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Key Points:
o Groundwater storage recovery during post-drought periods ranged from 34% (2007-2009
drought) to 13% (2012-2016 drought).
e Projected drought recovery times decrease by a factor of 3.6-7.8 with post-drought
periods containing a) no drought years or b) wet years only.
o Overdraft recovery times decrease ~2x with implementation of modest pumping

restrictions under no-drought post-drought climate.

Abstract

Groundwater depletion is a major threat to agricultural and municipal water supply in California’s
Central Valley. Recent droughts during 2007-2009 and 2012-2016 exacerbated chronic groundwater
depletion. However, it is unclear how much groundwater storage recovered from drought-related
overdrafts during post-drought years, and how climatic conditions and water management affected
recovery times. We estimated groundwater storage change in the Central Valley for April 2002 through
September 2019 using four methods: GRACE satellite data, a water balance approach, a hydrologic
simulation model, and monitoring wells. We also evaluated the sensitivity of drought recovery to different
climate scenarios (recent climate &+ droughts) and future climate change scenarios (20 GCMs and 2
RCPs). Central Valley groundwater loss ranged from 19 km® (2007 — 2009) to 26 km® (2012 — 2016)
(median of four methods). Aquifer storage recovery was 34% and 13% of the overdraft during the 2010—

2011 and 2017-2019 post-drought years. Numerical experiments show that recovery times are sensitive to
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climate forcing, with longer recovery times for a future climate scenario that replicates historical
climatology relative to historical forcing with no-drought. Recovery times for groundwater pumping
restrictions at 30" to 50" percentiles of historic groundwater depletion were reduced by ~2x relative to no
pumping restrictions under no-drought future climatology. This study highlights the importance of
considering water management within the context of climate change scenarios to determine future

drought recoveries.

Plain language summary:

California’s Central Valley has experienced chronic groundwater depletion over the past few
decades, the rate of which has been amplified by droughts in 2007-2009 and 2012-2016. There is
limited knowledge as to how much of the drought-caused groundwater depletion has recovered
during post-drought years and how climate and water management affect overdraft recovery
times. We address these issues by estimating groundwater storage changes using four methods
and conducting numerical experiments with varying climatic conditions and water management
options. We find that less than one-third of the groundwater overdraft from the most recent
droughts was recovered during post-drought years. Projected overdraft recovery times vary
greatly depending on the climate scenarios and water management strategies, and future droughts
are likely to cause overdrafts from which recovery is unlikely given the current level of
groundwater extractions. However, management measures such as capping groundwater
pumping could reduce recovery times by a factor of two or more depending on the groundwater

extraction cap and post-drought climate.
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1 Introduction

Groundwater overdraft during droughts is common in semiarid regions globally (Wada et al.,
2010), and climate change is expected to further accelerate groundwater depletion in these
regions (Alam et al., 2019; Wu et al., 2020). Groundwater overdrafts linked to droughts are
caused both by reduced groundwater recharge and increased agricultural, industrial, and
municipal water demand (Russo and Lall, 2017; Taylor et al., 2013). The impact of drought on
groundwater can be especially severe in irrigated agricultural regions with limited surface water
supply. There is a critical need to understand drought impacts on groundwater and to identify
measures to improve resiliency to droughts (Taylor et al., 2013).

Recovery of groundwater is critical for long term environmental and agricultural
sustainability. However, aquifers in semi-arid regions such as the U.S. High Plains and
northeastern India have shown limited resilience to drought events — the groundwater depletion
during droughts are typically not fully recovered (Famiglietti et al., 2011; Rodell and Famiglietti,
2002; Scanlon et al., 2012; Voss et al., 2015). Limited recovery can be attributed to excess
groundwater use that in some regions exceeds the net volume of water supplied during wet post-
drought years. For instance, groundwater in the Central and Southern High Plain aquifers (USA)
has been declining over the past few decades (39 km® during 2002 to 2017), and there has been
very low overdraft recovery during this time (i.e., 2006 through 2010) (Rateb et al., 2020). In
contrast, there are also some regions that show rapid groundwater recovery during post-drought
years (e.g., Texas Gulf Coast) (Rateb et al., 2020). Irrespective of the recovery pattern (rapid vs
slow), precipitation and related surface water supply are key to overdraft recovery as high
precipitation promotes greater groundwater recovery. Additionally, precipitation events affected
by large scale climatic conditions, such as the El Nifio Southern Oscillation (ENSO) (2 to 7-year
cycle) or the North Atlantic Oscillation (NAO) (3 to 6-year cycle) have been found to influence
groundwater level variability in many aquifers globally, e.g., North Atlantic Coastal Plain
principal aquifers (USA), Northwest India, Southwest British Columbia and other regions
(Asoka et al., 2017; Fleming and Quilty, 2006; Kuss and Gurdak, 2014; Perez-Valdivia et al.,
2012). However, the complex interplay between climatic conditions (e.g., precipitation) and the

nature of groundwater recovery is modulated by water management (e.g., groundwater pumping,
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reservoir regulation), and varying hydrogeologic conditions. To our knowledge, there is no study
that investigates the groundwater recovery associated with droughts and its connection to
precipitation and water management practices, particularly in highly managed aquifer (e.g.,
Central Valley of California).

California’s Central Valley (CV)—one of the richest agricultural regions in the world—
has experienced frequent droughts over the past half century, with the last decade marked by two
major drought periods: 2007—-2009 and 2012-2016 (Famiglietti, 2014; Faunt et al., 2016;
Thomas et al., 2017). Despite the droughts, agricultural water consumption in the CV did not
decrease during the drought years (Alam et al., 2019a; Gebremichael et al., 2021). The effects of
drought instead were mitigated by supplementing or replacing surface water supply sources with
groundwater (Famiglietti et al., 2011; Ralph & Dettinger, 2012). Increased water demand over
time compounded by ongoing climate change have resulted in long-term groundwater depletion
in the CV, which was accelerated during the 2007-2009 and 2012-2016 droughts (CDWR,
2013; Hanak et al., 2017; Xiao et al., 2017). The historic chronic groundwater depletion (Faunt et
al., 2009) motivated the State Legislature to enact the Sustainable Groundwater Management Act
(SGMA), which mandates sustainable groundwater use (California State Legislature, 2014).
While the use of groundwater to mitigate surface water shortages during droughts may be an
obvious management response that improves the reliability and robustness of the system, post-
drought recovery of groundwater overdraft is key to long-term sustainability. To ensure post-
drought groundwater storage recovery and develop a sustainable groundwater management plan
that increases groundwater resilience, there is a critical need for improved understanding of (1)
how much groundwater was recovered during post-drought years, and (2) the influence of
climate vs anthropogenic factors on post-drought groundwater recovery.

