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Abstract (maximum 150 words)

Avrising from a long-term deficit of precipitation, groundwater drought often lags meteorological
drought by months to years, depending on climate and subsurface hydrogeological conditions.
Due to the paucity of in situ groundwater data in many parts of the world, global monitoring of
groundwater storage variations and drought may be best achieved using satellite observations
and/or groundwater time series simulated by hydrological models. The Gravity Recovery and
Climate Experiment (GRACE) and GRACE Follow On (GRACE-FO) missions have greatly
benefitted the modeling and monitoring of groundwater storage changes and drought at the
global scale. In this chapter, we first review environmental controls on the temporal variability
of groundwater using in situ data. We then describe an approach that infuses GRACE and
GRACE-FO observations into a land surface model for assessing groundwater storage changes
and drought globally. We also discuss characteristics of simulated groundwater drought and the

limitations of current groundwater drought monitoring approaches.
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1.Introduction

Drought, as initiated by below-normal precipitation over weeks or longer time periods, can
propagate through the components of the hydrological cycle including groundwater (Changnon,
1987). Groundwater drought, defined as conditions when water tables drop below their normal
levels, is a class of drought distinct from hydrological and agricultural drought (Mishra and
Singh, 2010). Integrating surface meteorological conditions over months to years, groundwater
variations lag changes in precipitation longer than soil moisture or streamflow (Eltahir and Yeh,
1999; Li and Rodell, 2015). In addition, because overlying layers of soil and rock act as a low-
pass filter on near-surface processes, groundwater storage changes reflect mainly the low
frequency hydrometeorological variations (Eltahir and Yeh, 1999; Wang, 2012), making it
difficult to estimate groundwater drought conditions using indicators designed for other types of

drought.

Groundwater has been under immense stress in many parts of the world in recent decades
(Mukherjee et al., 2020) Globally, more than 2 billion people use groundwater exclusively for
drinking water, and 43% of irrigation water comes from aquifers (UNESCO,
https://en.unesco.org/themes/water-security/hydrology/groundwater). Groundwater depletion
associated with groundwater withdrawals for irrigation have been reported in many agriculturally
important regions (Rodell et al., 2009; Famiglietti et al., 2011; Feng et al., 2013; Voss et al.,
2013; Rodell et al., 2018). Changes in the groundwater systems also affect watershed health, as
groundwater sustains streamflow in arid and semi-arid regions and in wet regions during dry
periods (Eltahir and Yeh, 1999; Hughes et al., 2012). Decreases in water table levels in recent
decades have led to significant forest diebacks in the floodplains of Australia’s managed rivers

(Cunningham et al., 2011; Kath et al., 2014) and altered the landscape of riparian-dependent
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woodlands in the southwestern U.S. (Stromberg et al., 1992). Climate change may further stress
groundwater systems through its impacts on precipitation quantities, types, and intensity,
evapotranspiration, and water demand and re-distribution (Green et al., 2011; Taylor et al., 2012;

Famiglietti, 2014; Van Loon et al., 2016; Condon et al., 2020).

Groundwater drought is generally not well monitored due to limited availability of groundwater
observations around the world. The U.S. Geological Survey (USGS) is one of a very few
organizations that provide real-time groundwater conditions using well data

(https://groundwaterwatch.usgs.gov/default.asp), but it is limited to the United States, and much

of the country is under-sampled in real-time groundwater observations. At the time of writing
there were 1793 wells in the real-time network. The USGS archives data from thousands more
wells, but most of them are either infrequent or have short or discontinuous records. In addition,
wells located in confined aquifers are unsuitable for groundwater storage monitoring because
changes in hydraulic head are not necessarily caused by storage changes. A handful of other
countries including Australia and the Netherlands also make groundwater well data available

either directly (e.g., http://www.bom.gov.au/water/groundwater/explorer/;

https://www.dinoloket.nl/) or through the International Groundwater Resources Assessment

Centre (https://ggmn.un-igrac.org/) but they suffer from the same issues as the USGS data.

Groundwater data are unavailable in most of the rest of the world due to lack of observation
networks or measurements, records that are not digitized and centralized, or data access

restrictions (e.g., Rodell et al., 2009).

