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Abstract. Groundwater plays a critical role in regulating the
global hydrological cycle and serves as the most stable fresh-
water resource for human daily water consumption. How-
ever, many global water models, including HOS8, a global wa-
ter model considering human water use activities, downplay
the groundwater component, i.e., the underground aquifer
is often described as a simple lumped model where no lat-
eral groundwater movement or the water table is represented.
Here, we present a global HO8-MODFLOW groundwater
model (HO8-GM), built at a five-arcmin spatial resolution,
aiming to enhance the capability of the original HO8 model in
simulating groundwater flows. We describe the basic model
setups and simulations under steady-state conditions in this
paper. The Local One-At-A-Time (OAT) Sensitivity Tests
are first conducted to select the best-run model simulations
against in-situ observations. At the global scale, all model
runs demonstrate overall good performance of groundwa-
ter head, whereas perform poorly in simulating Water Table
Depth (WTD, groundwater table below land surface), which
is shown to be a common issue in other global groundwa-
ter models. Our analysis also reveals two complementary
global relationships: one between groundwater depth and to-
pographic slope, and another along gradients of human activ-
ity (irrigation and population), together demonstrating how
natural and anthropogenic processes jointly control the spa-
tial distribution of WTD. We further use the model to re-
veal the mechanisms controlling groundwater flow dynam-
ics and present the global cell-to-cell net groundwater lateral
flow map. We found that the magnitude of the net groundwa-
ter lateral flow in some regions is non-negligible to annual

groundwater recharge. This highlights the important role of
the lateral groundwater flow in maintaining the regional wa-
ter budget. The steady-state simulation from this study pro-
vides the necessary initial condition for the transient simu-
lations, which is essentially important to analyze the global
groundwater decline trends and will be presented in another
paper. Although developed in the one-way coupled manner,
the HO8-GM model can provide a powerful tool for large-
scale groundwater studies, which enables direct comparison
with other groundwater models joined the Inter-Sectoral Im-
pact Model Intercomparison Project (ISIMIP), and is essen-
tial to advance the development of the next-generation global
water models.

1 Introduction

Groundwater plays a critical role in the global hydrolog-
ical cycle. The water exchange between aquifers and sur-
face water bodies buffers the sharp seasonal fluctuations
in river channels and lakes, maintaining the resilience of
aquatic landscapes and ecosystems (Huggins et al., 2023;
Jasechko et al., 2021; Otoo et al., 2025; Rohde et al., 2024a,
b; Sacco et al., 2024). Such surface-groundwater exchange
can also contribute to a significant amount of rainfall and
evapotranspiration variability in arid and semi-arid regions
(Bierkens and Van Den Hurk, 2007; Condon and Maxwell,
2019; Schaller and Fan, 2009), therefore mitigating the sever-
ity of droughts and heatwaves through land—atmosphere in-
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teractions (Keune et al., 2016; Kollet and Maxwell, 2008;
Maxwell et al., 2007; Mu et al., 2022).

Groundwater serves as a natural freshwater reservoir to
supply human water use activities. Due to its large storage
capacity and slow flow rate, groundwater contributes as the
major and the most stable freshwater source to human water
use in households, agriculture, and industry (Gleeson et al.,
2012; Kuang et al., 2024; Medici et al., 2024; Mukate et al.,
2020; Scanlon et al., 2023; Wada et al., 2014). On a global
average, more than 90 % of freshwater availability excluding
glaciers is contributed by groundwater storage (Margat and
Gun, 2013). In extremely arid regions where no surface water
is available, or during dry seasons when no rainfall recharges
surface water bodies, groundwater could be the only wa-
ter source for the local communities (Braune and Xu, 2010;
Calow et al., 2010; Gee and Hillel, 1988). Therefore, under-
standing the spatial and temporal distribution of groundwa-
ter availability is key to addressing water scarcity at local,
regional, and global scales.

Global Water Models (GWMs) provide useful tools to
understand the role of groundwater in terrestrial water cy-
cle (Reinecke et al., 2025). However, at the early stage
of GWMs development, the groundwater processes are of-
ten downplayed due to the computational resource limita-
tion. For example, many GWMs such as WaterGAP (Doéll
et al., 2003), PCR-GLOBWB (van Beek et al., 2011), HO8
(Hanasaki et al., 2008a, b), and CLM (Dai et al., 2003), etc.,
chose to simplify the aquifer as a bucket reservoir and only
represent the vertical water exchanges. In the real world, the
groundwater flows three-dimensionally, including both ver-
tical flux exchanges with the upper unsaturated zones, and
horizontal flows from areas of high hydraulic head to ad-
jacent low-head regions. The groundwater lateral flows are
proven to contribute a substantial amount to the total natu-
ral water budget, especially in high spatial resolution studies
(Akhter et al., 2025; Krakauer et al., 2014; Miguez-Macho
and Fan, 2025), and in regions of groundwater convergence
and arid climates (de Graaf and Stahl, 2022). Such simplifi-
cation could introduce considerable bias to the models’ esti-
mation of total water availability. The absence of explicit rep-
resentation of the groundwater table also undermines the hy-
drological models’ capability for direct and accurate evalua-
tion of human water withdrawal impact on groundwater de-
pletion, particularly over intensively exploited regions such
as Ogallala Aquifer and North China Plain (Cao et al., 2013;
Scanlon et al., 2012; Yang et al., 2022).

With the advancements in computational technologies, the
representation of lateral groundwater flow has re-invoked in-
terest from the GWM communities in recent two decades
(Condon et al., 2021; Gleeson et al., 2021). Among them,
benchmark efforts have been made by the PCR-GLOBWB
group (de Graaf et al., 2015, 2017; Sutanudjaja et al.,
2011, 2018; Verkaik et al., 2024), where the original bucket
groundwater module has been replaced by MODFLOW, a
physical groundwater model with 3-Dimensional flowing
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processes based on Darcy’s Law (Harbaugh, 2005; Harbaugh
et al., 2000; Langevin et al., 2017; McDonald and Harbaugh,
1988). Noteworthy efforts to address the lateral groundwa-
ter flow issues in GWMs are also seen in WaterGAP 2.0
(Miiller Schmied et al., 2021; Reinecke et al., 2019a), where
a gradient-based global groundwater flow parameterization
scheme has been developed and implemented; The devel-
opment of 3-Dimensional saturate flow module in MAT-
SIRO (Koirala et al., 2014); The coupling of ParFlow to
CLM (Maxwell et al., 2015; Maxwell and Miller, 2005); and
a newly developed hydro-economic model CWatM (Burek
et al., 2020; Guillaumot et al., 2022) (The list of models here
is illustrative, not exhaustive). With explicit lateral flow pro-
cesses and groundwater table represented, the current gener-
ation of GWMs is now able to estimate decadal groundwater
storage changes and groundwater level declines caused by
human water pumping activities. This advancement enables
the direct comparison with the observation and estimations
from data-driven approaches (Kuang et al., 2024; Scanlon
etal., 2023).

Here, we present a global HO8-MODFLOW model (HO8-
GM hereafter) to better represent groundwater lateral flow,
thereby improving the realism of simulated groundwater
availability and human-groundwater interactions in the orig-
inal HOS8. We will first describe the basic model setups, in-
cluding the coupling framework, parameterization schemes,
and the hydrogeological data and in-situ validation data used
in this paper. The global 41 year (1979-2019) steady-state
simulation (i.e., time was removed from the model formu-
lation rather than using a transient simulation to reach an
equilibrium) results under pristine conditions (i.e., without
human groundwater pumping), mainly the spatial distribu-
tion of the climatological groundwater depth and aquifer-
river channel water flux exchange regime will be included
in this study. The steady-state simulation is useful for un-
derstanding the long-term balance between recharge and dis-
charge, and provides initial conditions to the transient sim-
ulation, which will be discussed in another study. The de-
velopment of the HO8-GM model will allow direct assess-
ments on how lateral flow from adjacent areas can mitigate
groundwater decline in highly exploited aquifers, thus aiding
in the evaluation of global water scarcity and informing wa-
ter management strategies. The explicit representation of the
groundwater table in the HO8-GM model will also facilitate
a more accurate comparison with outputs from other GWMs
that joined the Inter-Sectoral Impact Model Intercomparison
Project (ISIMIP).

2 Data and Methods
2.1 General Description: The Coupling Framework

The HO8-GM consists of two parts: the surface water pro-
cesses simulated by HO8, and the groundwater processes
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simulated by MODFLOW. In this section, we provide an
overview of how the two models can be connected. De-
tailed descriptions of the individual models will be given in
Sects. 2.2 and 2.3, respectively.