A major constraint in understanding post-drought groundwater recovery is the lack of
reliable groundwater storage data on a regional scale. Groundwater storage change estimates for
the CV vary substantially among different methods (Alam et al., 2020; Ojha et al., 2020;
Scanlon, et al., 2012), and this has made understanding of drought recovery challenging.
Commonly used methods for groundwater storage change estimation are, (1) well measurements
(Rateb et al., 2020; Scanlon et al., 2012), (2) Gravity Recovery and Climate Experiment
(GRACE) satellite-based estimates (Rateb et al., 2020; Scanlon et al., 2012), (3) water balance

4
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methods (Xiao et al., 2017), and (4) hydrologic simulation models (Brush, 2013; Faunt et al.,
2016). Each of these methods has its own strengths and weaknesses. Well data provide direct
measurements of groundwater levels, yet such measurements are scarce in many places, lack
continuous long-term measurements, and calculation of groundwater storage from well
measurements is prone to large uncertainties because of lack of knowledge of aquifer storage
coefficients and order of magnitude variations in storage coefficients between unconfined and
confined aquifers. Continuous estimates of groundwater storage change (2002 to present) can be
derived from the GRACE satellites which measure terrestrial water storage (TWS); however, the
GRACE footprint is large (~150,000 km?), limiting small scale groundwater storage change
estimation (Long et al., 2016; Longuevergne et al., 2007). Another approach to estimate regional
groundwater storage change is through the water balance method (WB), which sums the influxes
(precipitation, inflow) and subtracts the outfluxes/storage changes (evapotranspiration [ET],
outflow, in soil moisture, snow, and surface water) over a prescribed domain (Xiao et al., 2017),
closes the water balance (and hence provides groundwater storage change estimates compatible
with the other hydrological components), yet it is subject to estimation errors from each of the
water balance components. Hydrologic models simulate continuous groundwater storage
changes, and are ideal to perform scenario experiments (Dogrul et al., 2016; Faunt et al., 2016).
However, such simulations are subject to errors resulting from model’s approximation to
physical process, parameter estimation, and input data accuracy.

In summary, each of the groundwater storage change estimation/measurement methods
has its own pros and cons, and there is no single method that is likely to outperform others. Past
studies of groundwater change in the CV (and many other regions of the world) have relied on
only one or two of the above methods. For instance, Xiao et al. (2017) estimated groundwater
depletion and post-drought recovery for the 20072009 drought using GRACE satellite data and
the WB method. They found groundwater depletion trends for the two methods were similar, but
recovery rates differed substantially. We argue that in order to fully understand post-drought
groundwater storage recovery, it is important to formally acknowledge differences in results
from the various groundwater estimation methods, but to use multiple methods to the maximum
extent possible. This can be done through the use of all available groundwater estimation
methods and by identifying and acknowledging agreements and disagreements in the results. To

5
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our knowledge, no study has been performed on CV that examines and compares groundwater
depletion and recovery rates from all four-groundwater storage change estimation methods.

Climate and anthropogenic factors can strongly influence groundwater depletion and
recovery (Alam, et al. 2019; Hanson et al. 2012; Taylor et al. 2013; Wu et al. 2020). Droughts
cause groundwater depletion; the drought recovery period is often calculated from post-drought
precipitation duration and magnitude (DeChant and Moradkhani, 2015; Pan et al., 2013). High
precipitation during post-drought years reduces post-drought recovery period, but the effective
recovery rate may be hindered by anthropogenic factors, such as increased agricultural and
municipal groundwater pumping (Gleeson et al., 2012; Ojha et al., 2020). Although drought
impacts on groundwater availability have been well studied (Argus et al. 2017; Scanlon et al.
2012; Taylor et al. 2013; Thomas and Famiglietti 2019; Xiao et al. 2017), it is unknown how
groundwater recovery during post-drought years relates to post-drought precipitation. In addition
to degree of recovery of groundwater storage, the rate at which groundwater recovery occurs is a
key indicator of the resilience of the groundwater system. Rapid recovery indicates that an
aquifer is resilient to extreme climate conditions such as drought. In contrast, slow recovery can
be threatening as another drought event may begin before full recovery from a previous drought.
In the past few decades, there were a few wet spells over California, but it is unknown if such
wet spells are sufficient for recovery of groundwater overdraft during droughts, and if not, what
measures could be implemented to assure full post-drought groundwater overdraft recovery. The
overdraft recovery duration and its relationship with precipitation amount in the CV aquifer is
currently unknown.

The objective of this study is to address the following questions: (1) how much of the
groundwater storage overdraft related to recent droughts in the CV was recovered during post-
drought years? and (2) what is the role of precipitation and water management strategies in rapid
versus slow post-drought groundwater storage recovery? We address these issues using the four
methods summarized previously. We also isolate the impact of future climate on groundwater
storage recovery from drought using different scenarios (historical climatology, no drought, wet
years only) and climate change impacts using 20 Global Climate Models (GCMs) and two
Representative Concentration Pathways (RCPs) from the IPCC Fifth Assessment Report. Our
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outcomes are intended to provide insights into drought resiliency that could help in developing

groundwater management plans mandated by SGMA (California State Legislature, 2014).
2 Study area

The CV, located along a north-south transect in California, drains three major watersheds
that deliver water to the CV region: the Sacramento, San Joaquin, and Tulare (SSJT watersheds)
(Figure 1a). The CV is a flat valley of about 54,000 km? area surrounded by mountains: the
Sierra Nevada to the east and the Coastal range to the west. The climate of this region is
Mediterranean, with most precipitation occurring in the winter (November through March), out
of phase with evaporative demand which is high in the summer (July through September)
(Cooper et al., 2018). The two major droughts of the past two decades (20072009 and 2012—
2016) resulted in 38.6% of California being in severe to exceptional drought categories
(according to the U.S. Drought Monitor) between 2007-2009, and 68% between 2012-2016,
suggesting 2012-2016 drought was relatively more severe. See supporting information (SI),
Figure S1.

Precipitation generally decreases both from north to south and through headwaters along
valley to mountain transects (Figure 1a). Generally, headwater watersheds are considerably
wetter than valley bottoms. About half (~28,000 km?) of the CV is irrigated. The source of water
is a mixture of surface and groundwater (Hanak, 2011). The contrast in north-south water
demand and supply motivated the construction of headwater reservoirs and infrastructure that
convey surface water from the Sacramento-San Joaquin River Delta in the north to the south
with infrastructure known as the State Water Project (SWP) and the federal Central Valley
Project (CVP). Most of the surface water supply to the CV is generated in the headwater
watersheds. More than 50 reservoirs (20 reservoirs in the Central Valley Project and 34 in the
State Water Project) regulate inflows from the headwaters to the CV (CDWR, 2014; USBR,
2014). Surface water from headwater watersheds enters the CV at ~50 locations (Figure 1b).
Excess surface water after meeting all demands (agricultural, municipal, and industrial) is
released to the San Francisco Bay via the Delta.

The CV aquifer contains unconsolidated sedimentary deposits in stream channels,

alluvial fans, and flood plains (Farrar and Bertoldi, 1988). The aquifer material in the western
7



209
210
211
212

213
214

215
216
217
218
219

220

221
222
223
224

Confidential manuscript prepared for Water Resources Research

CV (coastal) is relatively fine grained whereas the material in the eastern CV is much coarser
grained (granite and volcanic). Lenses and beds of fine-grained material (Corcoran clay) are
found predominantly in the southern Tulare Basin and the western San Joaquin Basin, and

restrict vertical flow of groundwater (Planert and Williams, 1995).

