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Abstract

California’s Central Valley, one of the most agriculturally productive regions, is also one of the
most stressed aquifers in the world due to anthropogenic groundwater over-extraction primarily
for irrigation. Groundwater depletion is further exacerbated by climate-driven droughts. Gravity
Recovery and Climate Experiment (GRACE) satellite gravimetry has demonstrated the
feasibility of quantifying global groundwater storage changes at uniform monthly sampling,
though at a coarse resolution and is thus impractical for effective \ *1ter resources management.
Here, we employ the Random Forest machine learning algorithr » to :stablish empirical
relationships between GRACE-derived groundwater storac2 ~nd in situ groundwater level
variations over the Central Valley during 2002—-2016 and adhieved spatial downscaling of
GRACE-observed groundwater storage changes from a few hundred km to 5 km. Validations of
our modeled groundwater level with in situ grou:*dwater level indicate excellent Nash-Sutcliffe
Efficiency coefficients ranging from 0.94-0.2". In addition, the secular components of modeled
groundwater show good agreements with “hose of vertical displacements observed by GPS,
and CryoSat-2 radar altimetry meescre.v.ents and is perfectly consistent with findings from
previous studies. Our estimateu “roundwater loss is about 30 km?® from 2002 to 2016, which
also agrees well with previniy <tudies in Central Valley. We find the maximum groundwater
storage loss rates of -5.7 + 2.2 km® yr* and -9.8 + 1.7 km® yr* occurred during the extended
drought periods of January 2007-December 2009, and October 2011-September 2015,
respectively while Central Valley also experienced groundwater recharges during prolonged
flood episodes. The 5-km resolution Central Valley-wide groundwater storage trends reveal that
groundwater depletion occurs mostly in southern San Joaquin Valley collocated with severe

land subsidence due to aquifer compaction from excessive groundwater over withdrawal.
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1. Introduction

Groundwater is an important freshwater resource that meets agricultural, industrial, and
domestic needs (Siebert et al., 2010; Wada et al., 2014; Zekster and Everett, 2004). Over the
past few decades, several aquifers worldwide such as Central Valley, High Plains, Indus Plain,
middle East, and others, have faced unprecedented human-induced stress due to the
population growth, expansion of the irrigated areas, and other economic activities causing a
drastic increase in groundwater consumption (Bierkens and Wada 2019; Famiglietti, 2014).
Climate change might affect the natural recharge cycle of grouriiwa er reservoirs by altering the
precipitation and evapotranspiration patterns significantly. 21, mat*2 extremes such as floods and
droughts might drastically increase or decrease the rerary 2 (Taylor et al., 2012). Groundwater
abstraction and outflow exceeding groundwater rec*aige over a long period of time and in large
areas have been reported as the main causes . ‘ groundwater depletion (Konikow and Kendy,
2005; Wada et al., 2010). Groundwater dep:=don can lead to global water security and
environmental issues, food security isstie. (Famiglietti, 2014; Wada et al., 2010) which could
trigger mass emigration. There is 7. 'uyznt need for quantifying long-term groundwater storage
(GWS) changes at frequent ten,»arai samplings that can help in better management of

groundwater resources and ¢, aracterize the groundwater depletion in these stressed regions.

Quantifying GWS change." is especially important for Central Valley. Here, ever-increasing
irrigation demands, limited availability of surface water, and climate extremes such as prolonged
and intensified droughts resulting from climate change have forced farmers to depend more on
groundwater. As a result of the continuing groundwater depletion, several adverse impacts such
as falling groundwater levels, decreasing groundwater yields, increase in pumping costs,
degrading water quality, and damage to the aquatic ecosystems and wetlands have been

observed (Faunt, 2009; Faunt and Sneed, 2015; Konikow, 2015). San Joaquin Valley, a major



agricultural region in Central Valley, has witnessed the largest share of such adverse impacts,

which have become more severe during prolonged and recurrent droughts in California.

Several approaches for quantifying GWS changes have been applied in the past (e.g., Bierkens
and Wada, 2019). Groundwater levels from in situ ground wells provide essential information
about stresses acting on the aquifers and play a key role in developing groundwater models
(Faunt, 2009; Taylor and Alley, 2001). However, it is infeasible to use only these data for
guantifying regional GWS changes as several aquifers have poor .> wverage of such wells owing
to high cost of their installation and maintenance. Moreover, spe tio-t :mporal gaps in the
groundwater level data might necessitate their interpolatior, . *hirn might lead to additional
errors (Ahamed et al., 2022; Thomas et al., 2017). Further, "incertainties in the value of storage
coefficients at well sites might translate into errors »*hen cornputing GWS changes (Alam et al.,
2021; Scanlon et al., 2012). Another approach .~ quantify GWS changes is using data from
Gravity Recovery and Climate Experiment =~ RACE) twin-satellite gravimetry mission. GRACE
has enabled a continuous and uniform alchal Terrestrial Water Storage (TWS) record for the
time span starting from April2002 t, D¢ 2017, at the “true” spatial resolution longer than 666 km
(full-wavelength) and monthly sc.mpling (Frappart and Ramillien, 2018). Innovative processing of
GRACE data has enabled the '1im.iform global quantification of GWS change by removing surface
water storage changes .'sh.y hydrologic data and model outputs (Famiglietti et al., 2011; Rodell
et al., 2009), as well as data assimilation (e.g., 50 km resolution in Mehrnegar et al. (2021); 12.5
km resolution in Schumacher et al. (2018)). However, due to the limited spatial resolution and
the associated errors in disaggregating GRACE-derived TWS (Scanlon et al., 2012), the
application of GRACE data directly for groundwater assessment is not feasible at the local scale
(Alley and Konikow, 2015). In Central Valley, Famiglietti et al. (2011) is the first study which
used GRACE-derived TWS changes and other hydrological variables to quantify GWS changes

during 2002-2011. Scanlon et al. (2012) used updated GRACE processing and in situ



groundwater level variations to compute groundwater depletion from 2002 to 2011. The above
studies estimated GWS changes by removing soil moisture estimates simulated by Land
Surface Models (LSMs) from GRACE-derived TWS (Scanlon et al., 2012). However, LSMs do
not simulate irrigation water use; hence soil moisture values will be particularly erroneous in the

Central Valley, where groundwater irrigation is predominant (Famiglietti et al., 2011).

