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Abstract14

The synthesis of Gravity Recovery and Climate Experiment (GRACE) gravimetry data15

and Global Navigation Satellite System (GNSS) displacement data provides improved16

models of surface water hydrology. Much work remains to be done to understand the hy-17

drological signal present in complementary geodetic data in much of the Western U.S.,18

especially the Colorado River basin which comprises a diversity of climates due to its large19

expanse and highly variable topography. Here, we combine GNSS station vertical dis-20

placement data, GRACE surface mass change data, and snow water equivalent (SWE)21

data to quantify temporal changes in water distribution in the United States (U.S.) South-22

west. We focus on a region composed of Arizona, New Mexico, Colorado, and Utah, al-23

lowing for the examination of variations in the Colorado River Basin, the primary source24

of water for the region’s municipalities, agriculture, and ecosystems. We compare these25

three datasets using surface elastic deformation modeling, and use signal localization tech-26

niques to focus on the hydrological signal concentrated within the study region. We demon-27

strate that the accumulation and melt of snow have a first-order control on the timing28

of vertical displacement in the region. This is further demonstrated by phase delays be-29

tween the signals of vertical surface displacement computed from each of the three datasets.30

These phase delays display a correlation between the distance to the nearest snowpack31

and the timing of vertical displacement measured at a given GNSS station.32

Plain Language Summary33

As water and snow accumulate and redistribute on the Earth’s surface, the crust moves34

elastically in response, similar to placing weights on or removing weights from a rubber35

band. This elastic motion due to changes in terrestrial water storage (including glaciers,36

snow cover, lakes, rivers, and groundwater) are small (sub-millimeter to several millime-37

ters per year) but can be measured with modern geophysical techniques. These include38

the Global Navigation Satellite System (GNSS): a network of sensors installed to mea-39

sure 3D deformation of the Earth’s surface; and the Gravity Recovery and Climate Ex-40

periment (GRACE): two satellite missions that measure changes in the Earth’s gravity41

field. In this study, we combine measurements from both techniques with existing es-42

timates of the North American snowpack from 2002 to 2023 to quantify watershed basin-43

scale hydrological features in the southwestern United States. In particular, we observe44

a difference in timing of when GNSS vs. GRACE is able to sense the distribution of wa-45

ter in various parts of our region. We attribute this to the seasonal storage of water as46

snow and ice in the mountainous parts of the region.47

1 Introduction48

Monitoring and quantifying terrestrial water storage (TWS) throughout the Western United49

States is essential to water-related policies regarding current and future droughts. Ex-50

isting measures of drought intensity do not take into account water availability from snow,51

which is an important driver of hydrological variations in this region (Adusumilli et al.,52

2019). Geodetic measurements of TWS are produced through the Gravity Recovery and53

Climate Experiment (GRACE) mission, which determines global gravity variations at54

monthly intervals (Tapley et al., 2004). Over land, these time-variable gravity fields re-55

flect hydrologic, cryospheric, and atmospheric mass redistribution at monthly and inter-56

annual time scales and at spatial scales greater than 300 km (Landerer & Swenson, 2012;57

Swenson & Wahr, 2006). The calculation of the Earth’s response to hydrologic loads us-58

ing Global Navigation Satellite System (GNSS) stations can help complement the lim-59

ited spatiotemporal resolution of GRACE TWS measurements (Blewitt et al., 2001; Tre-60

goning & Watson, 2009).61
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Variations in water, snow, and ice on the Earth’s surface result in deformation of the to-62

pographic and geoidal shapes of the Earth (Han & Razeghi, 2017). Such variations have63

strong periodic components that produce a mostly elastic response (Farrell, 1972) which64

appears in both the horizontal and vertical components of GNSS station time series (e.g.65

van Dam et al., 2007). For regions in which secular changes in TWS occur, the vertical66

component of GNSS station time series can further be utilized to estimate the magni-67

tude of these perturbations (e.g. Argus et al., 2017; Knowles et al., 2020). When com-68

bined with GRACE TWS data, these GNSS vertical displacement data can be used to69

estimate both the periodic and secular variations in TWS at a finer spatiotemporal scale70

in a specific region than that available from GRACE alone (Davis et al., 2004; Knappe71

et al., 2019). Accompanying these benefits, interpretation of GNSS data for hydrogeode-72

tic applications is complicated by a range of potential sources of periodic motions (e.g.73