Numerical modeling provides an alternative means for estimating groundwater variations and
monitoring groundwater drought (Li and Rodell, 2015). When forced by temporally consistent

meteorological data, hydrological models can provide spatially and temporally continuous
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groundwater fields at regional and global scales (Déll et al., 2014; Sutanudjaja et al., 2018; Li et
al., 2019a). In addition, advanced hydrological models, constrained by water and energy
balances, are capable of providing reasonable ET estimates (Mueller et al., 2011; Jimenez et al.,
2011) which, along with precipitation, has the largest impact on groundwater temporal variability
(Eltahir and Yeh, 1999; Li and Rodell, 2015). In recent decades, satellite observations from the
Gravity Recovery and Climate Experiment (GRACE, Tapley, 2004) and GRACE Follow On
(GRACE-FO) missions have enabled new methods of monitoring groundwater storage and
drought at regional to global scales (Rodell and Famiglietti, 2002; Rodell et al., 2007; Zaitchik et
al., 2008; Houborg et al., 2012; Famiglietti and Rodell, 2013; D61l et al., 2014; Kumar et al.,

2016; Girotto et al., 2017; Li et al., 2019b).

In this chapter, we first review groundwater temporal variability reflected in in situ groundwater
observations and then describe an approach that infuses GRACE and GRACE-FO observations
into a land surface model to enable groundwater storage and drought monitoring. Finally, we

discuss challenges facing groundwater drought monitoring and future research directions.

2.Environmental controls on groundwater

To understand groundwater drought and its environmental controls, we first examine
groundwater temporal variability using in situ data from 181 wells located in four regions in the
northeastern U.S. and four sub-basins of the Mississippi River (Fig.1). Three criteria were used
for selecting well records from the larger set of available observations in the USGS archive
(Rodell et al., 2007; Li and Rodell, 2015). First, water level measurements must show seasonal

variability that indicates communication with the atmosphere. This eliminates wells located in
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confined aquifers. Second, to exclude direct anthropogenic impacts such as withdrawals and
injections, wells with large abrupt changes in their water level time series were excluded. Third,
we only selected wells with at least 10 years of temporally consistent observations (minimum
four measurements per year) in order to allow examination of seasonality and inter-annual
variability. For the purpose of examining temporal variability, water level measurements were
converted to anomalies by subtracting the long-term mean at each location. The resulting water
level anomalies were further converted to groundwater storage anomalies by multiplying them
by the specific yield, which was estimated individually for each well (Rodell et al., 2007; Li et
al., 2015) and provided in Li et al. (2019b). This enables comparison of groundwater storage

changes across wells and regions.

2.1 Precipitation

Fig.2 shows monthly groundwater storage anomalies from individual wells (gray lines) and their
regional average in the eight regions (dark black lines). The bars at the top represent monthly
precipitation from the North America Land Data Assimilation System-2 (NLDAS-2, Xia et al.,
2012). NLDAS-2 precipitation is derived by temporally disaggregating daily gauge
measurements using hourly radar images and is further spatially interpolated to a 0.125° grid
(Cosgrove et al., 2003). Regional groundwater storage and conforming precipitation time series
were computed by averaging in situ groundwater data and gridded precipitation data from all
well locations within each region. The influence of precipitation on regional groundwater
storage anomalies (relative to long-term mean) is apparent during prolonged wet and dry events
(Fig.2). For instance, the well-known drought that affected the Midwest and Northern Great

Plains during 1987-1989 produced large negative anomalies in the Upper Mississippi and
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Missouri basins, and a large positive anomaly is seen in the Upper Mississippi during the

summer floods of 1993.

These groundwater measurements exhibit strong seasonal variation peaking in April to May and
reaching annual minimum in fall and winter, despite weak seasonality in precipitation such as in
the four northeast regions or that out of phase with that of groundwater such as in the Upper
Mississippi basin (Fig. 3) (Li et al., 2015). The strong seasonality is shaped by combined
influences of precipitation and ET. For instance, in the Upper Mississippi and Missouri where
precipitation shows strong seasonality, maximum groundwater and precipitation occurs in the
same month (Missouri) or one month apart (Upper Mississippi). In the northern and high
altitudes of these regions, seasonal snowpack also stores a significant amount of annual
precipitation and releases it through spring snowmelt (Perez-Valdivia et al., 2012), which
balances the effect of increasing ET in the spring. On the other hand, in the Ohio-Tennessee and
the combined Red River and Lower-Mississippi (Red-LM) basins precipitation increases in late
spring to early summer, but evaporative demand and plant root uptake also increase, reducing the
water available for groundwater recharge and resulting in groundwater peaking before

precipitation peaks.

Groundwater exhibits more noticeable lagged responses to precipitation when the seasonal
cycles are removed from both time series (Fig.4) than in Fig.2. The maximum lagged correlation
is greater than 0.5 in seven of the eight regions, with the lag of maximum correlation ranging
from 2 to 7 months. In the Missouri basin, which is the driest among all regions/basins,
groundwater storage reached the lowest level in 1992, much later than the precipitation minimum
in 1988 (note precipitation in Fig.4 was smoothed with a 6-month running average). The long

lag likely reflects the delayed response and long recovery time needed in a dry climate where
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recharge is low and the water table is deep (Fig.2). Such lagged groundwater responses to
precipitation were postulated by Changnon (1987). Further, Eltahir and Yeh (1999), based on
nearly 30-years of in situ data in Illinois, showed that groundwater drought persisted longer with
higher intensity than pluvial events. This behavior was attributed to the non-linear dependency
of groundwater discharge on water levels which allows faster dissipation of groundwater during

floods.