An illustration of the groundwater hydrology components
(land surface elevation (Elv), groundwater head (Head),
aquifer bottom elevation and thickness, river—aquifer inter-
action, and pumping zones) is shown in Fig. 1b to help better
understand the terminologies throughout the paper. The con-
ceptual framework of the coupled model is shown in Fig. 1a.
The two models are connected through the water flux ex-
changes, i.e., at each model grid HOS provides total ground-
water recharge, river discharge, and total groundwater with-
drawal rate as the hydrological forcing to MODFLOW (red
arrows, Fig. 1a); Baseflow and groundwater level are then
simulated by MODFLOW and outputted back to HO8 (grey
arrow, Fig. 1a). An I/O interface that can store the output
of HO8 and MODFLOW is essential to achieve the two-way
coupling goal, with functions of: (i) Time keeping; (ii) Vari-
ables and units converting (e.g., from groundwater levels to
storage); and (iii) Exchange prognostic/diagnostic variables.
From HO8 to MODFLOW, the spatially distributed recharge,
river stage/flow will be passed; From MODFLOW to HOS,
the groundwater heads, simulated baseflow to river channels,
and root-zone capillary rise fluxes, which feedback to HO8
evapotranspiration stress and to the dynamic water-allocation
module. However, as an initial step, in this study we only
present the offline simulation results (i.e., no feedback from
MODFLOW to HOS8), in order to test whether the forcing
from HO8 can produce reasonable global groundwater sim-
ulation by driving MODFLOW. Both models are built on a
5 arcmin grid to ensure consistent spatial resolution. All the
land surface variables in HO8 relevant to MODFLOW model
(e.g., recharge, runoff, etc.) are simulated at the flux density
level (i.e., no grid cell area is involved). Therefore, we did
not apply areal and volumetric fluxes adjustment here.

2.2 Surface Water Model HO8

The HO8 model is a global hydrological model considering
human water use activities (Hanasaki et al., 2008a, b, 2018).
The model considers natural hydrological processes main-
taining a closed energy and water balance at each model
grid. The soil column is described as a one-layer leaky
bucket with a fixed depth of 1 m and water draining con-
secutively at the bottom (subsurface runoff). Soil moisture
is obtained through the water balance equation, considering
rainfall, snowmelt, evapotranspiration, surface and subsur-
face runoff, and groundwater baseflow. Evapotranspiration is
calculated linearly to the potential evapotranspiration based
on a stress factor considering soil moisture. Surface runoff
is described as the residual water exceeding soil capacity,
while subsurface runoff is calculated as a power function
of soil moisture. River discharge is accumulated from sur-
face runoff by the river routing module at each grid. All grid
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cells within each Koppen climate zone share uniform param-
eter settings (e.g., soil wilting point and field capacity). Al-
though there is no subgrid distinction between vegetated or
bare soil fractions, neither is the soil capillary rise character-
ized in HO8, the overall simulated hydrological regimes cor-
respond reasonably well to the Budyko aridity framework on
a global average, i.e., soil moisture dominates evapotranspi-
ration in arid areas, while net radiation dominates in humid
areas (Hanasaki et al., 2008a). Human water infrastructures,
including reservoir operations, desalination plants, and inter-
basin water transfer through aqueducts and canals, are also
available options based on the users’ purposes.

The groundwater aquifer is described as a single-layer
reservoir, where the groundwater storage is fed with ground-
water recharge (O, Eq. 1) calculated proportionally to the
total runoff. There is no characterization on the aquifer ge-
ometry; Only the storage changes are available. The ground-
water discharge (baseflow) is calculated as a power func-
tion of the groundwater storage. Two types of aquifers
are introduced: renewable and non-renewable. The renew-
able aquifers can receive water from groundwater recharge,
whereas in the non-renewable aquifer, water can only be
withdrawn but not replenished. Human water withdrawal is
used for three sectors, i.e., household, industry, and agri-
culture. The total extracted water for agriculture is calcu-
lated dynamically based on irrigation water requirement dur-
ing crop growth, while water withdrawal for the other three
sectors is calculated based on the static sectoral water re-
quirement maps provided by AQUASTAT (https://www.fao.
org/aquastat/en/, last access: 2 December 2025). The frac-
tion of groundwater use per sector per country from Interna-
tional Groundwater Resources Assessment Centre (IGRAC)
database (IGRAC, 2004) is used to determine how much wa-
ter is abstracted from surface water bodies and how much
is from groundwater aquifers. Water abstraction from renew-
able aquifers has a higher priority than the non-renewable
ones. For brevity we only summarize the key elements rele-
vant to this study here, more details are referred to (Hanasaki
et al., 2008a) and (Hanasaki et al., 2018).

Ore = mMin(Qrepyys fr X fit X fn X fpg X Qot) > (D

Where, QOpc,,, 15 the maximum groundwater recharge
(kg m~2s~1), f, is a relief-related factor (0 < f; < 1), f; is
a soil-texture-related factor (0 < f; < 1), fy is a hydrogeol-
ogyrelated factor (0 < f, < 1), fpe is a permafrost/glacier-
related factor (0 < fpg < 1), and Qo is the total runoff
(kgm~2s1). Orcmax> J1s Jto o and fye are determined by the
look-up tables provided in Tables A1-A4 of D6l and Fiedler
et al. (2008).

We first run HO8 individually to obtain the groundwater
recharge and river discharge to drive MODFLOW. Global
meteorological forcing data including 8 variables, i.e., rain-
fall, 2 m air temperature, specific humidity, wind speed, sur-
face air pressure, longwave and shortwave radiation, and
snowfall, from the W5ES5 dataset (Lange et al., 2021) are
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Figure 1. (a) Schematic diagram for HO8-GM framework. The upper part of the raster represents the natural hydrological processes and
human water withdrawal for different sectors in HO8. The lower part of the raster represents groundwater processes. The red arrow indicates
hydrological forcing input from surface water (HO8) to a single-layer groundwater aquifer with structured grid (MODFLOW). The grey arrow
indicates groundwater feedbacks to surface water. In the current model setting, only the red arrow part is enabled (one-way coupling). (b)
Schematic diagram of groundwater hydrology components. Yellow triangles represent the phreatic surface. The difference between surface

elevation and groundwater head is termed as Water Table Depth (WTD).

used. The WSES dataset was compiled based on version 2.0
of WATCH Forcing Data methodology applied to ERAS data
(WFDES5) (Cucchi et al., 2020; Weedon et al., 2014), ERAS
reanalysis data (Hersbach et al., 2020), and precipitation data
from version 2.3 of the Global Precipitation Climatology
Project (GPCP) (Adler et al., 2003). The WFDEI data is orig-
inally at 0.5° and was post-processed to a 5 arcmin resolu-
tion using the linear interpolation function embedded in HOS,
i.e., the values of the four surrounding grid cells for a certain
grid cell will be used to calculate a linear interpolated value
by weighting each using the distance ratio. The model was
run under the natural scenario at the monthly timestep from
1 January 1979-31 December 2019. For the steady-state sim-
ulation described in this paper, only groundwater recharge
and river discharge are used and averaged over the simulation
period to obtain the 40 year climatological means. The spa-
tial distributions of these two variables are shown in Fig. 2.
Groundwater recharge (Fig. 2a) is generally higher in hu-
mid regions (e.g., the eastern United States, Europe, and
southern China) and lower in arid regions (e.g., the west-
ern United States, Arabian Peninsula, and inland Eurasia),
with maximum values observed in tropical areas such as the
Amazon Basin, the Sahel, and the Indonesian archipelago.
Figure 2b—d shows the spatial distribution of river discharge
across representative basins in the United States (lower Mis-
sissippi), India (Ganges—Brahmaputra), and China (Yangtze
and Yellow Rivers). All three regions show a consistent pat-
tern — the high discharge is mainly concentrated along major
rivers and downstream reaches and lower values in upstream
or small tributaries. The discharge values are also notably
lower under drier climates (Yellow River) compared to other
basins under more humid hydro-climatological conditions.

Geosci. Model Dev., 18, 9653-9686, 2025

2.3 Groundwater Model MODFLOW

MODFLOW is the USGS’s modular hydrologic model for
simulating and predicting groundwater conditions (Langevin
et al., 2017; McDonald and Harbaugh, 1988). The model
uses a generalized control-volume finite-difference approach
to solve the two- and three-dimensional groundwater flows
based on Darcy’s equation. Lateral flows and groundwater
heads are explicitly simulated and provided as outputs. The
modular structure also allows users to customize the model
flexibly by adding packages of their research targets such
as aquifer properties, recharge, rivers, and wells, etc. In this
study, we use MODFLOWG6 (version 6.4.0), to build a global
single-layer unconfined groundwater model and replace the
original groundwater store in HO8. FloPy (Bakker et al.,
2016) (version 3.3.6) is used as the interface to run the model.