Reservoirs (CKM)
® 010-0.19
© 020-039
© 040-0.70
© 071-250
® 251-561
Elevation (m)
High - 4215

Low : -83

Surface water network
+  Inflow locations e Well locations

0255 100 150 'z'ugm - [ | Central Valley
N —

¥ (©)

Figure 1. Study area: (a) Central Valley boundary and Sacramento-San Joaquin-Tulare (SSJT)
watersheds, with long term mean annual precipitation (averaged over 2000-2018; source
http://worldclim.org/); (b) Locations of major reservoirs (CDEC, 2020), with elevation, surface
water network, and inflow locations to the CV; (c) Location of groundwater wells (total 23,048)
in the CV (CASGEM, 2021). The inset in Figure Ic shows the GRACE analysis region (red
border).

3 Data and Method

We produced multiple estimates of groundwater storage (GWS) change and conducted
numerical experiments to quantify the role of climate and water management on groundwater
overdraft recovery following drought. Our approach follows three steps:

(1) Estimate GWS changes using four different methods,
8
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(2) Conduct numerical experiments with different climatic conditions and water management
options to estimate the time for GWS recovery from drought,
(3) Conduct numerical experiments to estimate the time for GWS recovery under future
climate change.
In Step (1), we estimated GWS changes using the four methods: GRACE satellite data,
WB, model simulation, and well measurements. In Steps (2) and (3), we performed numerical

experiments.
3.1 Metrics for measuring post-drought groundwater storage recovery

Metrics for estimating groundwater storage recovery time and volume following drought
can take multiple forms. For instance, groundwater recovery can be measured with respect to the
historical average condition or some other threshold level. In our case, we measure the post-
drought groundwater recovery with respect to the pre-drought GWS level (see Figure S6, SI for
detail). We used the following metrics for measuring recovery: GWS recovery volume

(AGW S, ccop), GWS depleted during drought (AGW S 4r5ygne), GWS recovery percentage (Rf),

and GWS recovery duration (D,,.):

AGWSrecov = GWSpost_drought - GWSdrought_end (1)

AGWSdrought = GWSdrought_end - GWSdrought_start (2)
AGWSrecov

Ry = ——— % % 100% (3)
! |AGWdr0ught|

Drecov = tpost_drought - tdrought_end (4’)

Where, D;.¢coy 18 the time in months between the drought ending month (£470ugnt ena)

and the post drought month under consideration (t,s¢_arougnt)-

3.2  GWS change estimation using multiple methods in the recent decades

In order to characterize GWS depletion and recovery in the recent decade (2003-2019),
we used GWS estimates made by four different methods. The GWS change estimation methods
considered in this study are: (1) GRACE, (2) Wells, (3) WB, and (4) hydrologic model
simulation (C2VSIM). The key input datasets used in each method are listed in Table 1.

9
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Data type Data source Spatial distribution/ Reference/note
resolution
Groundwater level California Statewide Total stations in CV: CASGEM (2021)

Terrestrial Total Water
Storage Anomaly
(TWSA)

Reservoir storage

Streamflow

Land use

Precipitation

Evapotranspiration,
snow water equivalent,
and soil moisture

C2VSIM-FG simulated
GWS

Specific yield (Sy)

Groundwater Elevation
Monitoring (CASGEM)

GRACE and GRACE-FO
MasCon. Two sources: (1) Jet
Propulsion Laboratory (JPL-
m) and (2) Center of Space
Research (CSR-m)

California Data Exchange
Center

Inflow data from United States
Geological Survey (USGS);
outflow data from Dayflow

USDA National Agricultural
Statistics Service Cropland
Data Layer

PRISM
DAYMET

Livneh et al. (L13)

Variable Infiltration Capacity
(VIC) simulations

GWS obtained from C2VSIM
simulation (2002-2015). We
extended the simulation to
September-2019.
C2VSIM-FG model field
CVHM model field

23,048

0.5 degree

~50 reservoirs

52 inflow locations and
delta outflow

30 m

4 km
1 km

~6 km (1/16™ degree)

~6 km (1/16™ degree)

Central Valley-wide

~1.65 km” (avg.) FE
cells
1.61 km FD grids

Save (2020); Save
(2016); Watkins et
al. (2015)

CDEC (2020)

CDWR (2020);
Daytlow (2020);
USGS (2020)

USDA-NASS
(2020)

Daly et al. (2008)
Thornton et al.
(2017)

Livneh et al. (2013)

VIC-4.1.2.g model
simulated for this
study

CDWR (2020)

CDWR (2020)
Faunt et al. (2009)

3.2.1 GRACE-bhased estimate of GWS change

We used GRACE/GRACE-FO release (RL06) level 3 mass concentration (MasCon)

solutions from two sources, NASA Jet Propulsion Laboratory (JPL-m) and University of Texas

Center for Space Research (CSR-m). In contrast to the traditional processing method (i.e.,

spherical harmonics) (Bettadpur, 2012; Wahr et al., 1998), MasCon solutions can be applied at

10
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regional scale as they better distinguish land and ocean signals, thus reducing leakage errors
(reducing leakage of signal from land to ocean) (Long et al., 2016). Also constraining MasCon
solutions with geophysical data during processing makes it suitable for the non-geodetic
community. MasCon solutions parameterize the gravity field with regional concentration
functions and have been applied globally in numerous studies (Save et al., 2016; Scanlon et al.,
2016; Watkins et al., 2015). CSR and JPL MasCon solutions vary in the scale of grid cells; CSR
uses ~1° (or ~120 km at the equator) hexagonal tiles of geodesic equal area (Save et al., 2016),
and JPL solves the gravity field at a 3° spherical cap (~330 km at the equator) (Watkins et al.,
2015). Details about CSR and JPL MasCon data processing are provided by Save et al. (2016)
and Watkins et al. (2015).

We used the GRACE/GRACE-FO data for the period April-2002 through September-
2019 to estimate GWS changes. The GRACE/GRACE-FO data provide the total water storage
(TWS) anomaly at monthly time steps. TWS includes storages in snow, surface reservoir, soil
moisture, and groundwater. We subtracted all of the storage terms from the TWS measurement
to estimate the GWS change time series (see SI, Text S1 for detail). Because the GWS change in
the CV (Figure 1a) is higher than that in the surrounding region (Xiao et al., 2017), we used the
original 3-degree mascon tiles following (Ojha et al., 2019) to conduct an analysis that takes into
account the groundwater signal potentially distributed inside each mascon tile. Figure 1¢ shows
the GRACE analysis region (hereafter, we refer to GWS change in the GRACE analysis region
as the change in the CV for GRACE/GRACE-FO based calculations). The GRACE/GRACE-FO
based GWS change (AGWS) is computed by subtracting the soil moisture storage anomaly
(ASMA), snow water equivalent anomaly (ASWEA), and surface water storage anomaly
(ASWSA) from the terrestrial water storage anomaly (ATWSA) obtained from JPL-m and CSR-m
dataset:

AGWS = A TWSA — ASMSA — ASWEA — ASWSA ®))
3.2.2 Water balance method

AGWS was estimated as a residual in the WB method. The WB components are
precipitation, ET, storage changes (soil moisture, snow water equivalent, reservoir storage),

streamflow into and out of the CV:
11
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AGWS =P + Qi — Qoye — ASMS — ASWE — ET — ASWS (6)
where P, Qin, Qou, and ET are precipitation, surface water inflow to the CV, delta outflow
from the CV and ET. AGWS, ASMS, ASWE and ASWS are changes in GWS, soil moisture
storage, snow water equivalent and surface water storage (reservoirs), respectively. Table 1

provides a summary of data type, sources, and references (detailed descriptions in SI, Text S1).
3.2.3 Model simulations (C2VSIM)

We used an integrated groundwater-surface water simulation model, known as California
Central Valley Surface-Groundwater Simulation Model (C2VSIM), to estimate GWS change for
2002 through 2019. C2VSIM, developed by California Department of Water Resources
(CDWR), simulates all important hydrologic processes including streamflow, surface runoff,
root-zone and vadose zone processes and groundwater flow (Brush, 2013; Dogrul et al., 2015).
Its core is a finite element solver of the groundwater flow equations for finite element grids.
Several previous studies have used the model to simulate groundwater-surface water dynamics in
the CV region (Alam et al., 2020; Brush, 2013; Ghasemizade et al., 2019; Kourakos et al., 2019;
Miller et al., 2009). The model is available at https://data.cnra.ca.gov/dataset/c2vsimfg-version-
1-0 (last accessed: March 2021). We used version 1.0 of the C2VSIM fine grid model (IWFM-
2015 version), which is the most updated version of the model (hereafter, referred as C2VSIM)
(CDWR, 2020; See SI , Text S3 and S4 for more detail).

3.2.4 GWS change calculation using well-measurements

We calculated GWS changes for the entire CV using groundwater head time series
obtained from wells. We assembled groundwater level data from CDWR for 2002 through 2019
(CASGEM, 2021). There are 43,987 wells in the CASGEM database with multiple purposes
(irrigation, domestic, monitoring, and others), including 23,014 groundwater wells are located in
CV (Figure 1¢). However, well records are not continuous at most locations and records are
missing in many months. In general, the highest number of records are available for March and

October (see SI, Figure S2, S3 for well numbers).

12
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We computed volumetric GWS changes as the product of groundwater level changes, CV
area, and storage coefficient (i.e., volume of water released from aquifer per unit decrease in
head). Both groundwater level changes and the storage coefficient are uncertain. Groundwater
level measurements from observation wells are generally a preferred option for calculating GWS
changes, however, observation wells in CV are sparse in places, the number of measurements is
below 500 in most of the months, and measurements are discontinuous. In contrast, there are
numerous head measurements from pumping wells (e.g., well used for irrigation, industrial,
residential, and other sectors), but they are pumped, which is reflected in the associated
groundwater levels. That said, drawdowns due to pumping are expected to be small in winter,
offering the possibility of the selective use of pumped wells.

Another complication is that there is limited knowledge of the storage coefficient in CV
that is required to compute GWS from head change. There are stacked unconfined and confined
aquifers within the CV. For unconfined aquifers the storage coefficient is the specific yield (Sy) -
the volume of water released due to drainage from an unconfined aquifer per unit decline in
groundwater level. In the CV, typical values range from 0.06-0.3 (Faunt et al., 2009). The
storage coefficient in confined aquifers is typically 2 — 3 orders of magnitude less than that in
unconfined aquifers (Faunt, 2009). In the unconfined aquifers, the groundwater surface (water
table) is at atmospheric pressure and it declines as water drains through the porous media. In
contrast, confined aquifers are bounded by an impermeable capping layer and groundwater is
under pressures exceeding one atmosphere. Because the actual storage coefficient (both confined
and unconfined) in the CV is unknown and there is limited knowledge of how much groundwater
being extracted from unconfined versus confined aquifers, we used multiple storage coefficients
and compare GWS estimation with other methods to obtain a sense of GWS trend and variability
(more information in SI, Text S5).

We followed four steps to estimate GWS changes from well data: (1) spatial interpolation
of groundwater levels using Inverse Distance Weighing (GWL, 10 km resolution) for each
month from 2002 through 2019; (2) calculation of the month-to-month changes in GWL for each
grid cell; (3) multiplication of GWL changes by storage coefficients and area to obtain
volumetric GWS changes; (4) calculation the cumulative GWS changes. Similar to Scanlon et al.
(2012), we added a 2% uncertainty to our estimates to account for errors associated with

13
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interpolation. To identify suitable sets of well data capable of representing CV GWS changes, we
generated two monthly GWS time series using: (1) only observation wells, (2) all types of wells

(observation and pumped)

3.3 Numerical experiment for estimating groundwater recovery under multiple climate

and water management scenarios

We conducted numerical experiments to quantify the recovery time for drought-
associated groundwater overdraft for multiple droughts, recovery percentage, water management,
and climatic conditions. Among the four GWS change estimates discussed earlier, we used WB
method for numerical experiment as it is computationally efficient for a very large numbers of
iterations necessary for this study. In order to consider a range of post-drought climate scenarios,
we performed sampling experiment from past climate data that could represent the following
scenarios:

e Recent climatology (2003-2019): Sampling of WB components from this period
represents recent-decade climatology that includes different types of years (e.g., droughts
2007-2009, 2012-2016; wet years: 2011, 2017 and others)

e Long-term climatology (1982-2019): Sampling of WB components from this period
represents long-term climatology.

e No-drought climatology (2003-2006, 2010-2011, 2017, 2019): Sampling of WB
components from this period represents optimistic scenario where droughts do not occur.

e Wet climatology (2005-2006, 2011, 2017, 2019): Sampling of monthly WB components
from this period represents wet climatic condition where Standardized Precipitation Index

exceeds 0.5. This scenario provides an upper bound for the GWS recovery.

14



363
364

365
366
367
368
369

Confidential manuscript prepared for Water Resources Research

Scenarios: choose drought, recovery percentage, water management and climate category

Step 0: Choose one from each of the following categories:

¢  Droughts:

o DI1:2007-2009; D2: 2012-2016
¢ Recovery percentage (R.,):

0 Riy00:100% (full recovery); R, 500 50%: similarly, 0 to 100%
¢ Water management:

o No cap on groundwater extraction

o Groundwater extraction cap of 30", 40™ and 50™ percentile of GWS depletion
¢ Climatology scenarios:

o Recent Climatology: 2003-2019

o Long-term Climatology: 1982—2019

o No-drought Climatology: 2003-2006, 2010-2011, 2017, 2019

o Wet Climatology (SPI=0.5): 2005-2006, 2011, 2017, 2019

For each scenario, calculate the post-drought recovery period as following

A
I

Step 1: calculate groundwater loss during drought (AGWS g0y ghe) period based on monthly
GWS data obtained from WB: AGWSarougnt = GWSarought_ena — GWSarought start

}

Step 2: Generate post-drought GWS change time series under selected climatology

¢ Randomly sample (with replacement) the years (and take all the months in selected year) to generate
20-year time series of GWS change. This step provides 20 years of monthly GWS data.

» If water management is selected in step 0, restrict groundwater depletion below the extraction cap.
e Calculate the difference between cumulative GWS and (JAGW Sgrougnel xfﬁ) and identify the
post-drought month when the difference is zero. This gives the total numbers of months that it will

take for the groundwater depleted to be recovered by R.,%.