Vertical deformation observed during droughts from Interferometric Synthetic Aperture Radar
(INSAR) has also been inverted to derive GWS changes. Recent +* idies have used a
combination of in situ, satellite, and modeling data to quantify G ¥S ;hanges. Alam et al. (2021)
used a combination of GRACE, in situ wells, water balance a~d 'ydrological modeling to
guantify GWS variations during 2003-2019. Ahamed et al. \2022) used remote sensing data and
an ensemble of water balance methods to quantifv =\W/S changes in Central Valley during 2002-
2020. While all these studies have confirmed tt.~ continued loss of GWS along with dramatic
rates of subsidence during the last two dec. ~'es, all the techniques except those incorporating in
situ groundwater levels have limited cana.ility to model GWS changes at high spatial
resolutions at frequent temporal in*c.a.2. Groundwater levels in Central Valley can reflect
complex variations due to witha, ~wau for irrigation, recharge due to partial infiltration of irrigation
water, surface water impo!'nu. e nt, or precipitation. Climate extremes such as drought which
have put unprecedented sucss on groundwater reserves are also reflected in the groundwater
fluctuations (Faunt, 2009). This necessitates the incorporation of the in situ groundwater level
data in the groundwater models. Therefore, we propose to use Machine Learning (ML), an
effective data-driven approach, to estimate GWS changes at a higher spatial resolution by
downscaling GRACE-derived GWS changes to model in situ groundwater level variations. ML
has been used for solving several non-linear complex problems in geoscience, (e.g., Berner et
al. (2020); Chen et al. (2021); Dramsch (2020); Sun and Scanlon (2019)), as it does not require

the knowledge of exact physical relationships between input and response variables. Further,



ML methods can jointly use different types of data with different units, scales and accuracy, and
is thus suitable for empirically modeling complex hydrological processes, such as basin-wide
groundwater variations. Several studies in the past have incorporated ML algorithms to
downscale GRACE data and produce GWS changes at high resolution for various aquifers

(Chen et al., 2019; Chen et al., 2020; Miro and Famiglietti, 2018; Rahaman et al., 2020).

The primary objective of this study is to downscale GRACE-derived GWS changes in Central
Valley, California, using the Random Forest ML algorithm to mode' and simulate monthly
groundwater level and GWS changes at spatial resolution as fin 2 as 5km. This study contrasts
with Miro and Famiglietti (2018) which used Artificial Neure! 1 ‘2tv.orks (ANN) to model annual
GWS changes in the time period 2003-2010 for a porti-n 0, San Joaquin Valley. We chose the
period from October 2002 to September 2016, whiz> covers most of the operational phase of
GRACE satellite data. GRACE data beyond N¢ emwuer 2016 was excluded to avoid errors due
to the accelerometer data transplant; the ac -~ :lerometer instrument onboard one of the twin
satellites (GRACE-B) had thermal issues cnd was no longer operational until the end of mission
(Bandikova et al., 2019). We use C."ACZ: data along with hydro-meteorologic/geologic data as
input and in situ groundwater le. =| data as the response variable for developing the RF model.
Further, the Central Vallev ha. = record of geodetic measurements from in situ GPS, synthetic
aperture radar interfero, "eu y, extensometers, and others, which have been used to quantify the
subsidence due to groundwater overdraft (Ojha et al., 2018; Sneed and Brandt, 2015). While
groundwater level change and land subsidence are two different physical processes, the
subsidence measurements data can be used to qualitatively compare or validate our ML-
modeled groundwater levels. We then validate the ML-modeled groundwater level using GPS
vertical deformation data and basin-wide subsidence rate measured by a radar altimeter over
Central Valley, CA (Yang, 2020). Here we compute inelastic storage coefficients using geodetic

satellite subsidence measurements for severely subsiding regions in Central Valley for



validation. This approach of combining multiple hydrological and geodetic data can further
enhance our understanding of aquifer dynamics. The ultimate goal of this study is to verify the
feasibility of using ML-downscaled GWS change over the whole Central Valley. We compare
our results and with estimates from prior studies which can further validate the overall results. A
ML approach, such as the one presented here, is hypothesized to be able to produce local-
scale groundwater level storage/level information for Groundwater Sustainability Agencies to
make informed management decisions under Sustainable Grounc'water Management Act

(SGMA).

The rest of the paper is organized as follows. The study ar~a ‘s i"itroduced, data and
methodology along with the details of model building ar d v. lidation are described in section 2.
The numerical results and comparisons with previr.:< studies are presented in section 3. The
findings of the study as well as the main limitatic ns and the future perspectives are discussed in

section 4. Finally, conclusions are drawn in ~ :ction 5.

2. Materials and Methods
2.1 Study area

The Central Valley agu er system in California covers an area of 52,000 km? (Figure 1) and
produces one-fourth of the food in the US (Faunt, 2009). Central Valley is primarily semi-arid
and most precipitation occurs during the winter and early spring months and not in summer
when it is most needed for irrigation and drinking (Jasechko et al., 2020). San Joaquin Valley is
the major agricultural region and surface water quantity here depends on seasonal snowmelt
from the Sierra Nevada in the East and Sacramento Valley in the North, which varies from year
to year. Sacramento Valley in the north also receive more precipitation than San Joaquin Valley.

Consequently, supplies for irrigation in San Joaquin Valley must be met through diverted



surface water sources from Sacramento Valley, and through groundwater from confined and
unconfined aquifers. Groundwater is, therefore, an essential/persistent freshwater source

accounting for up to 40% or more of the required water supply in Central Valley.

Central Valley lost approximately 113 km? of groundwater in the 20" century and 20% of this
depletion is estimated to be contributing to land subsidence (Faunt, 2009). Consequently,
groundwater levels have been declining since the 1930s when the first in situ measurement was
made (Bertoldi, 1989; Williamson et al., 1989). Groundwater losse - from GRACE satellite
observations and Central Valley Hydrological Model during the i'rst « ecade of the 21 century is

estimated at 25-30 km® (Konikow, 2013).

As groundwater depletion continues in Central Valley 2nr. other nearby regions, California’s
Sustainable Groundwater Management Act (SGMA) was enacted in 2014 to promote better
groundwater management, governance anr’. u Us -ustainability. Through this act, more
emphasis is laid on the sustenance of arounu.‘ater resources for all regions by optimizing the
water consumption by agricultural an’s ¢ ‘her sectors. This issue is extremely critical for Central

Valley as impacts of depletion he~2 ha ‘e been visible since 1920s at the local scale.



