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Key Points:

e Multi-year wet-dry water cycles are closely consistent with dv/v observations, notably at
stations within the Great Salt Lake watershed.

e The annual dv/v variations and their peak times are closely corresponding to expected
water cycle patterns in Utah.

e Using long-term lake level as a groundwater proxy in modeling reveals regional recharge
timing differences driven by elevation and snowmelt.
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Abstract

Ongoing climate change leads to an increase in prolonged drought and severe weather events in
the United States, particularly pronounced in semi-arid regions such as the western United
States. It could have lasting social and environmental impacts. Continuous monitoring of near-
surface hydrological processes and groundwater resources will provide helpful information for
effective water resource management. The seismological signature of groundwater fluctuations is
clear in the temporal variations in seismic velocities, dv/v. To this end, developing a proxy for
groundwater level using dv/v is an opportunity but requires further understanding of the relation
between dv/v and subsurface hydrology. In this study, we apply single-station cross-component
correlation analysis to 28 broadband seismic stations in Utah between January 2006 and March
2023 and analyze the dv/v in the 2-4 Hz frequency band. To explain dv/v, we linearly
superimpose thermoelastic stresses, soil moisture estimated from remote sensing data products,
and a long-term deep water table pore pressure. We find that the relative contributions of each
depend on the location, but adding a long-term water table decline, which is not systematically
observed in soil moisture, better fits our data. We conclude that soil moisture alone does not
explain the variations in total water storage when subsurface moisture is decoupled from the
deep water table. We also conclude that dv/v can be used as a proxy for water storage.

Plain Language Summary

Climate change is causing more frequent and intense droughts and severe weather in the western
United States, especially in semi-arid areas. This situation could have severe social and
environmental consequences. To manage water resources effectively, continuously monitoring
groundwater and related hydrological processes is important. Changes in groundwater levels can
be detected through variations in seismic velocities, known as dv/v. This study aims to
understand how these seismic changes relate to near-surface water by analyzing data from 28
broadband seismic stations in Utah from January 2006 to March 2023. We focus on seismic
signals in the 2-4 Hz frequency range and combine these signals with information about thermal
stresses, soil moisture from remote sensing, and long-term deep groundwater table. Our findings
indicate that the importance of each factor varies by location. However, incorporating long-term
groundwater decline better matches our observations. We conclude that soil moisture alone
cannot fully explain changes in total water storage when disconnected from deeper groundwater
levels. Ultimately, we suggest that dv/v can serve as a useful indicator of water storage in the
subsurface.

1 Introduction

Widespread droughts and extreme weather events have become more common in recent
years as a result of ongoing climate change (Coumou and Rahmstorf, 2012; Hulme, 2014). The
increasing frequency and severity of droughts could lead to enduring impacts on society and the
environment (Schwabe et al., 2013; Khatri and Strong, 2020). Utah is situated in a semi-arid
region of the western US, characterized by limited water availability. Water resource
management is always a crucial issue for the state. The water supply in Utah is precipitation in
the form of snowpack. The snowpack accumulates in the winter, and groundwater and stream
flow control the runoff during the dry season. There are several lakes and reservoirs across the
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state that capture snowmelt runoff. The Great Salt Lake (GSL) is the largest terminal lake in
Northern America and serves as the terminus for various rivers, streams, and subsurface
groundwater within its extensive catchment area. Due to its salinity, GSL does not directly
contribute to the regional water supply, but its water level has been considered one of the
primary indicators of regional water resources. The GSL has experienced periods of extended
drought throughout its history, including years of shortages and years of replenishment (Wang et
al., 2012; Utah Division of Water Resources, https://water.utah.gov/great-salt-lake/, last accessed
01/2023). Nowadays, it is facing the challenges of declining water levels, which have reduced by
more than 3 meters since 1999 (Hassan et al., 2023). Prolonged droughts can severely impact the
lake's ecosystem and overall health (Baxter and Butler, 2020; Null and Wurtsbaugh, 2020). The
uncertainty associated with the groundwater inflow, however, makes it difficult to assess the
GSL water budget accurately.