2.3.1 Aquifer Properties

Two aquifer property parameters, i.e., aquifer thickness and
hydraulic conductivity, are required to build an unconfined
groundwater steady-state model at any spatial scale. Aquifer
thickness refers to the vertical extent between the top and
bottom boundaries of the aquifer (Fig. 1b); For a given area,
it indicates the aquifer’s potential water storage capacity.
This parameter is usually obtained from field experiments in
local scale studies, while the global map is often delineated
based on lithological categories. The GLobal HYdrogeology
MaPS (GLHYMPS) (Gleeson et al., 2011, 2014; Huscroft
et al., 2018) is one pioneering dataset of such a type. How-
ever, the GLHYMPS aquifer thickness only accounts for the
shallow layer (thickness up to 100 m), thus cannot reason-
ably represent the deep aquifers in the world. A terrain-based
approach was then proposed by (de Graaf et al., 2015) and
shown to be effective for deep aquifer characterization based
on the calibration of transmissivity to observed heads. The
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Q. He et al.: A global 5 arcmin groundwater model HO§-GMv1.0

9657

75°N 4
1.0
50°N - 087
©
on £
g 25°N 0.6 ¢
2 £
% &
- 0° 0.4 E
<
19)
02 &
25°S -
0.0
50°S A
180

35°N 4
‘/f 40°N A
44°N A Cr
20°N T g -4 o
{7 ) S SECHY °N A
o 40°N - oo AR Y
E 3 23°N7 E
£ £ £ 34°N1
535 7 170N = 3
30°N 1.
30°N 1
11°N A
= (c)
102°W 94°W 86°W 68°W 78°W 88°W 110°W
Longitude Longitude Longitude
= : :
0 200 400 600 800 1000

Discharge (m3 s71)

Figure 2. Long-term averaged groundwater recharge and river discharge from HO8 (1979-2019). (a) Global distribution of the 41 year
averaged groundwater recharge (unit: mm d=1). (b—d) for the 41 year mean river discharge (unit: m3s~1) in the southern Mississippi River
basin (b), the India Peninsula (¢), and the Yellow and the Yangtze River basins in China (d), respectively.

hypothesis of this approach is that there is similarity in Co-
efficient of Variations (CV) of aquifer thickness all around
the world. Therefore, it first generates a random distribution
of the average aquifer thickness based on the land surface
and floodplain elevation differences (Az) at each grid. Then,
observed statistical values from 6 regional scale studies are
used to constrain the corresponding log-normal transforma-
tion of Az and a standard normal ordinate function (i.e.,
0(z) =1/27 e/ 2). The optimal guess is then derived
as the final aquifer thickness product. In this study, we use
this product to better represent the deep aquifers. The aquifer
thickness map is shown in Fig. 3a.

Hydraulic conductivity controls the rate at which ground-
water flows through the aquifer materials and is primarily
determined by the aquifer’s lithological characteristics. The
gridded 5 arcmin GLiM global lithological map (Hartmann
and Moosdorf, 2012) is used to define the spatial distribu-
tion of 16 lithologies (Fig. C1, Appendix). For each litho-
logical category, we obtain the corresponding permeability
value from GLHYMPS; when there are multiple values (for
subcategories) within one lithology type, we take their means
based on the subcategory sample numbers. The standard de-
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viation for each category is also obtained for the following
sensitivity analysis in Sect. 2.4. The aggregated permeabil-
ity data for each lithological type is shown in Table B1 (Ap-
pendix). The permeability is then converted to hydraulic con-
ductivity as a direct model input. For permafrost regions (i.e.,
permafrost zonation index > 0.5) (Gruber, 2012), we reduce
K by one-order-of-magnitude by considering the combined
effects of soil temperature, soil texture and freeze—thaw dy-
namics (Watanabe and Flury, 2008; Watanabe and Osada,
2016), although we note this is a strong assumption to en-
sure the model’s numerical stability.

2.3.2 River Channel Properties (position, level, bottom
elevation, riverbed drainage conductivity)

To investigate the river-aquifer exchanges, a river package
(RIV) is used. The water flux exchanges are calculated based
on the head difference between river channels and the aquifer
cells, i.e., water leaks from the river channel to the aquifer
when the river water level is higher than the groundwater
head and vice versa, as:

Ofiux = rp X (Hiy — haq) 2

Geosci. Model Dev., 18, 9653-9686, 2025
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Figure 3. Global distribution of aquifer thickness (a) and aquifer hydraulic conductivity (b). The aquifer thickness product is from de
Graaf et al. (2015), and aquifer hydraulic conductivity is based on GLiM lithological map (Hartmann and Moosdorf, 2012) and GLHYMPS

(Gleeson et al., 2011, 2014)

Where, H,y and h,q refers to river water level (m) and
groundwater head (m), respectively. When the groundwater
table is below the river bottom, river bottom elevation (Rp;)
is used for /,q to limit the maximum water flux exchanges.
crp indicates the riverbed conductance (m?d~") and is calcu-
lated as:

e = RIVywih X RIVien 3)

I'tb

Where, RIVy, and RIVye, are the river channel width (m)
and length (m), respectively, both of which are taken from
(Yamazaki et al., 2011). ry, is the riverbed resistance. In de
Graaf et al. (2015), it is taken as 1 d. However, in our prelimi-

Geosci. Model Dev., 18, 9653-9686, 2025

nary analyses we found the simulated head is rather sensitive
to this parameter. Therefore, the appropriate value will be se-
lected from several sensitivity experiments. See Sect. 2.4 for
a detailed description.

We first use a combined satellite and empirical algorithm
river width product GWD-LR to allocate the river grids
in MODFLOW (Yamazaki et al., 2014). This product was
constructed by applying the SRTM Water Body Database
(SWBD) and the HydroSHEDS flow direction map, and
shows high realism in representing river width for large river
channels. To overcome its limitation in representing small
rivers and overestimation of large rivers, we further con-
strained the results by applying a power-law algorithm, as

https://doi.org/10.5194/gmd-18-9653-2025
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Figure 4. Illustration of the groundwater model grid designations and river properties over the southern Mississippi river basin. (a) Schematic
diagram of the river channel geometry. Hyj, represents the river water level (unit: m) which serves as the input to calculate river-aquifer ex-
change; (b) Spatial distribution of river width (unit: km) from GWD-LR product (Yamazaki et al., 2014). Data over lake areas are not
available; (¢) Model designation of MODFLOW. Black, orange, and blue color represents river, drainage, and constant head grids, respec-
tively; (d) Spatial distribution of river water levels (unit: m) calculated from Eq. (4).

done in the latest version (v4.20) of the Hydrodynamic flood
model CaMa-Flood (Yamazaki et al., 2011). See further de-
scription in Appendix A. Because the river-aquifer exchange
can be negligible for small tributaries, we define river width
larger than 10 m as river grids where water exchanges actu-
ally happen, similar to the criteria defined in de Graaf et al.
(2015). An illustration of the river width result and the result-
ing river grid allocation in MODFLOW are shown in Fig. 4b
and d.

Next, Rpo: is calculated as the difference between land
surface elevation (DEM) and river channel depth (Dchy)
(Fig. 4a), where the previous is taken from 30arcsec Hy-
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droSHEDS dataset (Lehner et al., 2008) and aggregated to
5arcmin resolution using simple linear interpolation algo-
rithm. Dgpy is calculated based on the power-law algorithm
as in CaMa-Flood model (Yamazaki et al., 2011) (see further
description in Appendix A). Hyjy is then calculated as:

Hyiy = Rpot + Driv (4)

Where, Dy is the river water depth (m) and is calculated
based on Manning’s equation:

0.6
n X Qchn )

Diy=|—""—"7""—
" (RIthh x RIVYS

®)

Geosci. Model Dev., 18, 9653-9686, 2025
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Where, n is the Manning roughness coefficient and is taken
as0.035m— 13571, RIVyjp refers to river channel slope (unit-
less) and is calculated as the ratio of the DEM difference be-
tween the current and next downstream river cells over the
distance between the two cells. See (Oki and Sud, 1998) and
(Yamazaki et al., 2009) for complete explanations about how
the flow direction is decided and the distance between one
cell and the next downstream cell is calculated. Qpy, refers to
the river discharge (m?s~!). For the steady-state simulation
in this study, it is calculated as 40 yr mean of the monthly
HO8 simulation. See Fig. 2b—d for examples of the spa-
tial distribution over southern Mississippi river basin, Indian
Peninsula, and Yellow and Yangtze River basin in China.

2.3.3 Other Boundary Conditions (constant head,
topography, drainage)

Unlike HO8, MODFLOW requires land surface elevation
data to calculate groundwater movement. We use DEM from
HydroSHEDS for this purpose. For all ocean grids, since the
submarine flow is not our research focus, we set them as con-
stant head (CHD) with the water level of Om, i.e., it can re-
ceive (release) unlimited water from (to) the terrestrial un-
derground aquifer. We also do not separately consider evap-
otranspiration in the groundwater model because it is already
included in the HO8 simulation part. For small tributaries
(river sequence number less than 10), since the water entering
the aquifer system can be negligible, we apply the drainage
package (DRN) to allow water to leave the groundwater sys-
tem. When h,q is above a prescribed level, here set as DEM,
water from the groundwater will form ponding areas and be
removed from the aquifer system. The drainage rate is calcu-
lated based on land surface water conductance, calculated in
the same form as Eq. (2). No water flux exchange will happen
when h,q is below the drainage level (DEM). The allocation
for DRN and CHD grids in MODFLOW is illustrated over
an example region in Fig. 4c.