L | | L
<
N K=]
=
Z
o
] X
(e}
o
Nevada
=
i \ Ke2]
a2}
<
o
. <°
- S
.. Califorria
¢ z
i L EX
e [ap]
-‘~~;§?§M
Todse Z
» o
e /m\}\\s §°
Ry Lo~ ) I~
Mendota ai:‘\_;\, . \_ ™
PR TR
i *:,‘5'3‘?‘.; . o K’"Zv.. 7%
L O e - o® ; -
TR Sepaoret et e |®
PN J<r \\‘Q::—J WH /<;<,. awea
AN ;}83’04,53 o oo c /ILJ z
] 1\\\ I‘U—J o .. ?f’\ 78
~. o el Ry Kings |6
W t'd)!z %: -*;.6.(;‘:& ©
: estsi £ L« P566 %
Well observatins L e e
N4 e “e Tule |Z£
1 - 10-35 X SR o
o 36-60 Tulare . ¥ : S kern |
o &1.01 Lakt??}ﬁ??‘le A A 7éz?:ounty
- wpsa4t  pses’ z
| ® 92-125 e 7N & |3
A %5563*38"" |8
- San Joaquin Valley 100 ‘;\\ °c e
. ® . .: ° /T?}
Sacramento Valley km ;nﬂ_}?m{ﬂ;\// s fo)
~Z& ~ 8 ™

122°30'W  122°W  121°30'W 121°W 120°30'W 120°W 119°30'W  119°W

Figure 1. Location of Central Valley and borderlines of the two major basins, Sacramento

(shaded) and San Joaquin (blue) Valley in north and south, respectively. Some of the subbasins
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in southern San Joaquin Valley are marked in the figure. The location of wells used in this study
and the number of measurements over the study period is also shown with solid red circles. 7
GPS sites used in this study are shown by solid black triangles. The green stars represent the

wells used for validation studies and for plotting in Figure 6.

2.2 Study design

We adopt an empirical approach based on Random Forest Machine Learning algorithm to
downscale the GRACE data. We develop two RF models, one for sc 1 Joaquin Valley, and other

for Sacramento Valley. Our downscaling approach includes th~ 1.!'2wing three steps (Figure 2):

(1) Modeling the groundwater level variations at the = s.:'1 well sites using the RF algorithm.
We use GRACE-derived TWS and other hydrore.~orological variables as input and
monthly groundwater level data from in situ we.ls as response variables (Section 2.3) for
model development and validation .Se'.tion 2.4). Once the model is trained and
validated, in situ groundwater le -2l data is no longer needed for steps (2) and (3)

(2) Comparing vertical deformaticr diva with the modeled groundwater level variations from
RF model created in (1) ‘Se~tion 2.5).

(3) Downscale GRACE +ata ~nd obtain GWS at regular 5 x 5 km grids covering Central
Valley using th= t\ /0 K F models in (1) (Section 2.6).

Using the GRACE dow.scaling methodology explained above, we also propose an approach
suitable for spatial downscaling of coarse resolution GRACE-derived GWSA to higher

resolution GWSA for the entire Central Valley.
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Figure 2. The workflow used for downscaling GRACE data and modeling groundwater changes

using Random Forest

2.3 Data and Pre-Processing

Variable name Source Data type Resolution
Spatial | Temporal
Precipitation (PPT) PRISM
Modeled 4 km Monthly

Temperature (TEMP) (Daly et al., 2008) L

Terrestrial Water UTCSR GRACE L2 Remote

Storage Anomaly sensing 0.25° Monthly
Soil Moisture Anomaly | GLDAS Noah LSM Mr.dele
Groundwater Storage ‘

TWSA — SMA.
Anomaly (GWSA)
Saturated hydraulic
(Zhang et ed. 2,19) Modeled 1km
conductivity (K)
Texture (TEX) (Fa'in. =t al., 2010) in situ 1 km Static
:‘aucnal Elevation Remote
Percent Slope (SLP} | 10m
| Dataset (NED) sensing
Groundwater level in situ point
CASGEM/ USGS - Monthly
(GWL) data

Table 1: Input and response variables of the ML model

We use six hydrometeorological and geological input variables for developing the RF model
(Table 1). Variables such as temperature, precipitation, soil type, soil moisture, land cover,

evapotranspiration, canopy water, transmissivity and surface runoff among others are frequently
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used as input variables by previous downscaling studies involving GRACE data (Jyolsna et al.,
2021; Milewski et al., 2019; Seyoum et al., 2019; Sun et al., 2013; Yin et al., 2022). The choice
of these input variables depends on the study area and type of aquifer and obviously on the
availability of reliable data.

Temperature and precipitation are important meteorological variables and affect the hydrologic
cycle. PRISM (Parameter Elevation Regression on Independent Slopes Model), the source of
precipitation and temperature data, simulates the spatial variations of the weather and climate
using in situ observations. It uses a “weighted regression schemre (1 account for different
physiographic features and climate regimes when providing nai =stimates of precipitation and
temperature. Precipitation is an important water source. Z~o. <ially for Sacramento Valley. Since
precipitation can take a few months to recharge grounrwa:=r (Milewski et al., 2019), we have
used lagged values of precipitation as input variik: *s We used temperature as a proxy for
evapotranspiration due to the difficulty of r 1od-.ling evapotranspiration for an irrigated region like

Central Valley (Ahamed et al., 2022; Xi..n et al., 2017).

For the computation of TWSA, we u2ed “ne latest GRACE data product, the Release (RL) 06
Level 2 (L2) monthly gravity fiei.. solutions provided by the University of Texas at Austin Center
for Space Research (UTCSK, Tais solution consists of monthly spherical harmonic coefficients
(SHC) complete to deg ~e «.id order 60. This truncation already represents low pass filtering in
the spatial domain, resulting in the “true” GRACE spatial resolution at 666 km (full-wavelength).
Monthly SHC are then post-processed to retrieve TWS changes with respect to a reference
field, e.g., to the long-term mean of the monthly solutions in the study period. The post-
processing involves standard steps such as replacing the zonal degree 2 coefficients from
satellite laser ranging solutions (Cheng and Ries, 2018), correcting for Glacial Isostatic
Adjustment (GIA) process using a forward model (A et al., 2013), destriping using the Swenson

and Wahr (2006) method, and smoothing using a Gaussian filter with a half-width radius of 300

13



km (Jekeli, 1981). Further, signal leakage correction is performed by the iterative forward
modeling approach (Chen et al., 2014). More detailed descriptions for GRACE post-processing
are available in supplementary section 1. We finally obtained monthly TWS anomaly (TWSA)
grids oversampled at 0.25° (~25 km) resolution with respect to the mean over the study period.
We also compare the TWSA obtained from this study with the TWSA from CSR Mascon (Figure

S1) which also is oversampled to a resolution of 0.25°.

We obtained the monthly soil moisture storage from the GLDAS N-ah Land Surface Model L4
monthly 0.25° x 0.25° V2.1 (GLDAS_NOAHO025 M) [accessed (‘cto) er 2020]. We compute soil
moisture anomaly (SMA) by removing the mean soil moisti:re ovr the study period from the
monthly soil moisture values. We further computed TW sA-SMA, which provides useful
information on spatio-temporal GWS changes conti=tiously over the study period covering the
whole Central Valley. This input variable called ‘3W>A has the coarsest resolution of 0.25°

amongst the input variables.

