of each input feature for the summerthe same hyper parameters as applied previously. The guantile
and winter model is presented ifigure 6for the entire training models were set with D 0.16 and 0.84 for the 68% con dence
dataset and for a subset containing only the well data. Based interval andq D 0.025 and 0.975 for the 95% con dence interval.
trained model, CatBoost calculates the “prediction valiengfe” Results are shown iRigure 7 and were calculated on the basis
to quantify how much on average the prediction changes if thef the same 4-fold cross validation test as presentethble 4
covariate value changes. The average changes that repttesentFigure 7 only contains wells and data are sorted with respect
importance of a given covariate are normalized to add up to 10Qo the simulated groundwater depth and increase alongside an
The vertical distance to the closest water body (VDis) ¢year increasing x-axis. The observations, 13,047 in total, avteul
stands out as the most importance covariate in both models. Ads a density plot and an overall good agreement between model
locations with VDis close to zero, the water table is typjcall and observations can be attested to both, summer, and winter
also close to the surface. However, large VDis values, whidthe blue envelope plots indicate the two con dence intervals
indicate small scale topographical variations often resulai and following the quantile regression de nition, 5% of the
deeper water level, as the shallow groundwater does not follombservations are expected to be outside the light blue envelope
the topography in such settings. The most important categbricg95% con dence) and 32% are expected to be outside the dark
covariate is the landscape type classication (LType) whiclblue envelope (68% con dence). For both, the summer, and
contains 13 landscape classes, such as moraine, marine, plaiwgiter model, the uncertainty increases with depth, whichsget
outwash plains, and others. There is little di erence betweesupported by the large spread of observations for larger depths.
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FIGURE 4 | Simulation results for the depth of the uppermost water tald obtained from the summer and winter model at 10 m spatial reslution, left and center
panel, respectively. The right panel depicts the simulatedmplitude calculated as summer depth minus winter depth.

=

Groundwater depths above 6 m have an uncertainty of around
and 8 m following the 68 and 95% con dence intervals.

Based on the 95% con dence interval, which re ects the
spread of 2 standard deviations around the mean, a
map of the standard deviation at 10m spatial resolution has
been calculated. Overall, the relationship between thedsial
deviation and the water table depth is nearly linear and the
coe cient of determination, expressed as the average stahda
deviation over the average water table depth is 0.58. Thisates
that the uncertainty is roughly half of its water table deptiue.
Figure 8 exempli es the relationship between the simulated
depth of water table and the associated uncertainty (stahda
deviation) for two soil types. In moraine clay soils, the depth
of the uppermost water table is typically in the top few meters,
whereas moraine sand soils are characterized with deeper wat
tables. The coe cient of variation for the two soil types i/8.
for moraine clay and 0.44 for moraine sand which underlirrext t
uncertainty is larger for moraine clay soils as opposed to inera
sand soils. This can be expected given the distinct geologica
heterogeneity in the moraine clay soils.

DISCUSSION

Training Dataset
The winter trainings dataset comprises all DJF water level
observations an_d JJArepresents sgmmer COI’]dIt_IOﬂS. The I"n(:"dlaFlGURE 5 | Same data as presented inFigure 4, but zoomed to an 15 km?
was calculated in the case of multlple observations per well PPLrea located on the island of Fyn. The zoom location is indi¢ed in the
season. This approach introduces uncertainties since itsrule overview map (bottom left).

out inter-annual variability and further, variability witn the
summer and winter seasons is also ignored. This compromise

was accepted in order to obtain a large trainings dataset dhe temporal dimension. The spatial density of wells may be
groundwater observations. Large-scale groundwater detase high, but the temporal resolution of water level observasion
typically very heterogenous, which is especially the case fposes challenges to ML applications. Heterogeneity originates
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couple of meters below surfac&echtold et al., 20)8 could
potentially be employed as a meaningful input to the future
developments of the framework presented in this study. Other
high resolution satellite data on land surface temperature or
shortwave infrared (obtained from e.g., Landsat) could potevi
relevant information to di erentiate moisture conditions iareas
where land use is constant and the water table is close to
the surface.