2.4 Local One-At-A-Time (OAT) Sensitivity Tests

Since uncertainties in the groundwater recharge and key
aquifer parameters (i.e., aquifer hydraulic conductivity and
thickness) are reported to be high (Gleeson et al., 2011; Rei-
necke et al., 2019b, 2021; Wada et al., 2010), we conducted
several sensitivity tests to ensure the robustness of the sim-
ulated steady-state groundwater head. Additionally, our pre-
liminary analyses show that the river geometry parameters,
such as riverbed resistance, can also play an important role in
the resulting groundwater head simulation. Therefore, in to-
tal, we select 3 parameters, i.e., groundwater recharge RCH,
aquifer hydraulic conductivity K, and riverbed resistance ryp,
for sensitivity analyses. The aquifer thickness D is not con-
sidered explicitly here because MODFLOW actually applies
aquifer transmissivity (KD) for simulation, therefore the ef-
fect can be implicitly reflected in the variation in K. We
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note that the analyses here are local One-at-A-Time (OAT)
only and do not address interaction effects; they therefore
fall short of full sensitivity analyses objectives (screening,
ranking, mapping) (Pianosi et al., 2016). The more rigorous
global sensitivity analyses, as in (Reinecke et al., 2019b), will
be pursued in future investigations.

To maintain computational efficiency, for each parame-
ter we did three sensitivity analyses. Together this results in
27 experiments in total (Table 1). We take KOROBO as the
reference experiment (ref), and use Correlation Coefficient
(R), Mean, Median, and Standard Deviation of the difference
between simulation and observation (Dpean, Dmed, Dstd) to
evaluate the performance of each experiment against obser-
vations. For parameters of K and RCH, one and two stan-
dard deviations are added individually for each relevant ex-
periment. The statistic for K is from Gleeson et al. (2011)
directly, while for RCH it is calculated based on ground-
water recharge from HO8 monthly simulation output (Jan-
uary 1979-December 2019). Note that although the aquifer
thickness data we use is for deep aquifers while Gleeson
et al. (2011) only provides such information for the shal-
low, here we assume there is similarity in aquifer thickness
statistics between the two layers, similar to the assumption in
the derivation of the dataset we use. For RRD, because there
is no global reference of how its statistics should look like,
rather simplistic scale factors are applied, i.e., 0.1 and 0.01d
are taken for different experiment settings.

2.5 Validation

To validate the simulation results, we use the equilibrium wa-
ter table level observations from (Fan et al., 2013). In total,
this dataset comprises 1603781 WTD readings, along with
their corresponding elevation and geographic information.
We then average the observations within the same model grid
cell to mitigate the influence of the point-grid scale gaps as
much as possible. We evaluate both the groundwater head
and WTD, since the previous provides a more physically
meaningful metric fundamental to groundwater flow dynam-
ics (de Graaf et al., 2015), and the latter is more directly rel-
evant to human and ecosystem water accessibility (Reinecke
et al., 2024). The global scale model performance is evalu-
ated first; Then, we evaluate the model behaviours in terms
of different irrigation intensity and population density. Here,
the irrigation intensity is represented by the global 10 km ir-
rigation area fraction map from (Siebert et al., 2015), and
the population density is aggregated from the 1km global
population dataset of year 2020 (https://hub.worldpop.org/
geodata/summary?id=80026). Observations with invalid ele-
vation readings are excluded. The total number of aggregated
observations is 75 386.

In addition to the direct comparison between the simu-
lated WTD against observations, we also compare the func-
tional relationship between known drivers of groundwater
flow (e.g., climatic aridity and topography) and WTD (Glee-
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Table 1. Sensitivity experiment setting scenarios and the resulting groundwater head simulation statistics against observations. The bold font
is used to highlight the best-performing experiment.

EXP K Rch I'th Rcor Dmean Dieq Dyyq
A KOROBO ref ref ref 0.67 45279 294.53 494.67
K1ROBO +1o  ref ref 0.79 271.47 151.6 37848
K2R0BO +20  ref ref 0.88 34.29 33.14 255.29
KOR1BO ref +0.50  ref 0.53 657.64 44597 679.98
KI1R1BO +1lo0  +40.50 ref 0.70  397.89 229.16 505.27
K2R1B0O +20 +40.50 ref 0.85 89.5 60.39  290.62
KOR2BO ref —0.50 ref 0.80 24037 133.58 334.19
K1R2B0O +1l0 —0.50 ref 0.85 123.08 63.22 283.06
K2R2B0 +20 —0.50 ref 0.83 —68.92 2.58 297.93
B KOROBI1 ref ref x0.1 0.95 90.81 65.27 168.24
K1ROB1 +1o  ref x0.1 0.95 63.3 41.31 169.7
K2ROB1 +20  ref x0.1 093 —23.99 5.71  200.46
KOR1B1 ref +0.50¢ x0.1 0.94 115.33 87.11 176.22
KI1R1B1 +1l0  +40.5¢ x0.1 0.94 85.92 56.44 17547
K2R1B1 +20  +40.5¢ x0.1 0.93 1.24 13.09 189.78
KOR2B1 ref —0.5¢ x0.1 0.95 5791 40.62 165.09
K1R2B1 +1l0 —-0.50 x0.1 0.94 20.71 2224 179.68
K2R2B1 +20 —=0.50 x0.1 090 —76.58 —6.22 247.33
C KOROB2 ref ref x0.01 095 47.82 23.73  161.55
K1R0B2 +1lo  ref x0.01 0.95 30.97 17.35 162.61
K2R0B2 +20  ref x0.01 093 —31.18 098 193.91
KOR1B2 ref +0.50 x0.01 0.95 51.18 26.86 162.27
KI1R1B2 +1l0 +40.5¢ x0.01 095 37.94 21.06 161.89
K2R1B2* +20 +0.50 x0.01 0.94 —17.98 424 184.88
KOR2B2 ref —0.5¢ x0.01 0095 36.95 19.35 161.82
K1R2B2 +1l0 —-0.50¢ x0.01 0095 10.59 11.78 172.13
K2R2B2 +20 —-050 x0.01 092 —-5192 —433 211.04

* Indicates the best-run experiment; ref for K indicates the mean hydrological conductivity from Gleeson et al.
(2011); ref for Ry, indicates the 40 year mean HO8 recharge; ref for ryy, indicates 1 d. For the model and
observation difference terms Dmean and Dyyeq, positive values indicate the overall model head is shallower
than observed head and vice versa. Dy is always positive; larger values indicate the overall simulated head

deviates further from the observation.

son et al., 2021; Gnann et al., 2023; Reinecke et al., 2024;
Wagener et al., 2022). The climatic aridity is calculated
as the ratio of potential evapotranspiration to precipitation
(PET/P, or Aridity Index (AI)), based on Global Land Data
Assimilation System (GLDAS) Noah Land Surface Model
L4 dataset (Rodell et al., 2007). Al > 1 indicates the water-
limited regime where atmospheric water demand is larger
than precipitation supply (dry climate in general); whereas
(AI < 1) indicates the energy-limited regime where precip-
itation water supply can sufficiently meet the atmospheric
water demand (humid climate in general). The spatial dis-
tribution of water- and energy-limited regions is shown in
Fig. C3. The topography effect is represented by slope, which
is calculated based on HydroSHEDS DEM in the same way
as described in Sect. 2.3.2. Moreover, we further compare
our results with the ensemble mean WTD from four other
global groundwater models, i.e., 5arcmin GLOBGM (de
Graaf et al., 2015, 2017), 30 arcsec GLOBGM (Verkaik et al.,
2024), G3M (Reinecke et al., 2019a), and ASAP (Fan et al.,
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2013). The ensemble mean data is obtained directly from the
model assessment paper in (Reinecke et al., 2024).

3 Results and Discussion

3.1 Validation of Simulated Groundwater Head And
the Sensitivity to Hydrogeological Parameters

The statistics of groundwater head from each sensitivity ex-
periment result against observations are shown in Table 1 and
Fig. 5. The simulation-observation correlation coefficient of
groundwater head ranges between 0.66 and 0.95 across ex-
periments (p < 0.01), suggesting our model works reason-
ably well in simulating groundwater head regardless of the
different parameter setting scenarios. However, the large dif-
ference of the absolute model-observation biases as repre-
sented by Dmean, Dmed> Dsta suggest that the accuracy of
our simulated groundwater head is sensitive to RCH, K and
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rib- The reference experiment where no adjustment on the
two parameters is made shows the worst performance with
three statistics of 452.76 m (Dean), 294.51 m (Dppeq), and
494.59 m (Dgyq), respectively (the lowest R as well, of 0.66).
This means the simulated groundwater head is much shal-
lower than the observations. This may be explained by the
water balance at each grid cell: When K is low, the water
exchange between adjacent cells is more difficult. With the
amount of water entering each grid cell fixed (unchanged
recharge) throughout the simulation, the slower water ex-
change between cells will result in more water accumulation
within the cells and therefore higher water levels.