Saturated hydraulic conductivity (K) c'es crihes the ease with which water moves through the
pore spaces in the soil and is cor<ide: 2d as an important quantity in groundwater modeling
(Mace et al., 2000; Sanchez-V:'a ¢t al., 2006). We use the data from Zhang et al. (2019) which
is the only publicly availa'le rlopal dataset at such fine resolution. Texture data represent the
percentage of coarse-gra. 1ed material. This information is computed every 15 m from
lithological drill holes ranging in depth from 12 to 1200 feet below the ground level (Faunt et al.,
2010). At a given site, we have used average of texture values over the range of depth for which
texture information was available. Texture is an important indicator for lithological variations
within Central Valley. While Sacramento valley shows fine-grained texture as it majorly consists
of sediments derived from fine-grained volcanic rocks, San Joaquin Valley shows spatial
variation in texture from east to west. The eastern region near the Sierra Nevada has coarser-

grained sediments, making this region a good aquifer. The western part near the Coast Ranges
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has a fine-grained texture, being richer in shale. San Joaquin Valley and Tulare Basin consist of
alternating layers of coarse and fine material, creating a mix of confined, unconfined, and semi-
confined units. Besides, texture is useful to determine groundwater-flow rate as well as the
magnitude and distribution of aquifer-system compaction. Topographic slope is also an
important topographical parameter as its variations can also lead to differences in runoff

characteristics and thus groundwater recharge (Satapathy and Syed, 2015).

The response variable against which we train our ML model is the in situ troundwater level obtained
from the California Department of Water Resources (DWR) (DWR C,\SGi:M, 2021 a, b) and the United
States Geological Survey (http://water.usgs.gov/ogw/data.html). Ti.~uca Central Valley consists of
~10,000 wells, we chose 586 wells for the entire Central Va' ey v ith good spatio-temporal coverage over
our study period. We only chose a well if it has at least %::~nnual measurement or continuous measurement

over a shorter time scale within our study period (Fig'ire 1).

2.4 Machine Learning modeling

2.4.1 Downscaling method

We use Random Forest for dow.»scaing GRACE data as it is a robust model which has shown
the capability to produce hiar. ¢ #.ccurate results for several geological and hydrological
applications, (e.g., Heng! e 4. (2018) and Tyralis et al. (2019)). Several statistical and machine
learning methods, such as Multiple Linear Regression (Mukherjee et al., 2018; Sun et al., 2020),
Artificial Neural Networks (Agarwal, 2021; Miro and Famiglietti, 2018), Boosted Regression Tree
(Milewski et al., 2019; Seyoum et al., 2019), and Random Forest (Jyolsna et al., 2021,
Rahaman et al., 2019) have been used by previous downscaling studies in different regions. In
this study, we chose RF for following reasons: First, RF is a simple, straightforward model
consisting of an ensemble of decision trees (DTs). It does not involve input data scaling, can

handle categorical variables and missing values in the input variables in contrast to ANN.
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Second, RF uses approximately two-thirds of observations for model building in each DT (“in-
bag” samples), while remaining one -third (“out of bag” (OOB) samples) are used for internal
validation by the RF model. Each DT has a different combination of in-bag and OOB data, and
by combining predictions on OOB data from each DT, we can get a secondary validation of
modeling accuracy of RF. Randomness in an RF is further increased by only selecting a few
input variables for each DT, reducing the correlation between individual DTs and preventing
overfitting. Third, user needs to optimize one fewer hyperparametr e.g., than Boosted
Regression Tree. Hyperparameters are values describing the muacd! aichitecture and these
values are to be set by the user before running the model. Fr k.~ model, these
hyperparameters include the number of decision trees, *>~ 1..'mber of samples in the leaf node,
and the number of variables to consider for splitting in ~.ac.> decision tree (Biau and Scornet,
2016; Probst and Boulesteix, 2017). For Booste 1" a0.ession Tree, shrinkage factor is the

additional hyperparameter which needs tc oe “sptimized.

2.4.2 Implementing Random Forest moJel

At each of the in situ well site loceion numbered 1,2, 3, ...n in Figure 3), we consider the
months for which groundwate: 'ev.! observation (GWL) exist (green box under GWL column in
Figure 3). For GWL at me.nu. t, we extract value of input variable for month t using
‘scatteredInterpolant’ funcion with bilinear interpolation in MATLAB (yellow rows in Figure 3).
For static variables, such as TEX, K, and SLP, we take the same values for all months at a
given in situ well location. For precipitation, we extracted values for months t, t-1, t-2, t-3, and t-4
for the output GWL at month t, and these input variables are labeled as PPTO, PPT1, PPT2,
PPT3, and PPT4, respectively. For coarse resolution input variables such as GWSA, we did not
use any interpolation while extracting the values at the GWL sites, rather the value at the 0.25°
grid closest to the GWL site is adopted. Thereafter, we generated the input-output data pattern

by spatio-temporal matching of the existing groundwater level observations and corresponding

16



input variables for all in situ wells for all months. We developed independent RF models for San
Joaquin and Sacramento valley using data for all in situ wells located within each region’s
boundary. The in situ GWL data also has missing values denoted by red boxes under the GWL
column (Figure 3). These values were not filled in, rather after we obtain the validated model
(described in section 2.4.4), we feed the input variables corresponding to all such sites and

times (greyed rows in Figure 3) to the validated model to obtain modeled GWL.

TEX | SLP TEmp | ppro | ppr1 | pPM] PPT3 | PPT4
n
] a
6 [ [0 | o [ [ 1o | oy o e o [
e T T
1T 5o o Lo | gy T Lo Lo Tow | |

wells

Months
TN A O

167
168
Figure 3: Prepared input-output data patterns for Random Forest model. We compile data for
the wells (numbered 1,2, 3, ..., n) separately for San Joaquin and Sacramento Valley for all 168
months covering our study period. Here n represents the number of wells in the respective

region. Column GWL represents the response variable, while rest of the columns represent the

input variables.

During model development and training, we isolated 20% of the data as test dataset which is

not used for the estimation of the model parameters. For creating this test dataset, we draw
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equally from all the groundwater wells at some randomly selected specific epochs distributed
throughout their coverage. Remaining 80% of the data is used for the training of the model and
we implemented a k-fold cross-validation technique on this data. In this technique, any data is
further split into ‘K’ folds each of which contains a unique combination of training and validation
dataset. In each fold, model parameters are estimated using its own training data and the
accuracy of the model is evaluated by its own validation dataset. To obtain best accuracy for
validation data (in terms of lowest RMSE), we need to optimize th2 model hyperparameters
through training process. Hyperparameter optimization is usuall p.formed by iterative
approaches and is a computationally expensive process. Cc nmuvnly used methods such as
random search and grid search algorithms, are time-corZ''n..ng and might not lead to the best
set of hyperparameters (Feurer and Hutter, 2019; Yin ft a.. 2021). Therefore, we fine-tune RF
model by implementing a more advanced methcd, he (BHO) Bayesian Hyperparameter
Optimization (Snoek et al., 2012). This op’ mization algorithm first builds a “surrogate”
probability model of the RMSE and thei. '1se Bayesian methods on surrogate model to find the
most promising hyperparameter on actua' RMSE (Feurer and Hutter, 2019; Shabhriari et al.,

2016).