2.2 Subsurface hydrogeological conditions

Hydrogeological conditions such as water table depths and aquifer properties may also impact
groundwater temporal variability and groundwater drought through their impacts on recharge
rates. Broomfield et al. (2015) examined water level measurements from three principle aquifers
in a small region in England where climate conditions are relatively uniform. They found that
the autocorrelation scale of groundwater time series increases with increasing water table depth
and that longer autocorrelation scale is associated with longer duration and more intensive
groundwater drought. The former can be attributed to the previously mentioned low-pass
filtering effect of overlying soil and rock on hydrometeorological conditions (Wu et al., 2002).
Also based on well data from England, Broomfield and Marchant (2013) showed that
groundwater autocorrelation scales are negatively correlated with soil diffusivity, more so in
granular aquifers than in fractured geological formations where the unsaturated zone depth plays

a stronger role on groundwater temporal variability.

The impacts of hydrogeological properties and conditions are not easily observable in the
groundwater data from the eight U.S. regions discussed above, where climate variability likely
dominates groundwater temporal variability. However, some results may be attributed to

hydrogeological conditions. For instance, the low correlation (0.17 at 7 months lag) between

8
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non-seasonal groundwater and precipitation in the Red-LM basin may be due to the thickness of
the unsaturated zone above the water table (Fig.2), whereas the correlation in Massachusetts,
where the water table is shallow, was strong (0.85 at 3 months lag). In Pennsylvania, where the
regional water table is also deep, non-seasonal groundwater reached a maximum correlation with
precipitation, 0.74, at a 2-month lag. Most wells in Pennsylvania are located in fractured rock
formations (Li and Rodell, 2015) which allow fast recharge during precipitation, hence strong
correlation at a short lag. These results suggest complex and intertwined environmental controls

on groundwater at the seasonal to inter-annual scales.

2.3 large-scale climate phenomena

As with other types of drought, groundwater drought is often caused by large-scale climate
signals and multi-year oscillations (Asong et al., 2018). These phenomena influence
groundwater through their impacts on precipitation, mainly on inter-annual scales. Among them,
the Pacific Decadal Oscillation (PDO) and the EI Nifio Southern Oscillation (ENSO) are known
to have the largest impacts on multi-year cyclic behaviors of groundwater in the western U.S.
(Hanson et al., 2006; Barco et al., 2010; Velasco et al., 2015). Perez-Valdivia et al. (2012)
observed effects of ENSO and PDO on shallow groundwater in the Canadian prairies. Anderson
and Emanuel (2008) reported that ENSO affected winter baseflow in North Carolina. Asoka et
al. (2017) theorized that groundwater decline in northern Indian was partly attributable to Indian
Ocean warming. Several studies have investigated the potential effects of climate change on
groundwater storage and recharge (Green et al., 2011; Taylor et al., 2012; Klgve et al., 2014;

Meixner et al., 2016; Niraula et al., 2017).

Subsurface properties and hydrogeological conditions have been shown to modulate groundwater

responses to large-scale climate signals. For instance, Anderson and Emanuel (2008) found that

9
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groundwater in highly permeable aquifers shows stronger responses to climate signals than that
in low permeability aquifers in the same climate regime. Hanson et al. (2006) showed that
groundwater variations in wells close to mountain fronts or rivers where hydraulic gradients are
large exhibit stronger influences of climate phenomena than those in other areas. These results
reflect the more dominant control of climate on groundwater in aquifers where the overlying

geology does not inhibit hydrological communication with the surface and atmosphere.

3.Groundwater drought monitoring

Because of the scarcity of in situ groundwater observations in most of the world, global-scale
groundwater drought monitoring has to rely on information from hydrological models and/or
satellite observations. In particular, land surface models (LSMs) have been widely applied for
drought monitoring at continental to global scales (e.g., Mo, 2008; Sheffield et al., 2012;
Houborg et al, 2012; Li et al., 2019b). When forced by observation-based meteorological fields,
LSMs are capable of simulating spatially and temporally continuous groundwater conditions
suitable for drought monitoring (Houborg et al., 2012; Li et al., 2015). An important component
of this approach is the skill of LSMs in simulating ET (Mueller et al., 2011; Jiménez et al., 2011)
which, along with precipitation, is the dominant driver of groundwater variability (Eltahir and
Yeh, 1999; Li et al., 2015). Just as importantly, LSM simulations can provide the long time
series of groundwater storage changes needed for identifying and quantifying groundwater
drought in the context of historical variability (Houborg et al., 2012). However, simulated
groundwater time series are subject to uncertainties stemming from simplified model physics
(Koster et al., 2000; Yeh and Eltahir, 2005a and 2005b; Niu et al., 2007; Koirala et al., 2014) and

errors in the forcing data used to drive the model (Xia et al., 2017; Li et al., 2019a, 2019b).