The simulated groundwater head is more sensitive to K
compared to other parameters. For instance, in Table 1, when
comparing experiments with identical values of RCH and ryy,
the simulation biases between experiments with different K
values differ by several times, particularly when K is low.
This is further seen in the spatial maps of model-observation
bias in Figs. C4. The simulated groundwater head is more
sensitive to K in shallow groundwater areas (blue and green
coloured areas, western US, Amazon, Sahel, the southern-
north Eurasia, etc.) than in areas with deeper water tables
(orange and red coloured areas, Rocky and Andes moun-
tains, Tibetan Plateau, etc.). This pattern is consistent with
the findings of de Graaf et al. (2015). However, our model’s
sensitivity to K is notably higher than that reported by de
Graaf et al. (2015) and Reinecke et al. (2019 a, b). The Co-
efficient of Variation (CV) of the simulated heads exceeds
0.5 across most regions (not shown). We attribute it to three
primary reasons: First, the number of our sensitivity analy-
ses is limited. This may result in amplified standard devi-
ation from individual extreme cases. Second, the model is
poorly converged toward equilibrium under low K scenar-
ios, especially in shallow groundwater occurrence regions.
As illustrated in Fig. 5 (the first column), groundwater heads
in many of these areas exceed the drainage level, resulting in
surface ponding. This forces us to tune K more favourably
toward higher values in the sensitivity analyses, whereas the
very low K scenarios stay unexplored. Third, compared to
sensitivity analyses in Reinecke et al. (2019a), where only
410 % perturbance on K is applied, our experiments feature
a broader variability range of K.

The simulated head also shows sensitivity to groundwa-
ter recharge RCH and river bed conductance ry,, but the
sensitivity is more evident under low K scenarios. For ex-
ample, the bias differences among the KOROB0O, KOR1BO,
and KOR2BO experiments are significantly larger than those
observed in the corresponding experiments within Group A
(e.g., KIROBO, K1R1BO, and K1R2B0) (Table 1). Moreover,
in comparison to the corresponding experiments in Group B
and Group C, the differences among KOROBO, KOROB1, and
KOROB2 biases even show orders of magnitude. These find-
ings indicate that K remains the dominant hydrogeological
parameter controlling groundwater head. At the same time,
they also suggest that groundwater—surface water interac-
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tions — particularly the role of rivers — become crucial in reg-
ulating groundwater level fluctuations when lateral ground-
water flow into or out of the aquifer system is limited due
to low permeability. As a result, the simulation performance
gradually improves as K increases; The improvement is fur-
ther seen when ry, decreases (which means more rapid river-
aquifer exchange). To ensure further analyses are based on
simulation with the highest realism, we chose the experiment
with the best performance against observations as the base-
line run (i.e., K2R1B2) for analyses in the following context.
We also note that the model’s performance could be further
improved if more suitable combinations of the parameters
were used. This can be achieved through observation-based
bias correction procedures such as PEST (Doherty et al.,
2003) and SCE-UA (Duan et al., 1992, 1993, 1994). How-
ever, since applying these algorithms globally is particularly
time-consuming and the concentration of this study is to test
the feasibility the established framework, the statistics from
the current best-run experiment are reasonable enough for the
time being, therefore we will leave further model improve-
ment in future work.

3.2 Validation of Simulated WTD And the Sensitivity
to Hydrogeological Parameters

The sensitivity of simulated WTD to the model’s parameter
settings does not follow the same way as the groundwater
head (Table 2, Figs. 6 and 7). Due to the small magnitude
of WTD itself, an increasing of K yields only a marginal im-
provement in the median WTD bias (Dmeq), while the bias in
standard deviation (Dgyq) increases significantly (KOROBO,
K1ROBO, K2R0BO0). The mean bias (Dmean) shows a U-
shaped response: It decreases initially, but once K exceeds a
threshold, the bias grows again with opposite sign. The WTD
response to R¢h and ry, is also less sensitive than the ground-
water head, with only minimal improvement of Dpeq and
Dmean- However, the response directions are within expec-
tation. An increase of Ry yields shallower simulated WTD
(e.g., KOROB2 vs. KOR1B2), whereas an increase of ry, pro-
duces deeper simulated WTD (i.e., the bias shifts toward
zero or positive) by enhancing drainage to channels (e.g.,
KI1ROBI1 vs. K1IR0B2).

A notable difference from the groundwater head is that the
simulated WTD compares poorly to observations in all ex-
periment runs at the global scale (Rqor < 0.3) (Table 2 and
Fig. 6). The same poor behavior is also observed in the en-
semble mean WTD from Reinecke et al. (2024) (Fig. 7), sug-
gesting this is a common problem in all global groundwa-
ter models. In addition to the model structure and parameter
biases, we attribute this to several possible reasons below.
First, since WTD is calculated as DEM minus groundwa-
ter head, it inherits bias from both inputs, which may re-
sult in exacerbated biases that can be of the same order as
WTD itself; Second, there is a spatiotemporal mismatch be-
tween simulated and observed WTD. The Fan et al. (2013)
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Figure 5. Scatterplots of the simulated groundwater head under different parameter settings (Experiment group C). Inserted texts refer
to statistics between model simulation (y axis) and observation from Fan et al. (2013) (x axis). R2, n, Dmean, Dimed, and Dgyq refers to
coefficient of determination, sample size, mean, median and standard deviation of the simulation-observation difference.

dataset aggregates measurements from different years, with
~ 90 % of locations having only a single reading; Moreover,
each monitoring well in Fan et al. (2013) is a snapshot of
local conditions. WTD can be highly heterogeneous within a
10km x 10km grid cell, so a single well may poorly represent
the grid mean.

To investigate where the large WTD biases are presented,
in Fig. 8 we show the spatial maps as well as statistics of
the model-observation biases of WTD from the best perfor-
mance run over each continent. For North America where the
highest observational density is presented, the model biases
show a slightly left-skewed normal distribution. Approxi-
mately 3.9 % of the analysed grid cells show biases within
+1m, 44.0% within £10m, and 78.4 % within £50m.
These grids are mostly located in the plain-dominated cen-
tral and south-eastern US The grid cells with large model-
observation biases are distributed mostly over the mountain-
ous areas but in a bimodal way. In the western US, the model
tends to underestimate the groundwater head, whereas in
the East the model tends to overestimate it. This can pos-
sibly be attributed to the uncertainty in aquifer properties, as
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well as the model’s limitation in dealing with sharp ground-
water head changes in mountainous areas. The topography
in the western United States is comparatively higher, and
the aquifer thickness is quite shallow (Fig. 3a). The west-
ern mountainous areas mainly serve as the divergence re-
gion once it receives water from surface recharge. That is,
the water will quickly move to adjacent lowlands due to the
steep groundwater head gradient. The East, although also el-
evated, in fact serves as the convergence region due to the
deeper aquifer thickness (Fig. 3a). Over these areas of steep
topographic gradient, the model simulation could become
quite sensitive to the aquifer hydraulic conductivity setting.
A large K scenario could possibly cause accelerated flow
rate (therefore more water loss) in the West. On the con-
trary, a small K scenario would result in an overestimation
of groundwater head in the West, as shown in Fig. C5, where
the bias is shown for the experiments glb_K1R1B2, respec-
tively. The polarity of biases is rather robust to K scenar-
ios over other areas. Similar bias distribution is observed
for other continents as well. For mountainous regions in the
Alps and Brazilian Highlands, the model biases are quite pro-
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Table 2. Sensitivity experiment setting scenarios and the resulting WTD simulation statistics against observations. The bold font is used to

highlight the best-performing experiment.

EXP K Rep 't Rcor Dmean Dined Dyyq
A KOROBO ref ref ref 0.03 —-1247 -8.31 20.44
KI1R0OBO +1lo ref ref 0.07 —5.65 —-7.62 53.31
K2R0BO +20  ref ref 0.18 453 —3.68 150.18
KORI1BO ref +0.50  ref 0.02 -—12.92 —-8.36 16.3
KIRIBO +1lo0  +40.50 ref 0.04 —-949 -8.02 39.05
K2R1B0O +20  40.50  ref 0.14 2449 -5.09 117.97
KOR2B0 ref —0.50 ref 0.1 —-2.74 -17.5 63.87
KI1R2B0O +lo0 —0.50¢ ref 0.17 217 =592 120.87
K2R2B0 +20 —0.50 ref 0.22 115.49 2.67 258.59
B KOROBI ref ref x0.1 0.04 —11.85 —8.23 23.81
KI1R0B1 +1o  ref x0.1 0.1 029 —-6.71 66.88
K2ROB1 +20  ref x0.1 0.19 61.27 —0.67 163.61
KOR1B1 ref 4+0.5¢ x0.1 0.03 —12.56 —-8.3 18.61
KIRIBI1 +1l0  40.5¢ x0.1 0.08 —4.64 —-7.32 54.08
K2R1B1 +20 40.5¢ x0.1 0.17 43,19 —-2.72 139.33
KOR2B1 ref —-0.5¢ x0.1 0.09 -3.09 -—-7.44 62.45
KI1R2B1 +1l0 —-0.50 x0.1 0.17 2442 —5.18 122.84
K2R2B1 +20 —0.50 x0.1 0.22 106.1 13.76  228.28
C KOROB2 ref ref x0.01 004 —11.66 —8.13 24.44
K1R0B2* 410 ref x0.01 0.11 3.29 —6.1 71.59
K2R0B2 +20  ref x0.01 0.18 60.8 2.6 160.45
KOR1B2 ref 4+0.5¢ x0.01 003 -—12.41 —8.23 19.21
KIRIB2 +1l0  +40.5¢ x0.01 0.09 —1.28 —6.64 60.57
K2R1B2 +20 +4+0.50¢ x0.01 0.18 492 —1.01 14424
KOR2B2 ref —0.5¢ x0.01 0.09 —3.83 -—-741 59.18
KI1R2B2 +lo0 —-0.5¢ x0.01 0.16 2049 —493 110.98
K2R2B2 +20 —0.50 x0.01 0.19 79.78 10.57 186.63

* Indicates the best-run experiment; ref for K indicates the mean hydrological conductivity from Gleeson

et al. (2011); ref for R}, indicates the 40 year mean HO8 recharge; ref for ry, indicates 1 d. For the model and
observation difference terms Dmean and Dyeq, positive values indicate the overall model head is deeper than
observed head and vice versa. Dgyq is always positive; larger values indicate the overall simulated head

deviates further from the observation.

nounced; whereas for flatter areas such as the Netherlands
and Northern Germany in Europe, Northern China Plain and
Bangladesh in Asia, Amazon in South America, the model
biases are minimal. Nonetheless, we note that the observa-
tions in Fan et al. (2013) inevitably embed the influence of
human activity, whereas our model simulation is purely a nat-
ural run. The simulated groundwater level should be deeper
than the current natural run if human water withdrawal were
taken into account. This could lead to model-observation gap
be skewed: Where the model head is higher than the observa-
tions (shallower WTD), the model-observation gap is exag-
gerated; where the model head is lower than the observations
(deeper WTD), the gap is underestimated. The readers should
bear this limitation in mind when interpreting the validation
results.