Applying the BHO algorithm. .~ model hyperparameters are optimized for the dataset and
overfitting is avoided wi.'21n can severely affect the accuracy on test dataset. Cross-validation is
important especially for smaller sample sizes (such as the one in this study); a single validation
dataset does usually not provide an unbiased estimate of model performance (Hawkins et al.,
2003; Molinaro et al., 2005). The groundwater level responses from optimized model has lowest

possible RMSE for test dataset.

2.4.3 Model validation and feature importance
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Model validation

The responses from optimized model are validated against in situ groundwater level
observations (both training and test data) located in the Central Valley based on commonly
used statistical performance metrics such as correlation coefficient, root mean squared error
(RMSE), Nash-Sutcliffe efficiency (NSE) coefficient, and scaled RMSE (R*). Supplementary
section contains detailed information (including formulae) on these quantities. These metrics,
when computed and compared on training and test data, ensure . 1t ML model is not overfitted
and generalizes well to the test data and other “unseen” data. Chvio isly, the RF model resulting
with the highest correlation coefficient and NSE values anc' t. = Inwest RMSE both for training

and test data is chosen as the final (optimized) model.

Feature Importance

We compute the feature importance by pe mu ing out of bag (OOB) observations (Breiman,
2001). The underlying concept of this aonroach is that permuting the values of the most

influential predictor should lead to the riosc increase in modeling error.

To further understand the depe. 1ence of modeling accuracy on the input variables, we use the
drop-column method (Jyolsn.. at al., 2021; Milewski et al., 2019; Parr et al., 2020). We consider
the model developead a. 2w after training with Bayesian Hyperparameter Optimization using all
the input variables as the base model. Models are retrained after removing one input variable at
each time and the increase in RMSE on test data compared to the base model is noted for the
corresponding dropped/removed variable. Then the obtained increase of RMSE for each
variable is normalized by dividing it to the sum of RMSE increases obtained for all input

variables.

2.5 Comparing modeled groundwater level variations with vertical deformation
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Vertical deformation data from GPS and CryoSat-2 (CS-2) radar altimeter was not used for ML
model development but rather as independent data to compare against the modeled monthly
groundwater level results. We obtained GPS data from
https://sideshow.jpl.nasa.gov/pub/JPL_GPS_Timeseries/repro2018a/post/point/, NASA Jet
Propulsion Laboratory (JPL), California Institute of Technology. Since GPS measures daily
vertical deformation, we averaged them to monthly values for correlating them with monthly
modeled groundwater level. We also use the solid Earth vertical ¢ 2formation time series in
Central Valley from CS-2 low-resolution mode (LRM) radar altircu " aata generated through an
innovative altimeter data processing method (Yang, 2020). (. S-z data was waveform retracked
and spatially interpolated to obtain the 2-D vertical defor:>au>n maps for the southern San

Joaquin Valley (Figure S2).

To obtain modeled groundwater level response. at GPS locations from the RF model, we
extracted the input variables at the GPS lov>i0ons for each month within the GPS data
coverage. This extraction process for vanchles is similar to the process we described in Section
3.2.2. Similarly, we extracted the v.. '‘eC of input variables at the grid locations of CS-2
altimeters. Hence, running our r.= model with these input data we obtain the monthly
groundwater level variatiors o* t'ie locations of GPS sites and CS-2 grids. We then combined
these modeled montiily Xruundwater level variations with vertical deformation data from GPS
and CS-2 altimeter to obtain the inelastic storage coefficient Sy,. The formula used for

computing Sy, is given in Supplementary section 3.

2.6 Downscaling GRACE GWSA to 5 km grid resolution

We start with generating 0.05° (~5 km) grids covering the San Joaquin and Sacramento Valley
followed by extracting the value of input variables at each of these grid locations. This extraction
process for variables is similar to the one mentioned in Section 2.4.2. Thereafter, we simulated
groundwater level responses from the RF models at each of the grid points for San Joaquin and
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Sacramento Valley, respectively. These modeled groundwater level responses cover all the 168
months of our study period at each of the grid locations. Finally, we obtained groundwater level
anomalies (GWLA) at each grid location and in each month t (GWLA (t)) using the following

relationship
GWLA(t) = GWL(t) - GWL (1)

where, GWL(t) is the modeled groundwater level at the grid location for the t-th (t=1, 2, ...,

168) month, and GWL is the mean GWL over the whole study pe-iou.

We further obtained the GWS changes in terms of equivaler.- wa er height (EWH) for the whole
of Central Valley by multiplying GWLA with the specific yie!1,S,) value of 0.1 for the unconfined
wells (<60 m deep) as suggested by Faunt (2009) anc Mirc and Famiglietti (2018). Specific
yield represents the volume of water released d.1e .= drainage from an unconfined aquifer per
unit decline in groundwater level. It ranges frc.n 0.06 to 0.3 in Central Valley. The GWS in terms
of EWH, when multiplied by the area of C=ntral Valley (~52,000 km?), gives the volumetric

estimate of GWS changes in Centr=l v all2y.

It is further important to note Fere that GWSA obtained from the GRACE-derived TWSA and soil
moisture anomaly from G'_.CAC Jata has been oversampled at a resolution of 0.25°. After we
integrated the coarse reslution GRACE-derived GWSA in the ML model with other hydrological
variables, and followed the methodology described in this section, we obtain GWS changes at
0.05 resolution. This methodology results in the spatial downscaling of regional GWS changes

from GRACE to GWSA at the local scale.

3. Results

3.1 Overall results
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Validation of modeling results

The results from RF models show high accuracy for both San Joaquin and the Sacramento
Valley (Figure 4). For San Joaquin Valley, correlation coefficient, RMSE, NSE, and R* for
training (test) data are 0.99 (0.97), 1.35 (2.72), 0.99 (0.95), and 0.12 (0.21), respectively. The
same metrics computed over Sacramento valley for training (test) data are 0.99 (0.95), 1.21
(2.12), 0.98 (0.94), and 0.14 (0.26). Additional validations of model results with respect to the
out-of-bag data are provided in Supplementary file (see Figure S5. Table S1). Boosted
Regression Tree, also based on decision tree architecture, is sli thtly more prone to overfitting in

our study, as seen by worse test accuracy for both Sacramr2i *o 7.nd San Joaquin Valley (Table

S2).
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Figure 4. The accuracy assessment for RF machine learning modeling. Correlation plots
between the modeled results and in situ groundwater level variations for training and test

data for (a) San Joaquin and (b) Sacramento Valley, respectively.