Dong et al., 2002; Chanard et al., 2020; Bogusz et al., 2024), that are presently not well74

understood and for which there is currently no consensus. In addition to a variety of phys-75

ical processes, processing methods and analysis models may also contribute to periodic76

signals observed in GNSS coordinate time series data (e.g. Ray et al., 2007). Bogusz et77

al. (2024) noted a worldwide annual common mode between IGS Repro3 (Rebischung78

et al., 2024) and UNR coordinate time series differences, with a median amplitude of the79

order of 2 mm, peaking in the late summer, which may be explained by different frame80

realization strategies. These caveats aside, GNSS’s contributions to hydrogeodesy are81

far reaching (e.g. White et al., 2022, and references therein).82

While the temporal resolution for an analysis that combines GNSS vertical displacement83

data and GRACE TWS data can be refined to a daily interval, the spatial resolution is84

highly dependent on the GNSS station density within a particular region (Adusumilli85

et al., 2019; Knappe et al., 2019). Studies within regions that have high station densi-86

ties, such as California, are able to determine TWS changes down to a scale of 10-20 km87

(Argus et al., 2014, 2017; Carlson et al., 2022). For regions with much sparser station88

coverage, TWS changes are still resolvable down to a resolution of 50-100 km (Han &89

Razeghi, 2017). Neither geodetic measurement is optimal for monitoring individual wa-90

tersheds, but the length scales of their sensitivities prove to be complementary.91

Joint analysis has been performed for several regions besides California, including Ore-92

gon and Washington (Fu et al., 2015), the Northern Rockies (Knappe et al., 2019), the93

Amazon Basin (Davis et al., 2004; Knowles et al., 2020), and Australia (Han & Razeghi,94

2017). Such studies are able to find good agreement between GNSS vertical displacement95

data and GRACE TWS data away from mountain ranges. In mountainous regions, in-96

cluding most of the Western United States, several studies incorporate independent mea-97

surements of the local snowpack in order to improve their analyses (Argus et al., 2014;98

Enzminger et al., 2019; Fu et al., 2015; Knappe et al., 2019; Ouellette et al., 2013). When99

using geodetic data to estimate TWS in such regions, it is necessary to use an accurate100

snowpack model, as snow water equivalent (SWE) is the dominant signal in those time101

series (Enzminger et al., 2018). This is especially important when there are other com-102

peting hydrological signals, such as those from aquifers, that may be out of phase and103

combine destructively with the SWE signal (Argus et al., 2014, 2017).104

In this study, we compare GRACE TWS, GNSS vertical displacement, and SWE datasets105

in the Southwest United States (Figure 1) to determine the extent to which the spatiotem-106

poral resolution of GRACE TWS models can be enhanced. Although previous work has107

created a refined TWS model using GRACE and GNSS datasets for the conterminous108

United States (Adusumilli et al., 2019), hydrological signals present in geodetic data from109

the Southwest United States are dominated by changes in snowpack SWE. Additionally,110

the spacing of continuously-operating GNSS stations is irregular in this region, making111

regional variations difficult to observe. We overcome this challenge by using a data lo-112

calization technique based on Slepian basis functions (Harig & Simons, 2012; Simons &113

Dahlen, 2006). We demonstrate regional- and watershed-scale changes in TWS and quan-114
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tify the contribution of the snowpack SWE signal to the overall GRACE TWS model115

for the study region.116
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Figure 1. Plot of the surface topography of the Southwest United States. The black lines are

state and federal borders; the blue lines are major rivers; and the pink line is the boundary of the

Colorado River Basin. The study region – composed of the states of Arizona, New Mexico, Col-

orado, and Utah – contains varying elevations and multiple mountainous areas. The major rivers

in the study region are the Colorado (center), Arkansas (center right), and Rio Grande (bottom

right). The mountain ranges which accommodate the majority of the fall and winter snowpack

are the Rocky Mountains, which extend through central and western Colorado and northern New

Mexico; and the Wasatch and Uinta Ranges, which extend from central to northern Utah. These

same ranges also supply snowmelt to the upper Colorado River Basin, which then flows down to

the Gulf of California (Zeng et al., 2018).