To further investigate the climate and topography effects
on WTD, we also show the WTD-slope relationship un-
der water-limited and energy-limited regimes respectively
(Fig. 9). The results show that for observations (left column

https://doi.org/10.5194/gmd-18-9653-2025

in Fig. 9), the correlation between slope and WTD is gen-
erally weak (p < 0.2, p < 0.001) under both energy-limited
and water-limited conditions. In contrast, the ensemble mean
exhibits much stronger correlations (p & 0.6, p < 0.001),
suggesting that the multi-model mean tends to emphasize a
stronger slope—WTD dependence. The Spearman p of HO8-
GM is closer to those of the observations; however, it should
be noted that the relatively low numerical correlations may
partly result from the large variability of WTD within each
slope bin. The much stronger correlation between medians
and slope can still be observed. This pattern therefore sug-
gests that current global numerical groundwater models may
all tend to overemphasize the “groundwater head follows
topography” relationship; Or in other words, they may po-
tentially underrepresent the influence of other factors such
as climate forcing and local aquifer properties. Addition-
ally, we observe that in areas with smaller slope (e.g., below
103 mm™"), the HO8-GM simulated WTD (Fig. 9¢ and f)
compares more closely to the observations (Fig. 9a and b).

Geosci. Model Dev., 18, 9653-9686, 2025
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Figure 8. Validation of simulated WTD against observations over each continent: (a) North America; (b) Europe; (¢) Asia; (d) Africa;
(e) Australia; and (f) South America. Grid cells are masked when either variable is marked as missing value. The missing values mainly
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As the slope becomes steeper, the model-observation gap in-
creases. The ensemble mean of Reinecke et al. (2024) shows
a similar pattern but a narrower spread within slope bins,
likely reflecting two ensemble members that simulate sys-
tematically shallower WTD. The observed WTD is slightly
deeper in water-limited regions than in energy-limited re-
gions. The model captures this contrast, though the model-
observation discrepancy is also modestly larger.

Since the flatter regions are often located with large cities
and extensive human water use activities such as agricul-

Geosci. Model Dev., 18, 9653-9686, 2025

ture. We also evaluated the model performance of WTD
in terms of cultivation and population density. Figure 10
shows that the simulated WTD compares reasonably well
to observations in highly cultivated and populated areas. In
regions with irrigation area fraction higher than 50 % and
population higher than 10000/100 km?, both HO8-GM and
the ensemble-mean from Reinecke et al. (2024) compare
closely to observations in terms of median and the 25th—
75th percentiles. The ensemble-mean shows shallower WTD
in regions with irrigation area fraction higher than 75 %,

https://doi.org/10.5194/gmd-18-9653-2025
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Figure 9. WTD versus grid-scale slope binned on a logarithmic x axis. Panels (a—c) show energy-limited regions; panels (d—f) show water-
limited regions. Columns: (a, d) observations (blue), (b, ) ensemble products (green), and (c, f) HO8-GM (orange). For each slope bin,
boxplots summarize the WTD distribution (line = median; box = 25th and 75th interquartile range; whiskers indicate spread; gray dots,
where shown, are individual samples). p indicates Spearman Correlation Coefficients between slope and WTD (*** indicates p < 0.001).
See Fig. C3 for the spatial map of water-limited and energy-limited regions.

while both HO8-GM and ensemble-mean tend to overesti-
mate WTD in highly populated areas. The wider interquar-
tile range (25 %-75 %) of WTD in HO8-GM compared to
the ensemble mean can be partly explained by the averaging
nature of the ensemble. Since the ensemble mean combines
the outputs from four different global groundwater models,
two of which (Fan et al., 2013; Reinecke et al., 2019a) pro-
duce systematically shallower WTD (see Fig. 2 in Reinecke
et al., 2024), the averaging process inherently smooths spa-
tial variability and reduces the spread. On the other hand, the
HO08-GM simulations retain more of the spatial heterogene-
ity arising from its specific forcing data, lithological proper-
ties, and parameterization. Identifying which specific factors
dominate this difference would require coordinated experi-
ments under consistent simulation settings across all models.

However, we note that just the model’s mean is sim-
ilarly close to observations does not necessarily suggest
the model’s validity in specific places. In the stratified his-
tograms provided in Fig. 10b and c; e and f, the results show
that even if highly irrigated and populated regions exhibit a
narrower spread of WTD biases, the number of samples with
small residuals (low bias) also increases across both low and
high human-influence groups. Nevertheless, similar to the
previous WTD-slope relationship, the analysis here reveals

https://doi.org/10.5194/gmd-18-9653-2025

a systematic and interpretable relationship between human
activities and the model’s WTD biases at the global scale. A
comprehensive site-level validation of model performance in
terms of human gradients would be valuable in future.

3.3 Global Steady-state Groundwater WTD Maps

To investigate the spatial pattern of the simulated WTD from
HO08-GM, we illustrate the global WTD maps from all exper-
iment runs in Figs. 11 and C6-C7. Consistent to what has
been observed in Sect. 3.2, the simulated WTD is more sen-
sitive to hydrologic conductivity than the other two parame-
ters, Rch and ryp, €.g., the colour contrast from left to right of
each row is much clearer than that from top to bottom of each
column (Fig. 12). The sensitivity seems to be higher in hu-
mid and flat regions, but this may be a visualization artifact
influenced by the color-scale choice.

In Fig. 12 we also present the global steady-state map of
WTD from the best-run experiment from HO8-GM (chosen
as K2R0OB2 by considering model-observation statistics of
both groundwater head and WTD). The global WTD distri-
bution shows a clear spatial gradient: the groundwater levels
are considerably deep over the mountainous and arid regions
whereas they remain shallow in flat and humid areas. The re-
sult corresponds well with previous studies as in Fan et al.

Geosci. Model Dev., 18, 9653-9686, 2025
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Figure 10. Comparison of simulated and observed groundwater depth (WTD) under gradients of human activity. (a, d) Boxplots show the
distributions of observed, ensemble-mean, and HO8-GM WTD across bins of (a) irrigation fraction (0 %—25 %, 25 %-50 %, 50 %-75 %,
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et al. (2013) (blue), ensemble mean from Reinecke et al. (2024) (green), HO8-GM (orange). For each bin, boxplots show the median (line)
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(2013), de Graaf et al. (2015), and Reinecke et al. (2019a)
and can be explained in the way that the mountains often
serve as the divergence place for water to flow out due to
their steep topography, and in arid regions the groundwater
recharge from the surface is quite limited (vice versa). How-
ever, our result corresponds closer to the earlier works of de
Graaf et al. (2015) and Reinecke et al. (2019a) than that of
Fan et al. (2013) which is derived primarily from the obser-
vations in which the groundwater depth is up to 100 m. Al-
though partly applied the parameterization scheme of aquifer
thickness (i.e., the e-folding factor) in Fan et al. (2013), the
model framework in Reinecke et al. (2019a) largely follows
MODFLOW. As such, the large gaps between the numerical
and data-driven models here indicate careful comparison in
model framework and parameterization schemes is needed to
achieve cohesion in the two types of large-scale groundwater
modelling studies.

3.4 Mechanisms Controlling Groundwater
Distribution and Flow Dynamics

To help further understand the groundwater flow dynamics,
in Fig. 13 we present an analysis of the lower Mississippi

Geosci. Model Dev., 18, 9653-9686, 2025

River basin to showcase the complex interplays between
groundwater flow and topography, aquifer and river hydro-
geologic properties, and surface recharge. The high simi-
larity between the spatial pattern of groundwater head and
DEM (Fig. 13a and e), as well as the flow direction and
velocity map (Fig. 13f), confirms the general principle that
groundwater closely follows topography. However, the lo-
cal characteristics in the north-western part of this region,
where steep topography exists but limited groundwater flow
present (shown as the low groundwater flow velocity and
much deeper groundwater head compared to DEM), sug-
gest aquifer properties that control the hydraulic gradient also
play important roles in determining the water movement. The
aquifer’s K in these areas is much lower than in the other re-
gions (Fig. 13b), which confirms this finding.