Evaluation of Feature Importance
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We test the usefulness of RF model in assessment of the feature importance over both
Sacramento and San Joaquin valleys. Based on the permutation of OOB data, RF model gives
relative importance for different input variables (Figure 5). In San Joaquin Valley, texture,
hydraulic conductivity, slope, coarse resolution GRACE-derived GWSA, temperature and
precipitation are the most important input features in decreasing order. In Sacramento Valley,
precipitation is the most important variable, followed by hydraulic conductivity and temperature.

Texture, slope, and GRACE-derived GWSA inputs show almost s’milar importance.

Precipitation is the primary source of groundwater recharge in Centr il Valley. Temperature
affects evapotranspiration and groundwater extraction and w." th arefore affect the seasonal
groundwater variations. Sacramento Valley receives hich . ecipitation in winter months which
causes groundwater recharge, while water is abstr>~ted during summer months. This explain
the higher importance of precipitation and temg rature in Sacramento Valley. For San Joaquin
Valley, both meteorological variables, tempcorature and precipitation, have relatively low
importance based on OOB permutation. 1 e valley does not receive enough precipitation and
must depend on diverted surface v..*er for its irrigation needs. Groundwater is abstracted
heavily for irrigation purposes ti..augnout the year for yearlong cropping patterns. Irrigation
water is also responsible for s e groundwater recharge which is hard to quantify. All these
facts suggest that grou.wu.er variations show complex seasonal variations, hence yielded low
importance for temperature based on OOB permutation. Sacramento Valley, in contrast, has
balanced GWS regime which suggests consistent seasonal signals and therefore much more

importance of temperature is observed.

Using the drop-column method, we find that GWSA causes the most increase in RMSE
compared to the base model for both Sacramento and San Joaquin valley (Table S3). Based on
OOB permutation, it is of mid-importance for both San Joaquin and Sacramento Valley. The

above two findings seem contradictory. However, they can be explained by the fact that this
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input variable has crucial information for modeling groundwater variations, though at the
coarsest resolution among all input variables. Therefore, the permutation of this variable might
not significantly affect the accuracy, while its removal affects the modeling results. Therefore,
coarse resolution GRACE-derived GWSA is an important input for modeling and used for

downscaling process.

Removal of geological factors, texture, and hydraulic conductivity, along with topographic slope,
also significantly increases the RMSE of the models. Hydraulic co.” {uctivity and texture provide
important information about groundwater flow patterns in the wt.nle «>entral Valley at high spatial
resolutions and the removal of both predictors causes a si¢n.fica it increase in RMSE of models
after their removal. These variables also show high imr.orte.1ce when evaluated with OOB
permutations. Highest importance (based on OOB :=~imutauon) of texture and hydraulic
conductivity for San Joaquin Valley reflect that .~ese variables capture the complex geology of

the San Joaquin Valley.
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Figure 5. Feature importance plots based on OOB permutations for (a) San Joaquin and (b)

Sacramento Valley.

Modeling groundwater level time series
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The modeled and in situ groundwater level time series match tightly (Figure 1, Figure S4) as
they show similar seasonality and trends, and the largest groundwater level declines can be
seen during the drought periods (Figure 6, Figure S5). Some mismatches can be seen, and they
indicate that the modeled results are not perfect or are not generalized too closely while
avoiding overfit. Wells in San Joaquin valley generally show higher declines than those in
Sacramento valley. Further, we also effectively fill the data gaps in in situ groundwater level time

series through ML modeling.
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Figure 6. Modeled and in situ groundwater level time series for wells in San Joaquin (left)
and Sacramento valley (right). The location of the wells can be seen in Figure 1. Table S4

shows the statistics.

3.2 Comparison of RF modeling results with vertical deformation data
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Inelastic storage coefficients from vertical deformation measured at GPS sites and modeled
groundwater level using RF varies from 0.15-4.02x10 for GPS sites P544 and P303,
respectively (Figure 7a-7b; Table 2). In addition, we find a good correlation between the long-
term subsidence and the modeled groundwater level at the selected GPS locations (Table 2)
consistent with the findings of Liu et al. (2019). S,, computed from groundwater level and CS-2

varies among the subbasins with a mean value of 5.89x107 for the whole Central Valley (Figure

7).
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Figure 7. Computation of inelastic storage coefficient. (a) and (b) shows modeled groundwater
level and vertical displacement from GPS at sites P304 and P545 (shown in Figure 1),
respectively. (c) the inelastic storage coefficients for subbasins computed from modeled

groundwater level and vertical displacement data from CS-2 altimeter.
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(This study) level and deformation from GPS | (Ojha et al., 2019)

P303 3.46 0.90 1.87
P304 0.9 0.96 1.38
P307 1.94 0.89 1.14
P544 0.15 0.85 0.19
P565 4.02 0.91 -

P566 0.86 0.86 o/ 0.76
P545 0.42 0.94 0.33
P563 0.38 0.9% -

Table 2. Sy, computed from modeled Jroundwater level and vertical deformation. Sy, from Ojha

3.3 Spatio-temporal vari<:' .2 of groundwater storage during the two drought periods

et al., (201.> is shown for reference.

Central Valley lost approx mately 30 km?® of groundwater from October 2002 to September 2016

(Figure 8a). The most rapid decline in groundwater occurs during the two drought periods,

January 2007- December 2009, and October 2011 - September 2015 (Table 3). These periods

of decline usually follow or happen during phases of low/negative annual precipitation

anomalies (Figure 8b). Periods of positive annual precipitation anomalies (2010-2012 and

during 2016) usually are followed by periods of increase or recovery in GWS.
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Figure 8. (a) Temporal variations of grou.adwater storage in Central, San Joaquin and

Sacramento Valley, and (b) ¢ nr.c.~! precipitation anomalies in the Central Valley.

Time period Annual groundwater volume loss (km®yr™)
"~ This Study Results from Reference Study
Previous Studies
April 2006 - 5.1+1.2 -7.8+£0.8 (Scanlon et al., 2012)
September 2009 -4.2+0.3 (Xiao et al., 2017)
April 2006 — March -42+1.0 -6.0+x15 (Famiglietti et al., 2011)

2010
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January 2007 — 57112 -7.1+x24 (Ojha et al., 2018)
December 2009 _
-55+0.3 (Xiao et al., 2017)
-6 (Alam et al., 2021)
-(3-10) (Ahamed et al., 2022)
October 2011 - -7.6 £ 1.5 (San -6.1 * (San Joaquin (Ojha et al., 2019)
September 2015 Joaquin Valley only) Valley only)
-9.8+1.7 -7 (Alam et al., 2021)
(BN (Ahamed et al., 2022)
October 2012 - -7.7+1.8 -20.0+0.2 (Xiao et al., 2017)
September 2016 |
|

Table 3. Comparison of GWS loss obtc.'ned from this study with previously published estimates.