10
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3.1 GRACE data assimilation for groundwater drought monitoring

The GRACE and GRACE-FO satellite missions were designed to map Earth’s gravity field on a
monthly basis with sufficient precision to quantify variations in terrestrial water storage (TWS),
among other mass changes (Tapley et al., 2004). TWS comprises soil moisture, groundwater,
snow, surface waters, and ice (Rodell and Famiglietti, 2001). GRACE and GRACE-FO, which

span from 2002 to present with an 11-month gap in 2017-2018 (https://grace.jpl.nasa.gov/),

provide the only satellite-based observations that can be used to infer changes in water stored
below the surface soil layer, including groundwater. GRACE and GRACE-FO detect water
storage changes throughout all seasons (Li et al., 2012), which is critical for continuous drought
monitoring. Low levels of non-seasonal GRACE derived TWS have been shown to correlate
strongly with drought (Andersen et al., 2005; Yirdaw et al., 2008; Chen et al., 2009; Leblanc et

al., 2009; Li et al., 2012; Long et al., 2013; Thomas et al., 2017; Zhao et al. 2017).

One of the challenges in applying GRACE/GRACE-FO data for groundwater drought
monitoring lies in isolating groundwater from the vertically integrated TWS observations. In
addition, GRACE/GRACE-FO data are provided monthly, often with 2-5 months of latency,
with an effective spatial resolution around 150,000 km? at mid-latitudes (Rowlands et al., 2005;
Swenson et al., 2006). These characteristics complicate the use of GRACE and GRACE-FO
data for operational applications such as drought monitoring, which requires near-real time, fine-

scale information.

To overcome these challenges, methods have been developed, tested, and refined for assimilating
GRACE/GRACE-FO data into LSMs using ensemble Kalman smoothers and similar techniques
(Zaitchik et al., 2008; Girotto et al., 2016; Kumar et al., 2016). The assimilated results have

significantly higher spatial and temporal resolutions than the GRACE and GRACE-FO data with
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sub-weekly latency. The output states and fluxes, including soil moisture, groundwater, snow
water equivalent, and streamflow, are in most cases superior to unassimilated (open loop) model
output (Zaitchik et al., 2008; Su et al., 2010; Houborg et al., 2012; Li et al., 2012; Girotto et al.,
2017; Kumar et al., 2017; Li et al., 2019b). An ensemble smoother can be represented by the

update equation (Zaitchik et al., 2008):

X=X +K(¥o—Yu) (1)
where X ¢ represents the analysis of modeled states at the current time step; K is the Kalman
gain matrix which is calculated from observation errors and model uncertainty represented in the
ensemble; Y ,represents GRACE/GRACE-FO-derived TWS; Y, represents model simulated
TWS. Because GRACE/GRACE-FO TWS are anomalies (relative to temporal mean), Y, is
created by adding the long-term temporal mean of modeled TWS to GRACE/GRACE-FO TWS.
The states (X/and X¢) are computed at the model’s finer scale and daily time step, while ¥ ,and

Y, are evaluated monthly at the coarser scale of GRACE data, hence the smoother enables

spatial and temporal downscaling.

Below we discuss results obtained from assimilating GRACE/GRACE-FO data into the
Catchment land surface model (CLSM, Koster et al., 2000) for groundwater storage and drought
monitoring at the global scale (Li et al., 2019b). CLSM simulates subsurface water storage
changes in three subsurface water zones, a surface layer (0-2 cm below the surface), the root
zone (0-100 cm) and the full soil profile whose thickness is determined by CLSM’s bedrock
depth parameter. It also simulates seasonal snowpack changes in three snow layers and canopy

interception. CLSM does not model water table variations, hence groundwater storage is derived

12
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by subtracting the water stored in the root zone from that in the full soil profile. Based on this
configuration, the state vector in equation (1), X, represents root zone soil moisture,
groundwater, snow, and canopy interception and Y,,, represents the sum of the aforementioned

variables.

Fig. 5 shows that monthly TWS from the open loop simulation, i.e., without assimilating
GRACE data (top panel), GRACE data assimilation (2" panel from the top), and GRACE alone
(3" panel from the top) for August 2015. It is clear that GRACE data assimilation brought
simulated TWS closer to the GRACE observation while retaining the spatial details of the open
loop simulation, which in turn reflect spatial variability in the high-resolution model parameter
and forcing data. The large negative values in the Canadian Archipelago and the Gulf of Alaska
are associated with ice sheet and glacier mass losses (Gardner et al., 2011). CLSM does not

simulate these processes and therefore, did not simulate decreasing trends in those areas.