2 Methods117

2.1 GNSS Displacements118

We use GNSS displacements from 266 heterogeneously-spaced, continuously-operating119

stations across Arizona, New Mexico, Colorado, and Utah (Figure 2). Most of these sta-120

tions were installed between 2005 and 2010. The final orbit daily GNSS solutions for ver-121

tical displacement were processed by the University of Nevada Reno’s Nevada Geode-122
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tic Laboratory (UNR; http://geodesy.unr.edu/). These solutions were generated using123

GIPSY-OASIS II utilizing the Jet Propulsion Laboratory’s orbital products, the FES2004124

ocean tide model, and solid Earth tides from IERS 2010 conventions. We use daily po-125

sitions products given in the International Terrestrial Reference Frame 2014 (Altamimi126

et al., 2016). Further information on the processing method utilized by UNR can be found127

in Blewitt et al. (2018). The precision of the vertical signal varies daily for each station,128

with formal error usually 1–2 mm, and these daily uncertainties are propagated into the129

time series.130
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Figure 2. Map of the study region topography with the GNSS station locations used in this

study plotted as blue squares. Station density is high in most mountainous parts of this region,

as well as in the Basin and Range. However, station coverage is not uniform and is quite poor on

the Colorado Plateau and in the eastern parts of Colorado, Utah, and New Mexico.

After downloading the GNSS station data, we use Hector (http://segal.ubi.pt/hector/)131

to remove outliers and jumps from each station’s vertical displacement time series (Bos132

et al., 2013). Outliers are single data points that fall outside of the statistical trend of133

each station’s time series. Jumps are sudden shifts in the statistical trend that can come134

from a variety of sources, primarily earthquakes and changes in station antennas. Out-135

liers and jumps frequently plague GNSS station time series, and their removal greatly136

improves the intercomparisons with the GRACE and UASWE displacement time series137

used in this study.138
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2.2 GRACE Time-variable Gravimetry139

We use monthly GRACE RL-06 and GRACE Follow-On RL-06.2 data (collectively re-140

ferred to as GRACE data in this paper) through September 2023 from the Center for141

Space Research at the University of Texas at Austin. These data are distributed as Stokes142

coefficients to degree and order 60. Degree 2 and 3 order 0 coefficients are replaced with143

those from GRACE Technical-Note 14, which are derived from satellite laser ranging (Loomis144

et al., 2020). Degree 1 coefficients are added from GRACE Technical-Note 13, represent-145

ing estimated geocenter variations (Sun et al., 2016; Swenson et al., 2008). We trans-146

form the geopotential into surface mass density using the method of Wahr et al. (1998)147

to account for the surface deformation resulting from surface mass changes.148

We localize the GRACE data to the study region using Slepian functions (Harig & Si-149

mons, 2012; Simons & Dahlen, 2006). The study region here is defined by the area en-150

closed by the combined governmental borders of the four Colorado Plateau states: Ari-151

zona, New Mexico, Colorado, and Utah (Figure 1). We also include a 0.5 degree buffer152

around the region to mitigate any effects from GNSS stations very near the region bound-153

ary. This Slepian method allows for the spatio-spectral concentration of data within in154

an arbitrary region on a sphere and has been successfully applied to GRACE data to study155

mass changes in ice sheets and mountain glaciers (e.g. Harig & Simons, 2015, 2016; Bev-156

eridge et al., 2018; von Hippel & Harig, 2019). Each Slepian function is a solution to an157

eigenvalue equation that optimizes the localization within a region. The associated eigen-158

value is a measure of concentration within this region. We create a basis using only the159

well-concentrated functions. This sparse representation of data allows for the creation160

of models that experience very little influence from phenomena outside of the region of161

interest. The localized surface density fields are then expanded on a 0.25◦ grid for use162

with LoadDef.163

2.3 Snow Water Equivalent Product164

The University of Arizona snow water equivalent product (UASWE) (Zeng et al., 2018)165

dataset is composed of daily measurements of SWE across the conterminous US. These166

measurements are given on a regularly-spaced grid with a resolution of 4 km. The data167

spans from October 1981 to September 2023, although this study focuses on the subset168

of measurements that overlaps in time with GRACE data. The UASWE dataset is con-169

structed by assimilating in-situ measurements of SWE and snow depth with gridded pre-170

cipitation and temperature data across the conterminous US (Zeng et al., 2018).171

Similar to our processing of GRACE data, we project the UASWE spatial fields into the172

same L = 60 Slepian basis localized to the four state study region. This spatially ban-173

dlimits the UASWE dataset for consistent comparison between the two datasets. The174

regionalized dataset is then re-gridded at a regular interval of 0.25◦ for use in LoadDef.175