Iterate Step 2 for 20,000 times

Step 3: Estimate the probability of recovery as a function of duration in months

e Fora given climate scenario, we have 20,000 recovery times (in months).
e Calculate Pi=n/N, where n is the number of cases R % overdraft recovery achieved in i-
months. N is 20,000, Pi is the probability of recovering in i-month (0 to 240 months).

Repeat for all different combinations of categories

Figure 2. Steps of numerical experiments conducted to estimate post-drought groundwater
storage recovery time for two droughts, recovery percentage, two water management options,

and four climate scenarios.

In order to consider water management options, we considered the following scenarios:

e No cap on groundwater extraction, which is the current situation in the CV.
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e Cap on groundwater extraction, which is likely the future scenario following the
implementation of SGMA that regulates groundwater usage. We considered different
caps on groundwater extraction: 30", 40", and 50" percentile of groundwater depletion
rate.

Our numerical experiment approach is detailed in Figure 2.
3.4 Post-drought groundwater recovery under future climate change scenarios

We conducted synthetic experiments to assess the sensitivity of recovery times to water
availability (i.e., inflow and precipitation over the CV) and evaporative demand and compare
with projected changes under future change scenarios. The base scenario assumes that the inflow
(and precipitation) is similar to the monthly median of the years 1982 through 2019. We
generated an array of GWS time series for different percentage changes in inflow (and
precipitation) and ET, and calculated recovery times for all combinations. This analysis produced
a matrix of recovery times that show its sensitivity to inflow and ET. Furthermore, we compare
these with projected changes for 20 Global Climate Models and 2 RCP scenarios: modest global
emission (RCP4.5) and high global emission (RCP8.5) (Stocker et al., 2014). Similar method for
climate change impact assessment has been found effective in earlier studies (Brown et al., 2012;

Poff et al., 2016).
4 Results and Discussion

4.1 GWS depletion and recovery assessment in the recent decades
4.1.1 GWS depletion and recovery estimates from different methods

GWS changes estimated by the four methods show similar depletion and recovery
patterns during 2002-2019 (Figure 3a and Table 2). All methods indicate lower groundwater
storage in 2019 compared to 2003, with relatively mild decline during the first drought (2007—
2009) and severe decline during the second drought (2012-2016). However, there are important
differences in the magnitude, depletion/recovery rates, and seasonal variations for the different

methods. GRACE produce relatively higher seasonal GWS variations, whereas WB and
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C2VSIM produce much lower seasonal amplitudes. While the GWS from well data is computed
for winter months only to reduce potential errors sourcing from pumping wells. GRACE shows
relatively high groundwater storage at the end of the study period (2019). The WB and C2VSIM
GWS time series are close to each other (see SI, Figure S7-S12 for WB components and
uncertainty). C2VSIM GWS is intermediate between WB, GRACE and Well throughout the
period. Compared to April-2003, the GWS in March-2019 changed by -19.1 km’ (GRACE), -
32.4 km® (WB), -34.1 km® (C2VSIM), and -27.1 km® (Well). All methods show close agreement
in post-drought recovery period when the uncertainty in GWS estimates is 3.9 km® and 1.5 km’
during 2010-2011 and 2017-2019, whereas the uncertainty in GWS change during drought
periods are 2.7 km® and 3.9 km® for 2007-2009 and 2012-2016 droughts, respectively (Table 2).
Uncertainties in GWS estimates can be attributed to the limitation of different GWS estimation
methods to represent the groundwater dynamic associated with CV-wide groundwater extraction
and land use activities. All methods show a depletion in GWS during the 2007-2009 and 2012—
2016 droughts, and GWS recovery during post-drought years 2010-2011 and 2017-2019.

Table 2. GWS changes during drought and post-drought years. Drought periods are Jan-2007 to
Dec-2009 and Jan-2012 to Dec-2016. Post-drought periods are Jan-2010 to Dec-2011 (or Pdl)
and Jan-2017 to Feb-2019 (or Pd2). Percentage post-drought recoveries for Pd1 and Pd2 are

shown in columns Ry p4; and Ry pgs, respectively.

Methods 2007-2009 20102011  Recovery 2012-2016 2017-2019  Recovery
[km’] [km’] Repar [%]  [km’] [km’] Repaz [%]

GRACE -18.8 9.2 49.1 -27.5 4.0 14.5

WB -16.5 3.2 193 -23.5 6.8 29.1

C2VSIM -24.0 11.6 48.4 -33.6 3.5 10.3

Well -19.5 24 12.2 -24.6 2.7 10.9

Median -19.2 6.2 33.9 -26.1 3.8 12.7

Average -19.7 6.6 323 -27.3 4.3 16.2

St. dev. 2.7 3.9 16.7 3.9 1.5 7.6
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420  Figure 3. (a) Monthly GWS time series (median estimates) for the CV for April 2002 to

421  September 2019 estimated using the four methods. GRACE GWS is 5-month moving averages
422 to reduce seasonal variability. Well-based GWS is plotted only for winter months: December and
423 January (5-month moving averages), (b) GWS change (km”’) estimates during drought and post-
424  drought years. (¢) Percent recovery of GWS from drought during post-drought years.

425 During the first drought (2007-2009) period, GWS changes from Jan-2007 to Dec-2009
426  were in the range -24 to -16.5 km®, depending on the method used, with C2VSIM indicating the
427  greatest depletion (-24 km”), and the WB indicating the least depletion (-16.5 km®) (Figure 3b).
428  During the subsequent post-drought period (2010-2011), GWS increased in 2011 compared to
429 2010 ranged from 2.4 to 11.6 km?, with C2VSIM indicating the highest recovery (11.6 km?),
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followed by GRACE (9.2 km®), with WB (3.2 km®) and Well (2.4 km®) showing lowest
recovery. Comparison of the post-drought (2010-2011) and drought (2007-2009) periods GWS
estimates from four methods (in the order Well, WB, CVISIM, and GRACE) showed on median
34% of the GWS depleted during the drought was recovered during the post-drought years
(Figure 3c).

In the second and more-severe drought (2012-2016), the GWS changes from to Jan-2012
to Dec-2016 ranged from -23.5 to -33.6 km’, with GRACE, WB and Well data showing
relatively similar changes (-27.5, -23.5, and -24.6 km®, respectively), while C2VSIM showed
relatively higher depletion (-33.6 km®) (Table 2). High GWS depletion in 2012-2016 is
attributed to a longer dry period and greater drought-affected area that strongly increased
groundwater dependence (Alam et al., 2019). During the subsequent post-drought years (2017—
2019), the GWS increase was low compared to the large overdraft created during the drought of
2012-2016 for all methods. GWS in Feb-2019 increases relative to Jan-2017 ranged from 2.7 to
6.8 km’, with WB showing largest recovery (6.8 km®), while GRACE, C2VSIM and Well data
indicated similar and small recoveries (4, 3.5, and 2.7 km®). Overall, the groundwater storage
recoveries from the 2012-2016 drought were relatively small (on median 13%). As noted above,
post-drought recoveries from the 2007-2009 drought were mostly higher than for the 2012-2016
drought, although all estimates in this case as well were less than 50% of the GWS loss during

the prior drought period.
4.1.2 Uncertainties in GWS estimation methods

Despite the variations among the methods, we find the GWS recovery magnitude ranges
2.4-11.6 km® during 2010-2011 and 2.7-6.8 km’ during 2017-2019 (Table 2), which is
relatively small compared to drought period GWS changes of -16.5 km’ to -24 km® and -23.5
km?® and -33.6 km® during the 2007-2009 and 2012-2016 droughts. In terms of percentages, the
post-drought GWS recovery ranges 12.2-49.1% during 2010-2011 and 10.3-29.1% during
2017-2019. In the previous section, we presented the median GWS changes from each method.
Here, we discuss how the uncertainty in different methods affects the GWS estimates.