The bottom panel of Fig.5 shows TWS time series for an area in Southern Germany which
experienced severe drought in 2003, 2015, and 2018 and which has been studied by Van Loon et
al. (2017) using in situ groundwater data. Open loop CLSM indicates more severe drought in
2003 than in 2015, which is consistent with 2015 being a wetter year than 2003 (Van Loon et al.,
2017). However, the region had experienced precipitation deficits for several years leading up to
the 2015 drought which caused a long-term deficit in groundwater storage (Van Loon et al.,
2017). GRACE detected this long-term decline in groundwater storage and hence, signified
more severe drought in 2015. Open loop CLSM TWS did not capture this multi-year water
storage decline, likely due to deficiencies in model physics and/or errors in the forcing data.
Regardless of the source of uncertainty, data assimilation adjusted simulated TWS towards

GRACE observations, resulting in a more accurate depiction of drought in 2015. The same plot
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also demonstrates that the assimilation model fills data gaps including that between GRACE and
GRACE-FO (August 2017 to June 2018) by relying on forcing data alone as input, while the soil

moisture and groundwater “memory” ensures continuity from GRACE to GRACE-FO periods.

Fig.6 presents an evaluation of the data assimilation results using the independent, in situ
groundwater observations described in section 2. GRACE data assimilation decreased the root
mean square error (RMSE) in all regions and increased the correlation with in situ groundwater
in six of the eight regions. Fig.6 also shows that GRACE/GRACE-FO data assimilation does not
guarantee agreement with the in situ observations. For instance, groundwater from both the open
loop and the GRACE/GRACE-FO data assimilation identified 2006 as a drought year in Red-
LM, more than a year earlier than did the in situ observations. It is unknown whether this
discrepancy was caused by errors in the forcing and GRACE data or perhaps by under-sampling
of the region by the thirteen wells used to construct the average (Fig.1). Despite the limitations
of this type of comparison, Li et al. (2019b) reported generally positive impacts of GRACE data
assimilation on simulated groundwater in regions that spanned five continents based on time
series from nearly 4,000 wells. In particular, RMSE decreased by 36% and 10% and correlation
improved by 16% and 22% at the regional and point scales, respectively (Li et al., 2019b).

These improvements demonstrate the value of GRACE/GRACE-FO data assimilation for

groundwater storage change assessment and drought monitoring.

Fig. 7 shows global groundwater wetness percentile maps for Sept. 22, 2003 and Sept. 21, 2015
derived from GRACE/GRACE-FO data assimilation output. As shown in Fig.5, the GRACE-
based groundwater indictor shows more severe drought in 2015 than in 2003 in Southern
Germany and the surrounding region. In addition to spatial downscaling, GRACE/GRACE-FO

data assimilation enables temporal downscaling so that drought conditions can be provided daily
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(as opposed to monthly with GRACE/GRACE-FO observations). The percentiles were created
by ranking groundwater estimates against a climatology derived from a 1948-2014 CLSM
simulation forced by the Princeton meteorological forcing dataset (Sheffield et al., 2006). The
model simulation is used for climatology because the GRACE and GRACE-FO data period
alone (2002-present) is too short to reveal the full range of variability in groundwater. Scale
factors were derived, based on the overlapping period between GRACE/GRACE-FO data
assimilation (which utilized a different meteorological forcing dataset, ECMWEF, Dee et al.,
2011) and the long term simulation, and employed to ensure the consistency between the long
term model climatology and the GRACE/GRACE-FO data assimilation (Li and Rodell, 2015; Li
et al. 2019b). The scale factors were derived for each pixel and each calendar month to avoid

non-Gaussian behaviors in simulated subsurface states (Mo, 2008).

3.2 Other groundwater drought indicators

Groundwater drought indicators have also been derived by subtracting soil moisture and snow
water equivalents (usually estimated by LSMs) from GRACE TWS, under the assumption that
other TWS change components are negligible (e.g., Thomas et al., 2014; Van Loon et al., 2017).
However, the resulting indicators have the same spatial and temporal (monthly) scales and
latency as those of GRACE and GRACE-FO data, making them unsuitable for real-time

operational drought monitoring.

Van Loon et al. (2017) developed a groundwater drought indicator based on the correlation scale
between in situ groundwater and the Standard Precipitation Index (SPI). While allowing
detection of groundwater drought using readily available precipitation data, the approach

requires long records of groundwater data and thus, is limited to regions where such records are
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available. In addition, non-linear processes affecting groundwater such as groundwater

discharge and recharge (Eltahir and Yeh,1999) are likely to be missed by the approach.