2.4 Conversion to Displacement Measurements and Time Series Modifica-176

tions177

We use the software package LoadDef (https://github.com/hrmartens/LoadDef) to com-178

pute vertical surface displacements resulting from the regionalized GRACE and UASWE179

surface mass distribution datasets. LoadDef produces analytical models of surface mass180

loading for a spherically symmetric, non-rotating, elastic, and isotropic planet (Martens181

et al., 2019). Load Love numbers (Love, 1909) are computed based on a model of den-182

sities and seismic-wave velocities for Earth as a function of radius; PREM (Dziewonski183

& Anderson, 1981) is chosen as the model for both parameters in this study. Load Green’s184

functions (Farrell, 1972) are then computed based on the load Love numbers. Lastly, to185

derive the surface displacement response, the load Green’s functions are integrated and186

multiplied by the gridded load height and density for an input surface mass distribution.187
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This LoadDef Earth model is the same one that we use to compute the surface density188

of the GRACE time-variable gravity dataset. The density of water, 1000 kg/m3, is cho-189

sen for both GRACE and UASWE, as both datasets are given as a water equivalent. The190

displacement response for both surface mass distribution datasets is computed at each191

GNSS station location for easy comparison between all three datasets. Before the UASWE192

dataset is passed as input to LoadDef, the monthly average load is computed using the193

same monthly endpoints as used by the GRACE dataset. This reduces the computational194

load of running the LoadDef routines for two datasets over 276 months at 266 station195

locations.196

All three time series are temporally smoothed using radial basis functions (RBFs) as smooth-197

ing functions followed by interpolation at a daily interval. The RBF routine used is from198

the scikit-learn software package (https://scikit-learn.org/), which optimizes kernels over199

a range of input time scales (Pedregosa et al., 2011). A range of 0.5 to 10 years is selected200

to form the RBF kernels for this study, as this range captures the intra- and inter-annual201

variations present in all three datasets. These datasets are primarily dominated by a pe-202

riodicity of one year. For consistency between datasets, the same set of RBF kernels is203

applied to all three vertical displacement time series. This low-pass filtering scheme serves204

to overcome the challenge presented by small gaps in the daily GNSS station data and205

monthly gaps in the GRACE data. The kernels also provide a low-pass filter for the datasets,206

resulting in the suppression of daily and weekly variations in the time series. These vari-207

ations are likely not the result of elastic surface loading due to changes in hydrology, which208

is the focus of this study (Adusumilli et al., 2019; Farrell, 1972). After applying the RBF209

kernels to the three displacement datasets, the time series are then re-sampled at a daily210

interval.211

2.5 Data Intercomparisons212

Three new data products are created in this study in order to examine the effects of vari-213

ations in hydrology on geodetic datasets in the Southwest United States: a) phase de-214

lays between vertical GNSS time series and computed GRACE vertical displacement data;215

b) least-squares regressions between vertical GNSS time series and computed UASWE216

vertical displacement; and c) least-squares regressions between computed GRACE and217

UASWE vertical displacement data. Each of these products is evaluated at the 266 GNSS218

station locations in the study area.219

Before creating these products, each of the three displacement datasets is aligned in time220

at each station location. The time series are then sliced such that only the overlap be-221

tween the pertinent time series is analyzed. We choose a minimum overlap of three years222

between the GNSS and GRACE time series. This results in short intervals of overlap at223

some stations when comparing the GNSS and GRACE vertical displacement datasets,224

as some GNSS stations were deployed relatively recently. These short intervals are a cause225

of the poor cross-correlation observed when computing the phase delays between these226

two time series at some station locations. Each time series is also de-trended by remov-227

ing the mean and standard deviation before proceeding with computing the phase de-228

lays or least-squares regressions.229
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Figure 3. Plot of the vertical displacement time series at GNSS stations (a) P088 and (b)

NMDE for the three datasets used in this study. The original GNSS daily vertical displacement

is plotted in blue, while the computed vertical displacements due to elastic loading from the

GRACE TWS and UASWE snowpack SWE datasets are plotted in green and red, respectively.