The GRACE-based GWS estimate in our analysis could be estimated from two different

sources of GRACE datasets (JPL-m vs CSR-m). There are differences in GRACE-based GWS
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estimates between CSR-m and JPL-m. We find that the GWS estimate from JPL-m more closely
matches GWS estimates from other methods (both depletion and recovery; Figure S14 and Table
S4 of SI), whereas the CSR-m based estimate shows less groundwater depletion than other
methods and very high groundwater recovery during 2010-2011 (69.4%). Differences between
JPL-m and CSR-m increased after applying the scaling factor provided by JPL intended to
reduce signal error (Wiese et al., 2016), whereas no scaling factor is available for CSR-m
(scaling factor for JPL-m is shown in Figure S15, SI). Therefore, JPL-m based GWS estimate
can be used (after applying scaling factor) to reasonably to represent GWS depletion and
recovery in the CV. However, we cannot conclusively state one GRACE MasCon product as the
best one based on comparison over only the CV region, especially due to CV’s small size, north—
south orientation, and location near the coast. Although CSR-m shows relatively lower depletion,
we follow a conservative approach and take the average of JPL-m and CSR-m to represent
GRACE based GWS estimate. The difference in JPL-m and CSR-m estimates caused the GWS
recovery percentage to vary from 38% to 69% during 2010-2011 and from 12% to 16% during
2017-2019.

The well-based GWS estimation is sensitive to the storage coefficient, interpolation
method, and well selection criteria. The CV consists of both semi-confined and confined aquifers
where knowledge of the storage coefficient is limited. The storage coefficient is the largest
source of uncertainty when estimating GWS change from well data (Scanlon et al., 2012). We
compared GWS estimates for three different storage coefficients and settled on an effective
storage coefficient (Se = 0.06) (see Text S5 and Figure S16-S8 provides more information on
storage coefficient and uncertainty in well-based GWS). The difference in the storage
coefficients from multiple sources affect the magnitude of change, while keeping the percentage
recovery same (as similar head change used with different storage coefficients). Regarding
interpolation, although we used the IDW method, we also tested Kriging and found that the
uncertainty associated with the interpolation method is much less than the uncertainty associated
with the storage coefficient. We used all types of well data (pumped as well as observation) to
generate well-based GWS time series, which means some measurements are affected by the cone
of depression from pumping. However, groundwater pumping is typically less during the wet
season (November through March) and hence well observations during this period should be
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much less affected by pumping. In our calculation of GWS changes during drought and post-
drought years, we compared GWS values for months in the wet season only (i.e., December or
January, in the interest of omitting “shoulder” months) after taking a 5-month moving average
(which captures GWS signal during the entire wet season). Therefore, well-based GWS changes
estimated during and after drought years (Figure 3b) should be relatively unaffected by pumping.
Furthermore, we computed GWS changes using observation wells, and found that the
observation-well based GWS time series does not capture the seasonal pattern. This limited
capacity of the observation well data is attributed to significantly lower numbers of
measurements compared to the large area of the CV. Different approaches (interpolation
methods, varying moving average time window) caused the GWS recovery percentage to vary
from 0% to 44% during 2010-2011 and from 4% to 13% during 2017-2019.

The WB-based GWS estimation in CV depends on the storage (i.e., soil moisture, SWE,
and reservoir) and flux terms (i.e., inflow, outflow, ET). Average changes in storage term during
2003-2019 is close to zero, and the magnitude of changes are relatively smaller than flux terms.
Among the flux terms, we find the inflow to CV has greater uncertainty (standard deviation of 3
km?/year) than precipitation (standard deviation of 1.42 km’/year) over the CV. Relatively high
uncertainty associated with inflow is intuitive as headwater inflow supply volume is higher than
the net precipitation over CV, and multiple sources of inflow data. Since we are using measured
outflow, the outflow term does not add uncertainty in our estimation. Difference in WB
components caused GWS recovery percentage to vary from around 8% to 69% during 2010—
2011 and from 13% to 81% during 2017-2019.

The C2VSIM GWS estimation is affected by uncertain inputs from multiple sources:
model parameters (e.g., storage coefficient, hydraulic conductivity, irrigation efficiency), surface
water deliveries at different locations, groundwater pumping rates (and location of pumps), and
input flux variables (e.g., precipitation, inflow, ET) (CDWR, 2020). In this study, we only used
C2VSIM simulations publicly available and have not assessed the uncertainty in overdraft
recovery introduced by model inputs and parameters. However, we estimated uncertainty from
surface water delivery (relatively low to high surface water allocation) for the 2016-2019 period
of C2VSIM simulation that we extended for this study, where we find the GWS recovery
percentage during 2017-2019 vary between 2% to 30%.
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4.2 GWS recovery assessment under varying climate and water management scenarios
4.2.1 Recovery time under different climatology

We calculated the probability of fully recovering from drought-related groundwater
overdraft up to 20-years after drought termination (Figure 4a). The purpose of conducting such
an experiment is to understand the response of the aquifer to different climatic conditions and get
a sense of the feasibility of recovery from historical groundwater overdraft. The cumulative
probability distribution (CDF) of full GWS recovery for the 2007-2009 and 2012-2016 droughts
vary significantly for different climatic conditions (i.e., long term climatology, recent
climatology, no-drought, and wet years) (Figure 4a). In general, the recovery time for the 2012—
2016 drought is longer than that from the 2007-2009 drought, which is attributable to the greater
groundwater overdraft during the 2012—2016 drought.