Temporal Resolution
This study implements a simpli ed temporal dimension of the
groundwater table, by simulating two seasons, namely a typica
winter and summer condition. These temporal snapshots are
of course a prude simpli cation of a variable that is known
o ) - _ to possess a distinct temporal variability. However, previous
FIGURE 6 | Covariate importance quanti ed as prediction change in % . . .
calculated for summer and winter model for two subsets of traing data (all studies that apply ML to model the Spatlal Va”ablllty of the
data and well data only). The covariate abbreviations are plained inTable 2. water table have focused on a single time step;H.ech et al.
(2019b) model an extreme wintertime condition anBienen
et al. (2013)and Bechtold et al. (2014focus on mean annual
conditions. ML applications that focus on time series modeling
from varying frequencies and periods of observations. As aof the water table are typically limited to a few wells with
example, around 66% of the 104,000 wells in Denmark have onpmplete time series of daily or monthly observations spanning
a single observation in the period of 1990-2019. In order tmver several yearsS(n et al., 2016; Guzman et al., 2017;
capitalize on under sampled shallow wells in a big data contextVunsch et al., 2021 Such modeling techniques, which are
this study brings forward a knowledge-guided ML frameworkoften based on deep learning due to its strengths in sequence
that employs the simulated seasonality from a physicallythas modeling, have not yet been rolled out to model the full spatio-
groundwater ow model. With this augmentation strategyeth temporal variability of groundwater dynamics due to geotadi
training dataset could be expanded signi cantly from 1,378&omplexity and data scarcity. Full spatio-temporal modeling
shallow wells with both, summer and winter observations, taschemes would require thorough testing on how a dynamic
13,047 with either gap-lled summer or winter observation.ML model can be transferred from one location to another.
Previously Koch et al. (2019bgmployed a temporal projection This is especially challenging for the groundwater systethas
of any given well observation to a representative extrem&mporal water table variability depends on the geology amrd th
winter condition using a simple sinusoidal model that wasthree-dimensional connectivity of the subsurface, whicbften
tted to numerous hydrogeological units. While this approach poorly described by available data sources at larger scdles. T
was purely observational based it was limited to a few prdimitation favors the knowledge-guided ML approach where a
de ned hydrogeological units whereas the knowledge-gdide physically-based groundwater model is utilized to integratl
framework presented herein made use of a spatially distributesubsurface data in a meaningful way to inform a ML model
groundwater model that provides groundwater amplitudes, i.eon the e ect of subsurface connectivity and geology on water
seasonality, at higher spatial detail. Further, the tragnifataset table dynamics.
was extended by groundwater proxy observations featurkesla
rivers, and coastline where the water table depth is expectddachine Learning Model
to be zero. These information were partly derived from experOverall, the accuracy of the trained ML model, which was
knowledge, which is another important aspect of the concepfjuanti ed by means of a 4-fold cross validation test, wasyver
of knowledge-guided ML, which has special relevance for theatisfying and in the range of what is generally considered
data-scarce groundwater domain. The simulation resultthef very acceptable in groundwater ow modelingié¢nriksen et al.,
physically-based groundwater model were employed to identif2003. This underpins the applicability of gradient boosting
wells that are representative for the shallow groundwatstesy, decision tree models to adequately represent complex, non-
i.e., representing the uppermost water table, by means ofyg@l t linear variables, such as water table depth. The applied negulti
dependent threshold depths. This process step was essentialsfmatial resolution of 10 m provides an insightful screeningl to
train the ML against a homogenized well dataset and omittindor water management purposes, such as the risk assessment of
this would result in a dataset with well observations camitay  groundwater oods on agricultural elds or urban areas, whic
water levels of di erent aquifer systems. are both very relevant for Danish applications. Such ooding
This study utilized a comprehensive set of 15 covariates tis typically very local and driven by small-scale variatiaris
predict water table variability. This selection has beerdedi topography and geology, which emphasizes the need for high-
by a previous Danish study bifoch et al. (2019h)As an resolution predictions to reliably tackle the related chadjes.
additional covariate, satellite-based radar data, wharetshown At the national scale, a spatial resolution of 10m resolution
to be sensitive to shallow water table dynamics within thet r would not be feasible with conventional numerical modeling

Frontiers in Water | www.frontiersin.org 10 September 2021 | Volume 3 | Article 701726



Koch et al. High Resolution Water Table Model

surface water system, i.e., predicting stream otoifapala

et al., 202)) There certainly exists various levels of knowledge-
guide ML strategies and augmenting data with simulation
data maybe considered the initial step. More advanced setups
may incorporate rst principles or partial di erential equatien
that eventually alleviate data scarcity constraints andeiase
interpretability of ML models.