(a) P088 is located in the upper elevations of the Wasatch Range. The periodic annual amplitude

of vertical deformation for the GNSS time series is around +/- 15 mm, while the equivalent com-

puted amplitudes for the GRACE and UASWE time series are lower, at +/- 8 mm and -10 to 0

mm, respectively. These annual periods are close to being in-phase at this station, with GRACE

lagging UASWE by about 20 days and GNSS lagging GRACE by 14 days. The high correlation

between the GRACE and GNSS displacement suggests that the variations in the vertical sig-

nal at this GNSS station are explained almost entirely by variations in surface water mass. (b)

NMDE is located in a valley in southwest New Mexico. The periodic annual amplitude of verti-

cal deformation for the GNSS time series is around +/- 20 mm, while the equivalent computed

amplitudes for the GRACE and UASWE time series are lower, at +/- 5 mm and -10 to 0 mm,

respectively. The annual responses computed from GRACE TWS and the UASWE snowpack are

significantly lower at this location, owing to station’s distance is from the nearest high mountain

range. The annual periodic signals in the GNSS and GRACE datasets are almost completely

antiphase, with GRACE leading GNSS by 214 days. While the low-spatial-resolution GRACE

dataset is sensitive to changes in the broader regional snowpack, station NMDE is sensitive to the

snowmelt runoff that flows within its vicinity during the spring and summer months.
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The GRACE-GNSS phase delays highlight the additional hydrological resolution that230

vertical GNSS station displacements can provide when combined with GRACE surface231

water loading data. When comparing Figures 3(a) and 3(b), it becomes apparent that232

the phase difference between the GNSS and GRACE time series is not uniform among233

station locations. These phase delays are computed by cross-correlating the de-trended234

GNSS and GRACE vertical displacement datasets. Any computed phase delays longer235

than six months are removed. Because the primary periodic signal in both datasets is236

approximately annual, any computed phase delay longer than half this period is due to237

poor correlation and not representative of any physical process. The final set of phase238

delays is then projected into the same local Slepian basis used for the GRACE and UASWE239

datasets in the study region and plotted.240

We compute two regression products by performing a least-squares regression using the241

UASWE vertical displacement data values as the independent variable for both. These242

regressions are performed at each station location. One regression uses the GNSS ver-243

tical displacement data values as the dependent variable, and the other uses the GRACE244

vertical displacement data values. The resulting R2 value of fit for the regression at each245

station location is then the measure of the percentage of variation in the dependent vari-246

able that can be explained by variation in the independent variable. This statistical anal-247

ysis presents a method of determining how strongly GNSS vertical displacement and GRACE248

TWS are determined by changes in snowpack SWE within the study region. High val-249

ues of R2 indicate that snowpack SWE is the dominant driver of surface elastic defor-250

mation, while low values indicate that a different physical process must control the dis-251

placement at a given location. These two regression products at the stations are then252

projected into the same Slepian basis as described above and plotted separately.253

3 Results and Analysis254

3.1 Phase Delays255

The result of the phase delay computation between the GNSS and GRACE vertical dis-256

placement datasets is shown in Figure 4. Of the 266 GNSS stations used in this study,257

259 produce phase delays through cross-correlation with the GRACE vertical displace-258

ment dataset. Of these 259 phase delays, only 110 are less than six months; these are259

the phase delays plotted in Figure 4. The phase delays are mostly coherent in the var-260

ious sub-regions of the study area. In Colorado, phase delays are scattered around -60261

days, indicating that GNSS stations in this sub-region sense vertical motion around two262

months in advance of GRACE satellite gravimetry. In Utah, phase delays are scattered263

around 0 days, with most being slightly negative, suggesting that, in this sub-region, GNSS264

stations and GRACE satellite gravimetry sense changes in elastic deformation due to sur-265

face water loading at around the same time. In Arizona, phase delays are mostly scat-266

tered around 90 days, indicating that GNSS stations in this sub-region sense changes in267

elastic deformation due to surface water loading months after it is perceived by GRACE268

satellite gravimetry. Phase delays are widely scattered in New Mexico, with many around269

-120 days and other around 80 days. This suggests that there is little consistency among270

GNSS station responses in this sub-region.271
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Figure 4. Map of phase differences between the observed GNSS and computed GRACE ver-

tical displacement datasets. The phase delay at individual station locations is plotted as filled

circles. The long-wavelength response computed by projecting the location responses into the

regional Slepian basis is plotted across the entire map. A negative phase difference (blue) indi-

cates that the annual periodic signal of GNSS is leading that of GRACE, while a positive phase

difference (red) indicates that the GRACE signal is leading that of GNSS. There exists a strong

degree two signal in the regional phase differences: GNSS stations sense hydrological loading in

the mountainous regions one to two months before it appears in the GRACE gravimetry data,

while this relative timing flip-flops in the lower Colorado River Basin.