The role of surface recharge is only marginal in this case
due to the strong heterogeneity of topography, but is evi-
dent in arid climate zones such as in Yellow River basin
in Fig. C8. The groundwater head distribution is jointly de-
termined by both topography and recharge — in the north-
west part of this region, although the topographic gradient
is also sharp (Fig. C9a), the recharge is quite limited (be-

https://doi.org/10.5194/gmd-18-9653-2025
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Figure 11. Spatial maps of the simulated WTD to under different parameter settings (Experiment group C).
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Figure 12. Global best-run steady-state Water Table Depth (WTD, meters below land surface).

low 0.1 mmd~") compared to the southeast high area. Con-
sequently, the groundwater head over the low recharge area
is consistently low and shows less spatial heterogeneity, re-
gardless of the topographic gradient which plays an impor-
tant role in the more humid climate regions.

River properties also play important roles in shaping the
local characteristics of the groundwater head distribution
through river-aquifer water exchanges. Although the ground-
water head in Fig. 13 appears much smoother than the to-
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pography map, we still observe the traces of major river
channels, highlighting the significant role of river-aquifer ex-
change in determining the spatial distribution of the ground-
water head. The topography pattern in Fig. 13a aligns well
with the river-aquifer water exchange rate pattern in Fig. 13h:
Where there exists substantial water from groundwater to
river (red colour), the groundwater head is lower than that in
adjacent cells; Whereas where river supplies additional water
to the aquifer (blue colour), the groundwater head is higher

Geosci. Model Dev., 18, 9653-9686, 2025



9670

(a) DEM
34°N

(b) Aquifer K
34°N

Q. He et al.: A global 5 arcmin groundwater model HO§-GMv1.0

(d) Recharge Rate
34°N

32°N

30°N +—

. ya) 300N vl
97°W  96°W  95°W  94°W  93°W  97°W  96°W  95°W  94°W
< Ty
0 50 100 150 200 0 5 10 15 20
unit: m unit: md—?!

(e) Groundwater head
34°N

(f) Flow Velocity
4°N fo g = .\ e

33°N

32°N

31°N

93°W

97°W 97°W  96°W  95°W  94°W  93°W

< Ty
0.00 025 050 0.75 1.00
unit: mm d-!

< Ty
00 25 50 75 100
unit: m2 d~1, logyo scale

(h) Riv-Agf Exchange Rate
34°N

34°N

"
33°N{g

32°N]

31°N

30°N — 30
97°W  96°W  95°W  94°W  93°W

0 50 100 150 200 0.0 0.1

0.2 0.3
unit: m unit: md=?!

30°N 1
9

7°W  96°W

5 e i B
95°W  94°W  93°W

-2 -1 0 1 2
unit: mm d-!

unit: m

Figure 13. Spatial distribution of key parameters controlling groundwater flow and the resulting surface-groundwater interactions. The
study region is in lower Mississippi River Basin. Panels (a)-(d) show model input variables, including the digital elevation model (DEM)
(a), aquifer hydraulic conductivity (K) (b), riverbed conductance (c¢), and groundwater recharge rate (d). Panels (e)—(h) present simulated
outputs, including groundwater head (e), lateral flow velocity with flow directions (f), head difference between aquifer and river (g), and
river—aquifer exchange rate (h), where positive values indicate losing rivers (water from rivers to aquifers) and negative values indicate

gaining rivers (water from aquifers to rivers). Rectangular in white colour does not indicate missing values but extremely small values.

than the neighbour grid cells. The river-aquifer exchange rate
is further determined by riverbed conductance and head dif-
ference between groundwater and river water channels. Most
grid cells with higher water exchange rate (either positive or
negative) tend to have higher riverbed conductance and larger
river-groundwater head difference, which corresponds well
to the governing equation in Eq. (1). Such river-aquifer ex-
change pattern is more evident in the Amazon River basins
(Fig. C9).

3.5 Global Net Groundwater Lateral Flows Estimated
from HO8-GM

As one motivation for developing the H08-GM model is to
evaluate the compensating effect of groundwater lateral flow
on urban water availability, in Fig. 14 we also show the
41 year mean steady-state annual net lateral flow flux map.
The net lateral flow flux here is calculated directly as flux
convergence at each grid cell, and represents the net water
fluxes a certain grid cell can gain or lose from the ground-
water movement. The positive values indicate net inflow or
groundwater “importers” (de Graaf and Stahl, 2022). Con-
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versely, the negative values of the sum indicate net outflow or
groundwater “exporters”. The global pattern of groundwater
lateral flow from the best-run simulation corresponds reason-
ably well with previous studies (Akhter et al., 2025; de Graaf
and Stahl, 2022; Krakauer et al., 2014; Miguez-Macho and
Fan, 2025). The highest net lateral flow distributed in Ama-
zon, highlighting its critical role in sustaining the ecosys-
tem in its neighbourhood. Moderately high flows are ob-
served in the eastern United States, Central Africa, north-
western Eurasia, and the tropical islands. Amazon serves as
the world’s largest groundwater exporters.

In terms of magnitude, our results compare more closely
with those of (de Graaf and Stahl, 2022), reaching over
600 mmyr~! in high flow regions. However, this is consid-
erably higher than the 100 mmyr~! reported by (Krakauer
et al., 2014), while much lower than the 1000 mm yr‘1 maxi-
mum estimated in (Miguez-Macho and Fan, 2025). Two pos-
sible reasons may explain this discrepancy. The first is the
scale-dependence of lateral flow flux. Previous studies have
shown that simulated groundwater lateral flow flux tends to
increase as the spatial resolution of a model becomes finer
(Akhter et al., 2025; Krakauer et al., 2014). The results of
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Figure 14. Global distribution of simulated net lateral groundwater flow (mm yrfl) derived from the coupled HO8-GM model. Overlaid
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See Fig. C11 for a Zoomed-in version.

(Miguez-Macho and Fan, 2025), estimated at a 1 km reso-
lution, therefore represent a finer-scale simulation that nat-
urally yields higher flow magnitudes. Second, the estimated
flow flux is strongly influenced by the model’s paramter set-
tings, especially the hydraulic condcutivity. When relatively
small hydraulic conductivity values are used, the flux mag-
nitude decreases significantly (Fig. C10, left column). How-
ever, even under the lowest hydraulic conductivity scenario,
the ratio of net lateral flow flux to groundwater recharge can
still be high, suggesting the lateral groundwater flow plays a
nonnegligible role in the grid cell’s water budget.

The net lateral flow results highlight the important role of
the compensating effects of groundwater flows in sustaining
regional water budgets, which should be considered but have
long been downplayed in GWMs. In Fig. 14 we also overlaid
several megacities in the world, classified as water-scarce and
non-water-scarce categories based on Mekonnen and Hoek-
stra (2016). It is clearly observed that the groundwater lateral
flow effect, whether it be importers or exporters, is quite con-
siderable in some water-scarce cities, e.g., Beijing, Houston,
etc., with net groundwater flow higher than 100 mm yr~'. For
other non-water-scarce cities as Tokyo, Berlin, New York,
etc., the net groundwater flow is even higher, approaching
200mmyr~!. The large amount of net groundwater flow
must be explicitly incorporated into current water resource
management models: Neglecting “exporters” effect may un-
derestimate the city’s water stress while neglecting “im-
porters” effect may tend to overestimate it. However, we note

https://doi.org/10.5194/gmd-18-9653-2025

that this analysis is only an exploratory illustration to show
that our model has potential for the representation of megac-
ities in GWMs. The operational city-scale groundwater lat-
eral inflow/outflow assessments require more robust analy-
ses to address the model’s spatial resolution, the uncertain-
ties in aquifer hydraulic conductivity, riverbed conductance,
and other boundary conditions.

4 Conclusions

This study has presented a high-resolution global groundwa-
ter model HO8-GM by incorporating various global hydroge-
ological datasets. Sensitivity analyses have been conducted
on several key model parameters in order to produce the best
model performance in simulating the steady-state groundwa-
ter levels. Validated against approximately 1.6 million in-situ
observations, the results show that the model with optimal
parameter settings performs well at the global scale with R
of 0.93. The model performs particularly well over plain ar-
eas where large cities and extensive human activities are lo-
cated, with groundwater head biases within +25m, but the
model tends to show larger biases over mountainous regions,
possibly due to the uncertainty in aquifer properties as well
as model’s limitation in dealing with sharp groundwater head
changes. Our results demonstrate that the coupled H08-GM
modelling framework can effectively reproduce realistic spa-
tial gradients of groundwater heads, with deeper groundwater
tables in mountainous areas from shallower groundwater in

Geosci. Model Dev., 18, 9653-9686, 2025
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plains. Such a pattern primarily results from the topograph-
ically driven groundwater flow dynamics, with aquifer and
river hydrogeological properties contributing significantly to
the local heterogeneity. Using the model, we identify the re-
gions that function as net groundwater “importers” or “ex-
porters” at the global scale and show that the annual net
groundwater lateral flow amount can be quite considerable,
in the magnitude nonnegligible to annual surface groundwa-
ter recharge. This highlights the important role of the ground-
water lateral flow in maintaining regional water budget and
has to be considered in water resources models, particularly
for megacities.