We envision that the developed water table map can
support the planning of climate resilient infrastructure
design, with special focus on ooding or the planning of
rewetting of lowlands to reduce greenhouse gas emissions
from drained peatland soils. In contrast to conventional PBMs,
the ML proposed herein cannot be used to run modeling
scenarios (e.g., climate change or water management), but
our results can be used as a national scale screening tool
to identify areas where a PBM can subsequently be applied
to test relevant scenarios at high spatial resolution. The
ML based results reect the current climate conditions
and if the impact of climate change of the uppermost
water table requires investigation, a PBM should be
applied instead.

FIGURE 7 | Results of the 4-fold cross validation test for summer modeftop) i i
and winter model (bottom). The simulated data are sorted, ahthe U ncertalnty Ana'yS|S
observations are plotted as point density. Only well obseations are shown in The quantile regression technique was used to estimate
the plot. Uncertainty bands are included for two con dence itervals. uncertainty bounds. Uncertainty was quanti ed corresponglin

to the 68 and 95% con dence intervals of the simulated water

table depth. We found that uncertainty generally increasils w
tools, which promotes the versatile applicability of ML fordepth and that the average coe cient of variation is 0.58,
the groundwater domain. We believe that the input to theindicating that the standard deviation is more than half of
trained ML model supports the applicability of the modelsthe water table depth, but depends on the geological setting
at 10m resolution. The covariate importance attested highvith higher uncertainty for the complex moraine clay soils.
importance to the topography related covariates, which hav®ne known drawback of quantile regression is that it regsire
a native resolution of 40cm and thereby supports the 10 nindividual training of each selected quantile, which casulein
resolution of the ML model. This may only holds for the an invalid distribution, meaning that the estimated qudesi are
uppermost water table. The given covariates will likely nonhot monotonically increasinggondell et al., 200)0This problem
support a 10m ML model of deeper aquifers, that are lesis often referred to as “crossing quantiles” and di erentdégies
topography controlled. to overcome this limitation were proposed hypez Lopez et al.

Results from a physically-based groundwater model werg014) Typically, crossing qualtiles occur more frequently close
incorporated in the ML model as explanatory variable and itto the median. For the estiamted water level quantiles irs thi
was shown that the importance of the 100 m groundwater modedtudy we found that by selecting the 95% con dence intervals
was the second highest with respect to the well observationg D 0.025 and 0.975) crossing quantiles were not occured,
This is satisfying as it issues consistency between the twehereas this was partly the case for the 6§% (0.16 and 0.84)
modeling approaches and underpins that the physically-basetbn dence intervals.
model can guide the ML model. It has to be noted that Following the discussion provided byaysse and Lagacherie
the wells used for training the ML model were also used2017) quantile regression addresses where a prediction point
to calibrate the groundwater model. However, we believés located in the covariate space and how well it is constrained
that reusing of data does not have any implications andy the available observations. In this way, quantile regjoas
in the end, a resemblance between the groundwater modehn properly discriminate water level conditions of contemst
and the ML model is also desirable. The most importaniphysical complexities, of which some are better represented by
explanatory variable is the vertical distance to the neareshe training dataset than others. For the shallow groundwat
waterbody, which indicates that the shallow groundwatetesyn  system, uncertainties could originate from the actual water
is decoupled from small scale topographical variability. Théevel observations in the wells, the augmentation strategy
applied knowledge-guided ML framework is novel for theusing a physically-based groundwater model to gap- Il migsin
groundwater domain and may be applicable to other regionsummer or winter observations, or the fact that the training
where results from a physically-based groundwater model amataset is processed for a 30-year period and inter-annual
available. Adding simulation results from hydrological dets variability has been ignored. In contrast, a physically-dase
into ML models has also been successfully applied for thgroundwater model allows more transparency, as erroneous
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observations was around 115 and 50cm taking also the
groundwater proxy observations (lakes, rivers, and coastlin
into consideration.

A physically-based groundwater ow model was successfully
incorporated into the model building to (1) select wells that
are representative for the shallow groundwater system, (2)
augment training data by accounting for simulated wateelev
seasonality, and (3) extend the list of explanatory var@ble
This forms a novel application of knowledge guided ML for
the shallow groundwater domain.

The water table depth was simulated for two temporal
shapshots (typical summer and winter). Future ML research
in the groundwater domain must focus on modeling the full
spatio-temporal variability of water table depth.
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