Overall, the Slepian projection of the phase delays into the study region agrees with the272

individual phase delay results. This paints the broad picture that GNSS stations in and273

around mountainous areas of the Southwest United States respond to elastic deforma-274

tion due to surface water loading months in advance of GNSS stations in low-lying and275

desert areas. GNSS stations in Colorado in Utah sense the accumulation of snow in fall276

and winter months, while stations in Arizona sense the runoff from the melting snow-277

pack in lower parts of mountain watersheds during spring months. The negative phase278

delay anomaly in New Mexico likely does not represent a real physical feature, as it is279

heavily skewed by several negative-valued station locations contained within it. Ignor-280

ing this feature, a two-lobed pattern of phase delays emerges, with a negative lobe in the281

north and northeast parts of the study region, and a positive lobe in the southwest por-282

tion. It is important to note that, due to the low spatial resolution of GRACE TWS data,283
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it provides only a snapshot into broad regional hydrological processes. By combining in-284

formation about elastic deformation from both GRACE and GNSS, details about watershed-285

scale hydrological processes materialize.286

3.2 GNSS and UASWE Regression287

The result of the least-squares regression between the observed GNSS and computed UASWE288

vertical displacement time series is shown in Figure 5. The variance in GNSS vertical289

displacement data explained by vertical displacement computed from the UASWE dataset290

for most stations is below 10%. For some sub-regions, especially in the Wasatch Range291

and the Rocky Mountains, 20-30% of the variance observed at many stations is explained292

by the UASWE dataset. These station locations primarily correlate with the mountain-293

ous regions of the study area. A handful of stations have around 50% of their variance294

explained by the UASWE dataset. These stations are highly sensitive to the accumu-295

lation and melt of the local snowpack.296

The overall low variance explanation from the UASWE dataset is due to the fact that297

this dataset records only the accumulation and removal of snow in the snowpack itself.298

It does not provide information about the redistribution of snowpack meltwater that forms299

in the spring months. Figure 5 demonstrates that a large portion of the GNSS stations300

in the study area are more sensitive to the surface elastic deformation that results from301

the local accumulation of meltwater as opposed to changes in the snowpack itself. The302

GNSS stations essentially act as spatial high-pass filters for the elastic deformation, as303

they are responsive to TWS variations only within tens of kilometers, as suggested by304

these results. They can provide much higher resolution TWS data for a hydrologically305

complex region such as the Southwest United States, even though the station density is306

sparse and irregular.307
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Figure 5. Map of the R2 value (coefficient of determination) that results from performing a

least-squares regression between the observed GNSS and computed UASWE vertical displace-

ment time series values at each station location. The R2 value at each individual station location

is plotted as a filled circle, and the response computed by projecting the site responses into the

regional Slepian basis is plotted across the entire map. There is little coherence between the two

datasets across the study area, as only about 30 locations have an R2 value above 0.2. The rela-

tive GNSS station spacing is reflected in the regional projection, as the background map has the

highest values in the sub-regions with the densest populations of stations, while the center of the

region has the fewest stations and therefore the lowest R2 values.

3.3 GRACE and UASWE Regression308

As seen in Figure 6, the least-squares regression between the computed GRACE and UASWE309

vertical displacement time series is significantly more uniform than the regression shown310

in Figure 5. This is to be expected, as the GRACE TWS dataset has low spatial reso-311

lution, and most of the pixels in the study area behave coherently. Most station loca-312

tions have GRACE vertical displacement time series variance that are explained by vari-313

ance in the UASWE vertical displacement time series in excess of 40%. Many of these314

stations have values around 50%, which is excellent considering that the UASWE dataset315

does not contain information about the elastic deformation due to the redistribution of316

snowpack meltwater. It is this meltwater that drives the majority of surface elastic de-317

formation in the spring and summer months. The only sub-regions where the GRACE318
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TWS data shows significant divergence from the UASWE data are the areas in south-319

ern and northwestern Arizona. These locations are sufficiently far away enough from the320

mountainous parts of the study region and their associated watersheds that the stations’321

signals are not coupled to the region’s snowpack. Given that the variance in GRACE322

vertical displacement data explained by the variance in UASWE vertical displacement323

data in these sub-regions Arizona is around 10%, these stations might be decoupled to324

the broader hydrological processes of the study region and may reflect some sensitivity325

to elastic deformation resulting from precipitation from the North American Monsoon.326