The cumulative distribution of post-drought recovery time shifts significantly from drier
(recent climatology) to wetter (wet climatology) conditions, indicating high sensitivity of GWS
change to the precipitation and inflow to the CV (Figure 4a). There is less than 10% chance to
recover 2007-2009 overdraft in 5 post-drought years under recent climatology, while the chance
is much lower for 2012-2016 overdraft (~3%) (Figure 4a). The precipitation and inflow under
recent climatology scenario are around 359 + 26 mm/year and 30 + 4 km’/year, respectively. The
recent climatology scenario consists of drought events similar to the recent past (2003—-2019),
therefore drought recovery will be less likely occur as we have already found that the CV GWS
has been declining over recent decades (Figure 3a). A similar situation is the case for long-term
climatology as the GWS has been declining over past decades due to frequent droughts and
increased agricultural water use (Faunt et al., 2009). The recovery time curve for the long-term
climatology scenario is close to the recent climatology with relatively longer recovery times
(Figure 4a). In the long-term scenario, the existence of longer period droughts (e.g., 1986-1992)
in addition to recent droughts results greater recovery times than for any other scenarios (Figure
S18 of SI). There is only 15% (or less) chance to fully recover 20072009 drought overdrafts in
20 years (much less chance for 2012-2016 drought). In contrast, there is around 95% chance to
recover 2007-2009 overdraft in 5-years under wet climatology, which is around 85% for 2012—

2016 overdraft. The precipitation and inflow during the wet climatology are around 513 + 6
22



548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565

Confidential manuscript prepared for Water Resources Research

mm/year and 52 + 3.5 km?/year, respectively. Under no-drought climatology, there is around
48% chance to recover 2007-2006 overdraft in 5-years (~20% for 2012-2016 overdraft). Ata
relatively higher probability level (i.e., 80%), it would require 13-18 years to recover from both
droughts under the no-drought conditions. Here, the precipitation and inflow during no-drought
climate are around 451 + 17 mm/year and 40 + 4 km’/year, respectively. Comparing the recovery
times between wet climatology and no-drought climatology, we find that the recovery time for
the no-drought climatology is on average 2.3 and 3.5 times the recovery time for wet climatology
at for 50% and 80% chances, respectively (Figure 4b-e).

The post-drought recovery time increases almost linearly with recovery percentage (0-
100%), where the slope increases with the cumulative probability considered (e.g., higher slope
for a cumulative probability of 0.99 than 0.5) (Figure 4b-¢). The relationship between recovery
time and recovery percentage indicates that it is difficult (if not impossible) to recover drought
overdraft. Result shows that it would take 6-8 years to fully recovery overdraft under wet
climatology, while it is less likely to have 6-8 consecutive wet years in reality. This indicates that
the wet climate spells in California cannot fully recover drought caused overdraft under current
water management conditions. From the above analysis, we infer that the CV aquifer is not
resilient to droughts (less likely to fully recover) and will require appropriate management

strategies to establish groundwater sustainability (as mandated by SGMA).
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4.2.2 Recovery times for restricted groundwater use scenarios

We calculated overdraft recovery times for scenarios where a groundwater extraction cap
is implemented. We analyzed three extraction cap scenarios equal to the 30", 40™ and 50"
percentiles of historic GWS depletion. For a given scenario (e.g., 30" percentile restriction),
AGWS below the threshold is restricted. To estimate the cap magnitude for a given percentile,
we first identified negative GWS changes during 2003-2019. Then we estimated the 30™, 40,
and 50™ percentiles of these negative GWS changes (Figure S19 of SI). The resultant magnitudes
are -1.44 km3/m0nth, -1.19 km*/month and -1.02 km*/month for 30th, 40" and 50" percentile,
respectively (below which groundwater depletion is restricted under selected scenarios). Figure 5
shows the cumulative probability distribution of groundwater recovery times for (a) 2007-2009
and (b) 2012-2016 droughts after applying extraction caps. The extraction caps strongly affect
the recovery times under the no-drought, recent, and long-term climatology scenarios, whereas
they make little difference in the wet climatology scenario. The volume of reduced groundwater
extraction under no-drought, recent, and long-term climatology scenarios vary between 2.1-2.6
km3, 1.5-2.1 kmS, and 1-1.5 km3/year for SOth, 40th, and 30 percentile groundwater extraction
caps, the value of which are 1.9, 1.5, and 1 km®/year respectively for wet climatology. The
limited effects of the caps under wet climatology are attributable to a much lower number of
times when AGWS goes below the cap, hence the cap is rarely implemented. To demonstrate
how effective the extraction cap would be, we extracted recovery times for cumulative
probability levels 0.5 (moderate) and 0.8 (high chance) from Figure 5. For these probability
levels the recovery times for recent and long-term climatology are beyond maximum time period
of the analysis (240 months or 20 years; Figure 4), in other words, there is less than 50% chance
to recover in less than 20 years under these scenarios. Therefore, we compared recovery times

for no-drought and wet climatology scenarios.
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CDF of recovery time of 2007-2009 GWS overdraft

CDF of recovery time of 2012-2016 GWS overdraft

Cumulative probability

(a)

Cumulative probability

(b)

Figure 5. Cumulative distribution of recovery times for groundwater overdraft during (a) 2007—
2009 and (b) 2012-2016 droughts. Recovery time is shown after implementation of 30™, 40,
and 50" percentile groundwater extraction caps.

The results show that the groundwater extraction caps significantly reduce the drought-
linked GWS recovery time under the no-drought scenario. Groundwater recovery times for full
recovery decreases by factors of 1.8 £ 0.1 (3.3+ 0.8 years reduced) and 2.3 + 0.3 (8.1+ 1.4 years
reduced) after applying an extraction cap for probability levels of 0.5 and 0.8, respectively (see
SI, Table S5-S8). The recovery time for the 50" percentile restriction reduces recovery times by
0.4-1 year and 1.8-2.2 years more than for the 30" percentile under 0.5 and 0.8 probability
levels, respectively. In contrast, recovery times is reduced by factors of 1.2-1.3 under the wet
climatology, which is relatively small as discussed above. Furthermore, recovery times were
reduced significantly under recent and long-term climatology. For instance, at a probability level
of 0.2 the recovery times (for full recovery) under recent and long-term climatology exceeded 20
years (Figure 4), whereas they were reduced to 5-10 years under the extraction cap (lower
recovery time for 50% extraction cap), which is a reduction by a factor of 2-4 times or more.
This is due to the greater number of occurrences when GWS depletion goes below the threshold
(thereby, extraction cap being implemented). Although our results show that implementation of
groundwater extraction caps can improve aquifer resilience to drought, we acknowledge that the

impact can vary regionally (south vs north CV), and the actual recovery times can vary. In
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particular, the southern CV has greater groundwater overdraft and groundwater dependence than
the north. Therefore, the impact of extraction caps on the southern CV is expected to be higher.
Moreover, reduction of groundwater extraction implies that there will be less water for irrigation,

suggesting a decline in crop production.
4.3 Evaluate the impact of climate change on post-drought recovery time

We evaluated the relative influence of ET and inflow changes on groundwater overdraft
recovery time and predicted how the recovery time is expected to change under future climate
change. Figure 6 shows the changes in recovery times for different ET and inflow changes.
Under historical average condition (average of 1982-2019), 2012-2016 groundwater overdraft
was impossible to fully recover as evident from the location of black dot in the unsustainable
zone (Figure 6a). However, a marginal increase in average inflow can have a major impact on
recovery time when moving from the no-recovery zone to the recovery zone (recovery zone is
shown by color shades in Figure 6a). For instance, a 10% increase in average inflow (assuming
ET remains the same) will have a recovery time of ~30 years, whereas a 20% increase will have
a recovery time of ~9 years (~5 years for 30% increase). However, reducing the recovery time to
1-2 years requires a much greater increase in average inflow. Increases in inflow of around 43%
and 60% (compared to the average condition and assuming no ET change) are required for
recovery times of 1 and 2 years, respectively. In the past two decades, inflows for almost all
years (except years 2010, 2011, 2017, and 2019) were less than the long-term average. While
past inflow variability was high (coefficient of variation of annual inflow = 0.32), ET variations

were much less (coefficient of variation of annual ET = 0.05).
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Recovery time (2012-2016 overdraft) sensitivity to inflow and ET change
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638 Figure 6. Sensitivity of GWS overdraft (from 2012-2016 drought) recovery time to changes
639 ininflow and ET (a-c). The colors show recovery time bands for different ranges of months. (a)
640  The black dot represents the average historic condition (1982-2019). Projected changes in inflow
641  and ET are shown for (b) RCP4.5 and (c) RCP8.5 scenarios over the sensitivity map (projected
642  changes were obtained from Alam et al. (2019)). The color of the dots (b-c) represents projected
643  changes for three periods 2020s (2010-2039), 2050s (2040-2069), and 2080s (2070-2099).