Groundwater declines over Se.n voaquin valley are more prominent than those over Sacramento
valley, especially during t'ie¢ ~econd drought period (Figure 8). In San Joaquin Valley, the
decline during the latter u.-ought period can be seen in wider areas and have a higher
magnitude compared to the declines during the former period. Groundwater depletion can be
seen mainly in Tulare Lake, Delta Mendota, and Westside subbasins, although lower
groundwater depletion can be observed in Tule, Kern County, and Kaweah subbasins (Figure 1,

Figure 9).
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Figure 9. Spatial variations in mcoJeled groundwater storage trends at 5-km resolution
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4. Discussions
4.1 Machine Learning mdeling

Our study achieved high accuracy for both training and test data in Sacramento and San
Joaquin valleys (Figure 4). This suggest that downscaling of GRACE data to model groundwater
level variations at sites of in situ wells was successful. The model development and training
process adopting cross-validation scheme, avoided overfitting. Overfitting can reduce the
confidence of ML results, which be a challenge for downscaling studies as we seek to model
groundwater variations at higher resolutions (Roelofs, 2018). Previous studies using GRACE

data for downscaling have obtained good accuracies for training data, but the accuracy on test

30



data was significantly degraded (Jyolsna et al., 2021; Koch et al., 2019; Miro and Famiglietti,
2018; Rahaman et al., 2019; Seyoum and Milewski, 2017; Seyoum et al., 2019). Better
accuracy achieved in this study might also be attributed to the choice of input variables such as
texture and hydraulic conductivity which are important in groundwater modeling studies along
with GRACE, removal of which causes the highest increase in RMSE of the models. We also
found that input data used in modeling has different importance for Sacramento and San

Joaquin Valley (Figure 5), suggesting that different processes are ongoing in the two regions.

In the following, we compare results from this study with those f.om sther downscaling studies
in Central Valley. Agarwal (2021), used only 180 wells for mc-eliag in Central Valley through
the Random Forest approach. As our accuracy estimat:s a ‘e similar to Agarwal (2021), we can
conclude that Random Forest can accommodate a2'diuonal data without sacrificing accuracy.
Miro and Famiglietti (2018) used ANN to mode: annual GWS changes in southern San Joaquin
Valley. We therefore compare similarities a. <. differences between this study, Agarwal (2021)
and Miro and Famiglietti (2018). Miro ana ~amiglietti (2018) obtained test NSE ranging from
0.039 to 0.751 when modeling GW C «l.zages in southern San Joaquin valley using ANN. We
obtained a better NSE (0.95) fo *est data in San Joaquin Valley when modeling monthly
groundwater variations using 2F. Even Agarwal (2021) obtained a NSE value of 0.86 for test
data with ANN. It is woi " 1iedng that even though our study used similar input variables such as
precipitation, temperature, and topographic slope from the same source as Miro and Famiglietti
(2018), we obtained more accurate results. We have processed GRACE L2 data along with
leakage correction, while Miro and Famiglietti (2018) used GRACE L3 monthly mass grids. A
possible reason for the lower accuracy in their study might be because Miro and Famiglietti
(2018) modeled annual GWS changes, leaving less spatio-temporal data for modeling GWS
changes. Moreover, they use kriging to interpolate groundwater level changes for each year, a

process that might lead to further errors (Deutsch, 2003; Sun et al., 2009). Since these krigged
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groundwater levels were used for training their ANN model, errors due to kriging interpolation
can further propagate in the modeled GWS variations. We therefore propose better approaches
for study design, model training and validation schemes with a potential of further improvement

in accuracy for future studies.
4.2 Spatiotemporal variations in groundwater storage during the two drought periods

Several studies in the past have quantified GWS changes in Central Valley within different time
periods (Table 3). Here, we focus on the two drought events; hame, drought 1 (January 2007-
December 2009), and drought 2 (October 2011 - September 2212} and compare our results
with those from previous studies. The previously estimate. mean GWS losses for drought 1
ranges from 19 km® (Alam et al., 2021) to 29 km® (Ahar..~d 2t al., 2022), while those for drought
2 vary from 28 km® (Alam et al., 2021) to 71 km® (Atamed et al., 2022). Differences in the above
estimates are due to different combinations u *e1. 9te sensing, in situ, and model data used in
the water balance approach. Xiao et al. (201} estimated GWS loss of 16.5 km*and 40.0 km?
during drought 1 and 2, respectively, us .~a (he water balance approach, which also matched
with their estimates from GRACE Ojhi. et al. (2018) estimated GWS loss of 21.32 + 7.2 km®
during drought 1.Ojha et al. (2219, estimated that San Joaquin valley lost 24.2 + 9.3 km?®of
groundwater from Octobe r 311 to September 2015 based on GRACE data. Based on the GPS
vertical deformation data, jroundwater loss of 29.25 + 8.7 km® was estimated for the same
region and period (Ojha et al., 2019). GWS losses for droughts 1 and 2 are 17.1 £ 3.6 and 39.2

+ 5.1 km?, respectively, from this study which lie within the range of previous estimates.

There is significant differences between the estimated GWS losses for similar time periods. The
causes of these differences include using different methods and datasets along with their
associated errors. Scanlon et al. (2012) used a distributed specific yield ranging from 0.05-0.3
(Faunt, 2009) to estimate groundwater storage variations from in situ groundwater levels. Since
regions with high groundwater level declines in southern San Joaquin valley have higher
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specific yields, it might have led to overestimation of groundwater storage changes in that
region. Water balance approach also has errors related to input variables, such as
evapotranspiration which was identified as the most uncertain variable (Xiao et al., 2017;
Ahamed et al., 2022). Estimates of regional GWS changes from in situ groundwater level data
will require significant spatio-temporal interpolation due to issues with coverage in many regions
(Figure 1). However, GRACE-derived TWSA used as input variable in modeling is also affected
by several errors during data processing, which might also have ragative impacts on our ML

model.
4.3 Comparison with vertical deformation data

Several past studies have combined groundwater levels fro.n in situ wells with geodetic
observations from GPS and INSAR to obtain inele sti . storage coefficient. Calculated inelastic
storage coefficients for individual subbasins . socthern San Joaquin valley from this study is
comparable to past studies (Ojha et al . 2016, Ojha et al. (2018) computed Sy, of 4.08 x 107 for
the whole of Central Valley, with San Jc ~auin having a higher S,,. Ojha et al. (2019) computed
a mean value of as 2.3 x 102, whi e S.ith et al. (2017) reported a mean value within the range
of 2.3 x 10%- 11.0 x 10 usiny es.mates of aquifer compaction modeling for the San Joaquin

Valley. These estimates r.on.nare well to 5.8 x 10 from our study.