−115°

−115°

−110°

−110°

−105°

−105°

35° 35°

40° 40°

0.0

0.1

0.2

0.3

0.4

0.5

C
o

e
ff

ic
ie

n
t 

o
f 

D
e

te
rm

in
a

ti
o

n

Figure 6. Same as Figure 5 but for the R2 values that result from the linear regression be-

tween the computed GRACE and UASWE vertical displacement time series values at each

station. In contrast to Fig. 5, there is strong coherence between the two datasets across the study

area at most sites. This suggests that the snowpack provides a first-order control on GRACE

TWS data. The only exceptions are two groups of stations in southern Arizona and along the

Colorado River in western Arizona. These groups of stations have R2 values near 10%, suggesting

that they are not highly controlled by variations in the snowpack.
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4 Discussion327

4.1 Complementary Data328

This study demonstrates the utility of combining GNSS vertical displacement, SWE, and329

GRACE TWS data for refining the spatiotemporal resolution of hydrological phenom-330

ena in a localized region. The spatial and temporal resolutions of GNSS displacement331

and GRACE gravimetry data are complementary. GNSS stations are sensitive to hyper-332

local elastic deformation occurring on scales of kilometers to tens of kilometers, while333

GRACE gravimetry data provides information about regional and continental TWS trends334

(Landerer & Swenson, 2012; Swenson & Wahr, 2006). GNSS station time series are avail-335

able at a daily interval and can provide near-real-time information about local variations336

in TWS (Fu et al., 2015). Meanwhile, GRACE provides information on long-term trends337

in TWS, such as inter-annual variability in drought conditions (e.g. Enzminger et al.,338

2019).339

Such near-real-time monitoring of TWS is becoming increasingly important as the ef-340

fects of anthropogenic climate change increase in severity (Jiang et al., 2021). This is341

especially apparent in the study area, where water storage along the Colorado River is342

reaching extreme lows (Adusumilli et al., 2019). Instead of relying on streamflow mea-343

surements during the spring months, models of elastic deformation that incorporate GNSS344

vertical displacement and Gravity Recovery and Climate Experiment Follow-On (GRACE-345

FO) TWS data can help refine estimates of the snowpack in the source regions of the346

Colorado River during the fall and winter months. This would help governments that347

rely on the Colorado River for water to plan water savings and other emergency mea-348

sures months in advance of a water shortage.349

A high density of GNSS stations is critical to monitoring changes in TWS throughout350

a region (Han & Razeghi, 2017; Knappe et al., 2019). However, the results of this study351

suggest that it is possible to partially complement areas of sparse GNSS networks with352

snowpack SWE models in mountainous regions, such as the Western United States. These353

snowpack SWE models provide information about snow accumulation and melt, which354

is critical to understanding surface elastic deformation in the mountain ranges that re-355

ceive snow. This same information is not fully conveyed by GNSS station vertical dis-356

placement data, as suggested by Figure 5. On the other hand, GNSS stations in drainage357

areas around these mountain ranges provide data on the timing and magnitude of snowmelt358

runoff. The placement of GNSS stations in different segments of larger watersheds is in-359

tegral to understanding TWS variations at the watershed basin scale. It is the intent of360

this and future studies to motivate the deployment and maintenance of denser GNSS net-361

works to monitor TWS throughout the Western United States and other regions.362

4.2 Sources of Error363

When analyzing GNSS station displacement data, it is important to take into account364

various sources of error. These include atmospheric delay modelling (Tregoning et al.,365

2009), site-specific thermal expansion (Fang et al., 2013; Yan et al., 2009), poroelastic366

strain due to groundwater (Tsai, 2011), and other non-tidal errors (Gu et al., 2017). Pre-367

vious studies also removed stations from their analyses whose locations have large local368

soil expansion and contraction responses due to changes in groundwater storage (e.g. Ar-369

gus et al., 2014, 2017). No such selectivity is performed in this study, and it is likely that370

the stations that display large discrepancies in their signal content compared to GRACE371

are biased by one or more of the site-specific errors listed above. Future analyses using372

this GNSS vertical displacement dataset will first remove stations with high variability373

in their response to surface water loading using a methodology similar to Argus et al.374