644 The projected changes in the recovery time map move further from the average condition
645  into the no-recovery zone, where the negative impact is higher for RCP8.5 (Figure 6¢) compared
646  with RCP4.5 (Figure 6b). Overall, it is evident that historical conditions led to chronic

647  groundwater depletion where drought recovery will be difficult to achieve, whereas future
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climate will exacerbate the problem manyfold. Therefore, in addition to reducing groundwater
use (as shown in section 4.2), increasing recharge of excess water can potentially have important
impacts under future climate. Because future climate will change the seasonality of surface water
inflow to the CV (increased winter flow and decreased summer flow) (Gergel et al., 2017; Li et
al., 2017), more water is expected to leave the CV region during the winter season without being
used or stored for later use. Earlier studies show that strategies, such as managed aquifer
recharge, can recharge excess surface water (Alam et al., 2021; Gailey et al., 2019; Scanlon et
al., 2016; Wendt et al., 2021) and can potentially act as an important adaptation strategy to
climate change. The method developed in this study to generate recovery time sensitivity map
(Figure 6) can be a useful tool for water managers and planners to estimate post-drought duration
required for overdraft recovery. This drought recovery time map is unique from any previous
study and can be used to identify potential strategies to minimize the groundwater overdraft

recovery times.
5 Summary and conclusions

Groundwater is a critical source of the CV’s water supply; however, the resource has
been used unsustainably in the past, particularly during droughts, leading to progressive
groundwater depletion. Quantifying drought-related groundwater depletion and post-drought
recovery and understanding the role of climate and water management in recovering from
overdraft is key to establishing a more sustainable management program. We have addressed
these issues by quantifying drought-associated groundwater depletion and recovery for two
recent droughts (2007-2009 and 2012-2016) using four methods, (GRACE satellite data, water
balance approach, the C2VSIM model, and well-measurements). The study reveals the value of
considering multiple methods for GWS estimation. Additionally, we used numerical experiments
to estimate the probability of post-drought recovery times under different climatic conditions.

Based on our analysis, we conclude that:

« Groundwater storage in the CV declined by a median of 19 km® (17-24 km®) and 26 km’
(24-35 km®) during the 2007-2009 and 2012-2016 droughts, respectively based on the
four methods. The median drought-related overdraft recovery was 34% and 13% during
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the post-drought years 2010-2011 and 2017-2019, respectively. The relatively low
recovery from the 2012-2016 overdraft is attributable to the very large overdraft
compared to limited surface water availability during post-drought years. In general,
estimates of GWS changes using different methods show similar patterns, but different
magnitude. Because there is variability in GWS estimates from different methods that is
expected to vary between regions, no one method can be identified as the best. Instead,
the multi-method ensemble provides a better overall picture of GWS depletion and post-
drought recovery.

Surface water availability (surface inflows to the CV and precipitation) greatly influence
the recovery of drought-associated groundwater overdraft. Recovery from drought-
related overdrafts is unlikely if the recent climatology (2003-2019) continues after the
drought ends (less than 20% chance to fully recover in 20 years). This is because
drought-related overdraft in the CV continues and accelerates long-term GWS depletion.
Relative to replicated historical climatology, projected drought recovery times decrease
by a factor of up to 3.6 for futures with no drought years and by a factor of 7.8 for futures
with wet years only. The practical implication is that under current management policies,
the CV aquifers are not resilient to drought events — appropriate management measures
are needed to establish sustainability.

A cap on groundwater depletion would accelerate groundwater recovery considerably,
especially if post-drought conditions are relatively dry. This is because groundwater
extraction volume is larger during dry years and tends to exceed any extraction cap more
often than for the case of wet climatology when the cap is rarely implemented. Overdraft
recovery times decreases by ~2x with implementation of pumping restrictions to
constrain groundwater depletion relative to no restrictions under no-drought climatology,
with ~2-4x or more if climatology remains at the historical levels. This indicates the
important role of reducing groundwater extraction to accelerate overdraft recovery and
establish groundwater sustainability.

The CV aquifer is currently managed unsustainably, hence full post-drought recovery is
difficult (if not impossible) under the historical average (2003—2019) headwater inflows
and crop water use conditions. A marginal increase in average inflow can have a
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substantial impact on drought recovery time. An increase in headwater inflow from 10%
to 20% (of historic average) would reduce the drought recovery time from 30 years to 9
years. In addition, climate change will make it more challenging to recover from drought-

related overdrafts.
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Scenarios: choose drought, recovery percentage, water management and climate category

Step 0: Choose one from each of the following categories:

s Droughts:

o DI:2007-2009; D2: 2012-2016
* Recovery percentage (R,):

o Ry 0p:100% (full recovery); Ry, 50t 50%; similarly, 0 to 100%
e  Water management:

o No cap on groundwater extraction

o Groundwater extraction cap of 30", 40" and 50" percentile of GWS depletion
¢ Climatology scenarios:

o Recent Climatology: 2003 — 2019, monthly data

o Long-term Climatology: 1982-2019, monthly data

o No-drought Climatology: 2003-2006, 2010-2011, 2017, 2019

o Wet Climatology (SPI>0.5): 2005-2006, 2011, 2017, 2019

For each scenario, calculate the post-drought recovery period as following

A
1

Step 1: calculate groundwater loss during drought (AGWS gy gne) period based on monthly
GWS data obtained from WB: AGW Sgrought = GWSarought ena — GWSaroughe start

l

Step 2: Generate post-drought GWS change time series under selected climatology

e Randomly sample (with replacement) the years (and take all the months in selected year) to generate
20-year time series of GWS change. This step provides 20 years of monthly GWS data.
e If water management is selected in step 0, restrict groundwater depletion below the extraction cap.

e Calculate the difference between cumulative GWS and (|JAGWSgrougnel :"T'";) and identify the

post-drought month when the difference is zero. This gives the total numbers of months that it will
take for the groundwater depleted to be recovered by R %.

Iterate Step 2 for 20,000 times

}

Step 3: Estimate the probability of recovery as a function of duration in months

e Fora given climate scenario, we have 20,000 recovery times (in months).

e Calculate Pi=n/N, where n is the number of cases R_ % overdraft recovery achieved in i-
months. N 1s 20,000. Pi is the probability of recovering in i-month (0 to 240 months).

I o e o o e o e e e e e e e e e e e e e e R e e e e e e e e e

Repeat for all different combinations of categories
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(a) Months required for 100% overdraft recovery
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