Standardized groundwater indices (SGIs) have been developed to identify groundwater drought
(Broomfield et al., 2013) using the similar procedure as SPIs. However, as noted by Broomfield
at al. (2013), such indicators do not show advantages over the percentile approach because
groundwater is a continuous variable in time and therefore, there is no need to calculate SGIs at

different accumulation periods as for SPIs.

Groundwater drought can also be identified using a threshold value approach (Peters et al.,
2006). This results in binary drought or non-drought conditions being identified but does not
provide information on drought severity (Broomfield et al., 2013). Further, variable thresholds

for different months of the year may be necessary to account for groundwater seasonality.

4. Characteristics of groundwater drought at the global domain

Characteristics of groundwater drought are not well understood at the global domain due to
limited spatial coverage of available in situ well records. Here we use CLSM simulated
groundwater to examine groundwater drought and its relationship with climate and other factors.
Specifically, we use the SPI accumulation period at which maximum correlation between SPIs
and groundwater is reached to examine temporal scales of groundwater and groundwater drought
(Li and Rodell, 2015; Broomfield et al., 2015; Li et al., 2019b). For this analysis, CLSM
simulated groundwater storage from the climatology run (see section 3.1) which spans 1948 to
2014 was converted to standardized anomalies (with monthly mean removed). The Princeton

precipitation data (Sheffield et al., 2006) used to force the climatology run were converted to
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SPIs at 3 to 36-month accumulation periods. Use of the longer record of simulated groundwater
(as opposed to that from GRACE/GRACE-FO data assimilation) provides more robust

characterization of the relationship between groundwater and large-scale climate variability.

CLSM simulated groundwater correlates strongly with SPI3 in certain tropical and subtropical
regions including the northern South America, the east-central Africa, Indonesia and the
southeastern Australia, where the climate is both wet and strongly affected by the EI-Nino
Southern Oscillation (ENSO, Dai and Wigley, 2000). Abundant precipitation in these regions

leads to wet soils and shallow water tables and hence rapid groundwater recharge.

As the SPI accumulation period increases from 3 to 12 months, the correlation between SPI and
CLSM groundwater storage increases in most regions where the influence of ENSO is weak.
Simulated groundwater is best correlated with SP112 over a large portion of the global land
(Figs.8d and 8e). Longer SPI integration periods are best correlated with groundwater storage in
high latitude regions where groundwater recharge is dominated by spring snowmelt (Perez-
Valdivia et al., 2012), while shorter integration periods are best correlated in the tropics. Russo
and Lall (2017) and Asoka et al. (2017) also identified 12 months as the optimal correlation scale
based on in situ groundwater data in the U.S. and India, respectively. Broomfield et al. (2015)
reported that regional groundwater showed the strongest correlation with SP112, even though the
sub-regional groundwater correlated strongly with SPIs at 4 to 17-month periods depending on
vadose thickness. The impact of seasonal variation of ET on groundwater (Eltahir and Yeh,
1999) is likely to be a factor in most cases excepting cold lands. In the Sahara Desert, where

groundwater recharge is nearly zero, a low correlation is observed at all time scales.

As discussed earlier, temporal variability of groundwater may be affected by hydrogeological

conditions which are represented in a simplified way in CLSM by a bedrock depth parameter. In
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general, the deeper the bedrock, the deeper the water table and the slower the groundwater
response. The impact of the bedrock depth can be observed in the Great Plains of the U.S. and in
Northwestern Europe (Figs. 8e and 8f), where CLSM bedrock is particularly deep and
groundwater correlates most strongly with SPI periods that often exceed 24 months. However,
the effect of bedrock depth may be overridden by a wet climate, in which abundant precipitation
keeps the water table shallow, thus enabling rapid recharge. This is the case in Central Africa,
Southeast China, and Indonesia, where the bedrock is deep but CLSM groundwater correlates
most strongly with short-period SPIs. In these regions, groundwater drought can develop during

short-term precipitation deficits but can recover quickly once precipitation increases.

5. Discussions and future research

Groundwater drought is caused by an extended precipitation deficit and may be exacerbated by
evaporative demand. Because it is driven by atmospheric conditions, it only occurs in aquifers
that are in communication with the surface hydrology, i.e., unconfined and semi-confined
aquifers. Due to its lagged relationship with low frequency hydrometeorological phenomena
(Eltahir and Yeh, 1999), groundwater drought differs from agricultural and hydrological

droughts and must be evaluated separately.