At GPS sites, P304 and P 145, vertical deformation can be seen mostly in times of drought
concurrent with the dropping groundwater levels. Between drought periods, the groundwater
level was rising due to the availability of surface water; hence, little deformation occurred.
Further, at the well site near P304, the lowest water level was recorded in 1992 at 45 m below
the land surface (Faunt et al., 2016). At the end of drought 1, and during most of the drought 2
period, modeled groundwater level at the site of P304 was below the previous lowest level (pre-
consolidation stress level). The high correlation (~0.71) between subsidence and long-term
groundwater levels suggests that groundwater overdraft was the cause of the subsidence (Liu et
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al., 2019). Further analysis could be done with long-term modeled groundwater level data and
vertical deformation data for other sites to understand the aquifer compaction. Regions showing
higher groundwater depletion can be combined with information from geological models to

identify potential sites that might be further vulnerable to subsidence.

Significant groundwater depletion can be seen for subbasins in Tulare basin and western San
Joaquin valley for both drought events. These regions have also been subjected to subsidence
(Faunt et al., 2016; Sneed et al., 2013; Farr et al., 2015). It is an €. yected conseqguence
because this region requires water for intensive irrigation and di nkir 3 water needs. Due to
climate extremes such as droughts, surface water has dwir.a.~d sver the years. Consequently,
groundwater from the deeper confined aquifers has be«n . tracted and the overlying aquitard
belonging to the Corcoran clay layer undergoes ce~naction. Due to the continued groundwater
losses in this region exacerbated during droual.'s, ineversible compaction of the clay layers
results in subsidence signals and might reno<.c the permanent loss in groundwater (Smith et al.,

2017; Vasco et al., 2019).

It is important to note that the GW' 3 ci.nges reflect the balance between groundwater recharge
and abstractions in an area or .2g.>n and directly reflect groundwater depletion. Magnitude and
rate of subsidence, on th’: o er hand, might also depend on the hydraulic and mechanical
properties of the aquifer a'ong with the past stress regime in the region. Our results are,
therefore, an important contribution to the study of localized groundwater variations in the

Central Valley for the study period longer than one and a half decades.
4.4 Limitations and Future Studies

The downscaling approach presented here shows promise for general applicability, however
there are some caveats. For example, no ML method including the one we used (i.e., RF) can

be used for extrapolation, or in other words, accurate predictions ahead/ forecasting cannot be
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made without any prior knowledge or assumptions such as continuation of the long-term trend
seen during the training data period also out of the training regime which may not be realistic
under today’s climate change conditions (Milly et al., 2008). As a future work, we propose
building deep neural networks incorporating larger datasets and wider regions combined with
mechanistic approaches (Razavi, 2021) to model more complex variations and to provide at

least short-term forecasts of groundwater variations with commensurate accuracy.

Further, unlike the water balance method of Ahamed et al. (2022), "vhich has modeled GWS
variations for the longest period, 2002-2020, so far in Central Vi lley. our method is currently
limited by the temporal coverage of the GRACE. The GRAZL mission operated from 2002-
2017, followed by a gap of 1 year, after which GRACE--O .vas launched. Several studies have
filled the data gap using deep learning (e.g., Uz et =' . 2022, and availability of modeled
GRACE data from such studies can be used to ~xtend the study for a longer time. This is

beyond the scope of this study and left for < future work.

Even with the mentioned limitations, tie ~asults obtained from this study are useful for geodesy,
hydrogeology, and for further dov'1scc'ing studies. We present a simple, yet robust approach
for downscaling GRACE data tili.'ng diverse hydrometeorological and geological data and
addressed the complex ¢.ou.~awater modeling problem. GRACE temporal gravity data is a
powerful tool to quantify r. gional GWS changes (Famiglietti, 2014), while in situ wells are very
useful for precise measurements of groundwater level. This study further uses this data to
produce a downscaled gridded GWSA product useful to resource managers. For example, how
GWS varies with changes in precipitation regimes and human abstractions for each subbasin in
Central Valley can be quantified reliably by the approach presented in this study. This can be a
useful first indicator of future availability of these resources. We model the impact of climate
extremes such as droughts on GWSA and correlated the variations with vertical deformation to

obtain storage coefficients which will be useful for modeling aquifers. Several machine learning
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and hydrological models require the continuous availability of the groundwater level data for

calibration and this study can fulfil that need.

5 Conclusions

This study advances the application of remote sensing data in the field of hydrological sciences
by demonstrating an effective and improved downscaling of GRA” :FE-estimated groundwater
storage variations in Central Valley to a spatial resolution of 5 krn u.’ng Random Forest ML
approach and other hydrologic, meteorologic, and geologic ¢ atas ets. We applied it in the
Central Valley region, which has developed an ever-inc <. sii.g groundwater demand for
irrigation given the lack of surface water supplies withi*. mc -t parts and has also been impacted
by two severe droughts during our study period. Pi>7.ucing reliable information about local-scale
groundwater variations across Central Vai.~y *vill be crucial to help twitch the groundwater

management as per the plans of SGMA.

We achieved high modeling accur ac, tui San Joaquin and Sacramento Valley, proving that
Random Forest is a robust maci..ne learning model for such downscaling applications. We
obtained comparable or bz*ar . ediction accuracy than previous studies implementing machine
learning to quantify grou.~dwater storage variations, possibly because of the choice of
predictors, choice, and development of machine learning models. Development of better

models, including deep learning, can further improve modeling. However, the Random Forest

model developed here is suited for studies wherein predictor importance is required.

We also suggest new approaches for validating machine learning modeled results by comparing
long-term modeled groundwater level changes with vertical deformation from GPS and CS-2
altimeter. The produced inelastic storage coefficient is an important aquifer mechanical feature

reflecting deformation caused due to groundwater withdrawal. Since 2014, Sentinel-1 can
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provide information about continuous vertical deformation using Interferometric Synthetic
Aperture Radar (INSAR) technique. Using a similar approach as in this study, new information
about the aquifer dynamics with higher spatial resolution using Sentinel-1, GRACE-FO, and in

situ groundwater level data can be generated.

Central Valley exhibits groundwater storage loss of ~ 30 km® during October 2002 - September
2016; however, there are periods of depletion and recharge during or followed by precipitation.
Maximum amount of groundwater depletion occurs during the drou tht of January 2007-
December 2009 and October 2011-September 2015, with rates of -t. 7+ 1.2 and -9.8 + 1.7 km?
yr', respectively. We produced groundwater depletion mars ~t = km resolution for these
drought periods that can identify groundwater overdraft are.'s. These areas have also exhibited

land subsidence because of ground water decline.

We conclude that the resulting modeled *.i1, > scries of groundwater storage variations at 5 km
resolution over a decade and a half time peric is effective for practical groundwater resources
management. Though this study addres -es the spatial downscaling of GWS changes, the
temporal downscaling is also like"' to ¢ain more importance in the near future considering the

ever-increasing impacts of clin.ate change.
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