Several limitations should be noted for potential model
users. First, our model only applies a single unconfined
aquifer layer, and thus omits vertical head gradients, aquitard
leakage, and coastal effects that are central to deep confined
basins (e.g., Northern China Plain, Central Valley, etc.). Con-
sequently, the simulated groundwater head over the areas
with deep confined aquifer system can be underestimated.
This simpler model conceptualization was chosen due to the
limited availability of global confined aquifer hydrogeolog-
ical parameters and the evidence that the shallow ground-
water (mainly unconfined) contributes largely to sustain an-
thropogenic and ecological groundwater use purposes (Gao
et al., 2018). Second, the current simulation is still one-
way (HO8 — MODFLOW) with no feedback from ground-
water to land-surface processes. As a result, the excessive
groundwater is simply removed from the aquifer system,
rather than enters to the surface water to strengthen their
recharge to the aquifer. HO8 evapotranspiration and alloca-
tion do not respond to the simulated groundwater heads or
capillary rise; river water level is not updated by modeled
baseflow. This could cause underestimation (deeper) of the
simulated groundwater head than it should be if the two-way
simulation were enabled. Furthermore, there still exist un-
certainties in the model’s key hydrogeological parameters.
Compared with the earlier global sensitivity analysis by de
Graaf et al. (2015), which mainly evaluated the coefficient of
variation of model outputs, and the more comprehensive sub-
sequent study by Reinecke et al. (2019b), which systemati-
cally quantified model sensitivity to both individual and com-
bined parameter variations through an extensive set of 1848
Monte Carlo experiments, our OAT sensitivity test provides
a complementary but more limited perspective on parameter
uncertainty. However, the fact that the simulated groundwa-
ter heads compare reasonably well to the in-situ observations
globally confirms the feasibility of our model, although more
comprehensive parameter tunings are suggested in the future.

Our model contributes as one of the three major GH-
WDMs that explicitly considers groundwater lateral flow at the
global scale. Additionally, the capability of H08-GM to di-
rectly output groundwater levels, calculate lateral flow rate,
and connect rivers and aquifers, provides a powerful tool to
investigate the groundwater decline trend over the pumping
hotspots in the world, to identify river basins as importers or
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exporters, and to examine the losing and gaining regimes of
streamflow. It will essentially help improve the accuracy of
the water resource availability estimated based on the origi-
nal HO8 model. The steady-state simulation result in this pa-
per has demonstrated the 40 year mean natural groundwa-
ter level distribution without human disturbance. In the next
step, the temporal groundwater level variability and the hu-
man water withdrawal effect over the past 40 years should
be investigated to help further advance our understanding of
the important role of groundwater in supporting human wa-
ter consumption, and the fundamental mechanisms behind
the human-groundwater interactions.

Appendix A: Algorithms to calculate river channel
depth and river width

In the latest version of CaMaFlood, the river channel depth
(Dchn) is calculated based on the power-law empirical equa-
tion, as:

H,
Dchn = max (Hminy H x Qchpn + HO) (A1)

Where, Hpyin = 1.0 is the prescribed minimum channel depth
(unit: m); He = 0.1 and H, = 0.50 are the coefficients, Hy =
0.00 is the prescribed offset number for river channels; Qcpn
is the river discharge (unit: m3s~!).

The river width (RIVy,) is obtained based on both satel-
lite observation and power-law estimation. The satellite-
derived river width is first read in as the baseline variable
(RIVgwdir). The river width based on power-law (RIVyy) is
then calculated separately, as:

|4
RIVyth = max(Win We x Qchi + Wo) (A2)

Where, Wpin = 5.0 is the prescribed minimum river chan-
nel width (unit: m), W, = 2.50 and W, = 0.60 are the coeffi-
cients, and Wy = 0.00 is the prescribed offset number; Qcpn
is the river discharge (unit: m3s~!).

Afterwards, RIVy, is used to constrain the underestima-
tion of RIVgwair for small rivers and overestimation for large
rivers, as:

RIngdlr =

max(RIVgwair, RIVyw) . if RIVgwarr < 50

RIVym x 0.5, if RIVgwdir < RIVym x 0.5
RIVym x 5.0, if RIVgwdir > RIVym x 5.0
10000 , if RIVgwarr > 10000

(A3)

https://doi.org/10.5194/gmd-18-9653-2025
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Appendix B: Look-up table for lithology-based aquifer
conductivity (log-transformed, m?)

Table B1. The 16 lithology categories are PY (Pycroclastics), VB (Basic Volcanic Rocks), PA (Acid Plutonic Rocks), MT (Metamorphic
Rocks), SU (Unconsolidated Sediments), SS (Siliciclastic Sedimentary Rocks), ND (No Data), PB (Basic Plutonic Rocks), SM (Mixed
Sedimentary Rocks), WB (Water Bodies), VI (Intermediate Volcanic Rocks), SC (Carbonate Sedimentary Rocks), VA (Acid Vocanic Rocks),
EV (Evaporites), PI (Intermediate Plutonic Rocks), IG (Ice and Glaciers). For each lithological categories there are maximum 4 subcategories
(SbC). The mean (u), sample size, and standard deviation (o) for each subcategory are listed. The category-averaged mean (ijog ) and
standard deviation (Olog k) are then calculated and given in the last two columns.

Olog K (mz) | Mlog K (mz) | Olog K (mz) | Hlogk  OlogK

SbCl1  SbC2  SbC3  SbC4 | SbC1  SbC2 SbC3  SbC4 | SbCI SbC2 SbC3  SbC4 | (m?)  (m?)

PY -13.0 -152 —125 00| 113 20 33 0 2.0 25 1.8 0.0 | —132 2.0
VB  —125 -125 0.0 0.0 33 33 0 0 1.8 1.8 0.0 00 | —125 1.8
PA —14.1 —14.1 0.0 0.0 17 17 0 0 15 15 0.0 0.0 | —14.1 15
MT —14.1 —14.1 0.0 0.0 17 17 0 0 15 15 0.0 0.0 | —14.1 15
SU -13.0 -109 —140 —13.0| 113 82 31 113 2.0 1.2 1.8 20| —12.6 1.8
SS  —152 -—125 -165 —152 20 9 11 20 25 0.9 1.7 25| —15.0 2.1
ND NA NA NA NA| NA NA NA NA| NA NA NA NA| —200 0.0
PB  —14.1 -—14.1 0.0 0.0 17 17 0 0 15 15 0.0 0.0 | —14.1 15
SM —152 —125 —165 —152 20 9 11 20 25 0.9 1.7 25| —15.0 2.1
WB NA NA NA NA| NA NA NA NA| NA NA NA NA| —200 0.0
VI —125 0.0 0.0 0.0 33 0 0 0 1.8 0.0 0.0 00 | —125 1.8
SC -118 -—118 0.0 0.0 47 47 0 0 15 15 0.0 0.0 | —11.8 15
VA —125 —125 0.0 0.0 33 33 0 0 1.8 1.8 0.0 00 | —125 1.8
EV NA NA NA NA| NA NA NA NA| NA NA NA NA| —200 0.0
PI  —14.1 0.0 0.0 0.0 17 0 0 0 15 0.0 0.0 0.0 | —14.1 15
1G NA NA NA NA| NA NA NA NA| NA NA NA NA| —200 0.0

NA: not available.

Appendix C: Supplementary figures
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Latitude

180 120°W 60°W 0° 60°E 120°E 180
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Figure C1. Global distribution of lithology category. The 16 lithology categories are PY (Pycroclastics), VB (Basic Volcanic Rocks), PA
(Acid Plutonic Rocks), MT (Metamorphic Rocks), SU (Unconsolidated Sediments), SS (Siliciclastic Sedimentary Rocks), ND (No Data), PB
(Basic Plutonic Rocks), SM (Mixed Sedimentary Rocks), WB (Water Bodies), VI (Intermediate Volcanic Rocks), SC (Carbonate Sedimentary
Rocks), VA (Acid Vocanic Rocks), EV (Evaporites), PI (Intermediate Plutonic Rocks), IG (Ice and Glaciers).
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Figure C2. Global distribution of groundwater recharge statistics for sensitivity analyses. (a) Same as Fig. 2a in the main context: 41 year
average groundwater recharge rate (mm d_l); (b) Standard deviation of groundwater recharge rate (mmd_l); (¢) Groundwater recharge of
41 year mean plus 0.5 standard deviation (mm d_l); and (d) Groundwater recharge of 40 year mean minus 0.5 standard deviation (mm d_l).
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Figure C3. Global distribution of water-limited and energy-limited regions.
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Figure C5. Simulated groundwater head bias from experiment glb_K1R1B2.
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Figure C7. Global WTD distribution from sensitivity experiments Group B.
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Figure C8. Groundwater flow dynamics for Yellow River basin.
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Figure C9. Groundwater flow dynamics in Amazon River basin.
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Figure C11. Zoomed-in version of the simulated net lateral groundwater flow (mmyr— 1) derived from the coupled HO8-GM model.

Code and data availability. HO8-GM v1.0 is open source and
distributed under the terms of Creative Commons Attribution
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