Analyses of in situ groundwater data reveal the strong influence of precipitation variations. In
the northeastern U.S. and the Mississippi River basin, regional groundwater storage changes lag
precipitation by 2-4 months with maximum correlation generally exceeding 0.5, suggesting that
groundwater drought occurs often even in the humid and semi-humid climates. However,
individual groundwater drought events may persist longer, well after precipitation has returned to
normal, as observed in well time series from the Missouri sub-basin and in Illinois (see Eltahir

and Yeh, 1999). Subsurface hydrogeological conditions also affect groundwater drought onset
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and evolution through their partial control on recharge rates, but they can also be nullified in wet

climates.

Considering the scarcity of groundwater observations around the globe, simulated or assimilated
groundwater time series from hydrological models are a valuable alternative that has proven
useful for global-scale groundwater drought monitoring. Forced by observation-based
meteorological fields and constrained by water and energy balance equations, hydrological
models are capable of simulating groundwater response to near-surface processes including
precipitation and evapotranspiration, with reasonable skill (Li et al., 2019a). In particular,
LSMs, which are both physically based and computationally efficient, can run with high spatial
and temporal resolution at the continental to global scales. Assimilation of GRACE and
GRACE-FO data into LSMs provides much needed constraints on global groundwater
simulation, especially in data scarce regions where uncertainty in forcing and parameter data are
likely high. Data assimilation also enables disaggregation of GRACE/GRACE-FO derived TWS
so that groundwater and the other components of TWS can be evaluated independently. Recent
studies have demonstrated that GRACE/GRACE-FO data assimilation into CLSM reduces
uncertainty in simulated groundwater time series at both regional and point scales (Li et al.,
2019b), while also filling observational gaps and extending the information to near-real time.

These improvements enable more reliable and comprehensive groundwater drought monitoring.

One of the significant limitations of LSMs such as CLSM is that they typically do not simulate
relevant anthropogenic activities such as groundwater pumping and irrigation, though such
capabilities are now under development (e.g., Nie et al., 2019). This has limited the ability of
data assimilation to properly downscale GRACE observations in regions with intensive

withdrawals such as the North China Plain (Li et al., 2019b). Consequently, a resulting
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GRACE/GRACE-FO-based groundwater drought indicator cannot separate drought conditions
associated with climate variability from water depletion caused by groundwater extraction.
While the need to account for anthropogenic activities in drought and water management has
drawn considerable attention (e.g., Van Loon et al., 2017; Nie et al., 2018), doing so would
present other challenges to drought identification. For instance, a percentile-based groundwater
drought indicator would always yield exceptional drought in areas where intensive groundwater
withdrawals have caused a long-term decline in the water table, such as California’s Central
Valley. This is due to the fact that most statistical methods for quantifying drought severity
assume stationarity, while groundwater depletion is a non-stationary behavior. Under these
circumstances, a separate system for quantifying anthropogenic impacts on groundwater (Van
Loon & Van Lanen, 2013) may be an alternative for understanding and communicating
groundwater depletion. However, non-stationary statistical methods will continue to be needed
to analyze groundwater drought, as climate change may also lead to non-stationary behaviors in

groundwater.

Another challenge to using LSMs and other global scale hydrological models for groundwater
drought monitoring is that they do not simulate lateral flows of groundwater. Therefore, they
may misrepresent groundwater dynamics in aquifers such as those located at the base of
mountains, which are mainly recharged by lateral flow from the adjacent mountain blocks
(Wilson and Guan, 2004; Markovich et al., 2019). GRACE/GRACE-FO generally does not
resolve water storage changes at these small scales. Dynamic flow models are needed to
simulate three-dimensional flows and to account for complex geological and hydrogeological
conditions and processes such as preferential flow and focused recharge (Wilson and Guan,

2004). While significant improvements have been made, including coupling sophisticated
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groundwater flow models with LSMs (Maxwell et al., 2014), it remains a challenge to calibrate
such models for global scale simulation due to the need for more hydrogeological information
and in situ well data (de Graaf et al., 2015, 2017). Future studies should focus on combining
successful modeling and data assimilation approaches and using all available data for
parameterization, calibration, and evaluation, in order to achieve optimal global groundwater

drought monitoring.
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Figures

Figure 1. Locations of groundwater wells in Long Island (L1), New Jersey (NJ), Massachusetts
(MA), Pennsylvania (PA) and the four sub-basins of the Mississippi River: the Upper Mississippi
(Up-Mis), the Ohio-Tennessee (Oh-Tn), the combined Red River and Lower Mississippi (Red-

LM) and the Missouri. Numbers in parentheses indicate the number of wells in each region.

Figure 2. Time series of monthly groundwater storage anomalies at individual wells (gray lines),
their regional mean (black line) in the eight regions. The top bars represent averaged monthly
NLDAS-2 precipitation. r represents correlation between regional mean groundwater and

NLDAS-2 precipitation. Average groundwater depth in each region is also provided.