(2017). GNSS station displacement errors other than the ones mentioned will also be con-375

sidered, such as those summarized in Dong et al. (2002).376
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4.3 Regional Implications377

Besides variations in TWS, the data in this study provides useful information about other378

climate trends and phenomena. As mentioned previously, one of the most pertinent con-379

tributions to TWS in the study area besides snow accumulation and melt is the North380

American Monsoon. One interesting result to emerge from the analyses in this study is381

the identification of a subset of GNSS stations whose vertical displacement is decoupled382

from changes in the snowpack relative to the majority of the stations in this study. These383

stations in southern and northwestern Arizona, as highlighted in Figure 6, should be in-384

vestigated for their relationship to monsoonal precipitation. Future analyses will involve385

attempting to separate the seasonal signal of the North American Monsoon from the an-386

nual signal of snow accumulation and melt in the Southwest United States. A focus on387

other climate patterns, such as the El Niño-Southern Oscillation and atmospheric rivers,388

may also prove fruitful (Adusumilli et al., 2019).389

The ultimate goal of this line of work is to create a model of sub-monthly variations in390

TWS with a spatial resolution of tens of kilometers in the study region. This will involve391

a joint inversion of GNSS and GRACE datasets, similar to Han & Razeghi (2017) and392

Knappe et al. (2019). A snowpack SWE dataset will also be necessary for the analysis,393

as demonstrated by this study, to provide the desired spatial resolution. That being said,394

the snowpack SWE dataset does not make up for the station sparsity in low elevation395

areas of the study region. In order to model the redistribution of snowmelt runoff through-396

out the study region, another TWS dataset is required. One such candidate dataset is397

the Global Land Data Assimilation System (GLDAS), which provides 1 km resolution398

land-based grids of changes in surface water resources (Rodell et al., 2004). This dataset399

could be incorporated in a joint analysis, although previous studies (e.g. Fu et al., 2015;400

Knappe et al., 2019) suggest that GLDAS has a limited representation of the water cy-401

cle and provides little information that is independent of SWE datasets.402

5 Conclusions403

In this study, we perform the first region-specific analysis and comparison of GNSS ver-404

tical displacement, GRACE TWS, and snowpack SWE datasets for the southwest United405

States. We observe a location-dependent phase delay between GNSS and GRACE ver-406

tical displacement data, demonstrating that snow accumulation and melt in mountain-407

ous regions provide a first-order control on elastic deformation of Earth’s surface in this408

study area. Hydrological surface loading from the North American Monsoon is also sug-409

gested as a second-order control on the observed displacement at GNSS stations in south-410

ern and northwestern Arizona. Variations in the UASWE snowpack SWE coverage dataset411

are observed to have little control over variations in GNSS vertical displacement data,412

indicating that GNSS stations in the study region have a hyper-local sensitivity to vari-413

ations in the distribution of TWS surface mass. A model of the redistribution of snowmelt414

runoff in individual watersheds is needed to complement TWS deficiencies in the UASWE415

dataset. Future work is needed to create a joint inversion of these datasets to pursue near-416

real-time monitoring of TWS variations as well as insights into other climate trends that417

may be present in the data.418

Open Research Section419

The code used in this work is available freely online (Harig et al., 2015) as part of the420

SLEPIAN code package. Specifically Slepian alpha (Simons et al., 2020) and Slepian bravo421

(Simons & Harig, 2020) are used to generate and work with Slepian functions, while Slepian delta422

(Harig & Simons, 2022) processes GRACE data. Installation instructions for the var-423

ious Slepian code repositories can be found at http://github.com/Slepian/Slepian424

(Plattner et al., 2023). The GNSS time series (Blewitt et al., 2018) used for processing425

in this study are available from the University of Nevada Reno Nevada Geodetic Lab-426
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oratory (http://geodesy.unr.edu/) under open access. Version 1.9 of Hector (Bos et427

al., 2013) used to compute linear displacement trends for the GNSS time series is avail-428

able via the GNU General License at https://segal.ubi.pt/webservices/whatishector/.429

The CSR RL06 GRACE time series used for processing in this study are freely available430

at The NASA Physical Oceanography Distributed Active Archive Center (PO.DAAC)431

(https://podaac.jpl.nasa.gov/).432
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