Figure 3. Monthly seasonal cycles of regional mean groundwater storage anomalies and

precipitation (gray bars) for the eight study regions.

Figure 4. Time series of non-seasonal groundwater storage (black lines) and precipitation (blue
lines, smoothed with 6-month running average) anomalies in the eight regions. Numbers

represent maximum correlation and the lag of maximum correlation.

Figure.5 Monthly non-seasonal TWS from CLSM open loop simulation, GRACE data
assimilation, GRACE for August, 2015 (top three panels) and region averaged monthly non-
seasonal TWS time series in Southern Germany (identified by the black square box in the top

three panels). GRACE/GRACE FO data are based on the CSR RL06 product.

Figure.6 Monthly non-seasonal groundwater storage anomalies from the open loop, GRACE data
assimilation (DA) and in situ data in the four Mississippi sub-basins and four northeast U.S.
regions. RMSE and correlation between in situ and simulated (DA and open loop) groundwater

time series (in parentheses) are provided.
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Figure.7 GRACE-based global groundwater wetness percentile maps where higher percentiles
represent wetter conditions. Based on the U.S Drought Monitor, drought severity can be
categorized using the following thresholds: exceptional drought: <=2%, extreme drought: 2-5%,

severe drought: 5-10%, moderate drought: 10-20%, abnormally dry: 20-30%.

Figure.8 Correlation between the CLSM simulated groundwater and SPI3, SP16 and SP112 (a, b
and c¢), maximum correlation between groundwater and SPIs, month of maximum correlation and

CLSM bedrock depths (d, e and f).
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Figure 1. Locations of groundwater wells in Long Island (LI), New Jersey (NJ), Massachusetts (MA), Pennsylvania (PA) and the four sub-basins of the
Mississippi river: the Upper Mississippi (Up-Mis), the Ohio-Tennessee (Oh-Tn), the combined Red River and Lower Mississippi (Red-LM) and the Missouri.
Numbers in parentheses indicate the number of wells in each region.
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Figure 1. Locations of groundwater wells in Long Island (LI), New Jersey (NJ), Massachusetts (MA), Pennsylvania (PA) and the four sub-basins of the Mississippi river: the Upper Mississippi (Up-Mis), the Ohio-Tennessee (Oh-Tn), the combined Red River and Lower Mississippi (Red-LM) and the Missouri.  Numbers in parentheses indicate the number of wells in each region.   
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Figure 2. Time series of monthly groundwater storage anomalies at individual wells (gray lines), their regional mean (black line) in the eight regions. The top
bars represent averaged monthly NLDAS-2 precipitation. r represents correlation between regional mean groundwater and NLDAS-2 precipitation. Average
groundwater depth in each region is also provided.
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Figure 2. Time series of monthly groundwater storage anomalies at individual wells (gray lines), their regional mean (black line) in the eight regions.  The top bars represent averaged monthly NLDAS-2 precipitation.  r represents correlation between regional mean groundwater and NLDAS-2 precipitation.  Average groundwater depth in each region is also provided.  
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Figure 3. Monthly seasonal cycles of regional mean groundwater storage anomalies and precipitation (gray bars) for the eight study regions.
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Figure 4. Time series of non-seasonal groundwater storage (black lines) and precipitation (blue lines, smoothed with 6-month running average) anomalies in the
eight regions. Numbers represent maximum correlation and the lag of maximum correlation.
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Figure.5 Monthly non-seasonal TWS from CLSM open loop simulation, GRACE data
assimilation, GRACE for August, 2015 (top three panels) and region averaged monthly non-
seasonal TWS time series in Southern Germany (identified by the black square box in the top
three panels). GRACE/GRACE FO data are based on the CSR RL06 product.
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Figure.6 Monthly non-seasonal groundwater storage anomalies from the open loop, GRACE data assimilation
(DA) and in situ data in the four northeast U.S. regions and the four Mississippi sub-basins. RMSE and
correlation between in situ groundwater and that of DA and open loop (in parentheses) are provided.
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Figure.7 GRACE-based global groundwater wetness percentile maps where higher percentiles represent wetter conditions. Based on the U.S Drought
Monitor, drought severity can be categorized using the following thresholds: exceptional drought: <=2%, extreme drought: 2-5%, severe drought: 5-10%,
moderate drought: 10-20%, abnormally dry: 20-30%.
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Figure.8 Correlation between the CLSM simulated groundwater and SPI13, SPI16 and SPI12 (a,b and c),
maximum correlation between groundwater and SPIs, month of maximum correlation and CLSM bedrock
depths (d,e and f).
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Figure.8 Correlation between the CLSM simulated groundwater and SPI3, SPI6 and SPI12 (a,b and c), maximum correlation between groundwater and SPIs, month of maximum correlation and CLSM bedrock depths (d,e and f).
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