Conventionally, monitoring groundwater levels, whether they reside in aquifers or as
subsurface moisture, requires in-situ instrumentation (i.e., wells and probes) with local
sensitivities. These measurements are a site’s ground truth for water storage but have two
limitations. First, data collection of ground-based sensors has historically been varied. Second,
advancements are being made in data collection and distribution (e.g., Perrone and Jasechk,
2017). Alternatively, remote sensing provides increasingly frequent measurements (~3 days) and
a large spatial footprint (~10-35 km) (e.g., Tangdamrongsub et al., 2020). Temporal water mass
variation on a much larger scale can be monitored through remote sensing (e.g., GRACE;
Landerer and Swenson, 2012) despite the relatively low spatial resolution at around a few
kilometers to hundreds of kilometers. For subsurface moisture, Ford and Quiring (2019)
performed a comprehensive comparison between soil moisture measurements, especially
comparing in-situ with modeled products and remote-sensing-based derived estimates. They
concluded that both the Northern American Land Data Assimilation System project phase 2
(NLDAS-2) and the Soil Moisture Active Passive (SMAP) consistently performed best.
Improved parameterization, models, or proxies of near-surface water remain a desirable avenue
of research.

Recently, the seismology community has demonstrated the possibility of linking seismic
velocity changes (dv/v) with hydrological variations, where intermediate spatial sensitivity and
resolution from a few meters to kilometers can be achieved. The time resolution ranges from
hours to decades, depending on the station operation period and research purpose. Many studies
have reported a strong (anti-)correlation (e.g., instantaneous response) between perturbation in
seismic velocities and subsurface hydrological variables such as groundwater level changes and
soil moisture variations (Sens-Schonfelder and Wegler, 2006; Gassenmeier et al., 2014; Voisin et
al., 2016; Lecocq et al., 2017; Clements and Denolle, 2018; Illien et al., 2021; Oakley et al.,
2021; Mao et al., 2022; Shen et al., 2024). Because the method only relies on passive seismic
noise and seismic stations can be deployed relatively easily, this technique might provide a cost-
efficient way to monitor subsurface hydrological parameters at the mesoscale. This method, so-
called time-lapse passive seismic interferometry, measures coda waves perturbations from
repeating waveforms and infers dv/v. The repeated waveform can be obtained from either
repeated sources or noise correlation functions calculated using different time windows (Snieder
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et al., 2002; Weaver and Lobkis, 2004; Pacheco and Snieder, 2005; Sens-Schonfelder and
Wegler, 2006).

Variations in groundwater levels in the subsurface induce local changes in effective
pressure, leading to changes in seismic velocities. In fully saturated media, e.g., below the water
table, changes in rigidity, the ability of rocks to resist shear stresses, are reduced with increasing
pore pressure. This leads to a reduction in shear wave speed. Density changes due to pore
pressure changes are not large because of the incompressibility of rocks and water (Fokker et al.,
2021). dv/v has been correlated with dilatational strains empirically (Donaldson et al., 2019;
Sens-Schonfelder and Eulenfeld, 2019; Takano et al., 2019; Hotovec-Ellis et al., 2022) and as
predicted from the earthquake-related drop/healing behaviors or temperature-humidity coupling
effects under a non-linear elasticity framework (Ostrovsky and Johnson, 2001; Hobiger et al.,
2014; Clements and Denolle, 2023; Diewald et al., 2024; Okubo et al., 2024). Above the water
table, in partially saturated media, both rigidity and density are affected by relative water
content, and more complex physics, which depends on pore water distributions, may affect the
wave speed (e.g., Solazzi et al., 2021). Seismic waves have spatial resolution and sensitivity that
depend on their wavelengths: high-frequency signals can have relatively high spatial resolution
(e.g., 500 m/s shallow seismic waves at 5 Hz have a 100-meter wavelength) and shallow depth
sensitivity compared to low-frequency signals, considering the surface waves dominant codas
(Obermann et al., 2013, 2016). Therefore, shear waves are useful to track groundwater changes
at intermediate spatial resolutions. Because seismic signals are continuously recorded, they can
provide continuous measurements, at least at the hourly time scale, of water levels at the
mesoscale.

One outstanding issue remains on whether dv/v is measuring subsurface moisture in
partially saturated media or water table changes. Indeed, the depth resolution is relatively smooth
in surface waves, and conventional networks of seismometers do not permit precise depth
analysis. Illien et al. (2021) were the first to propose a model that combines groundwater storage
and subsurface moisture to explain the surface observations of dv/v. They relied on in-situ
moisture and geochemical tracer measurements for groundwater depth to discriminate between
the two water storages. They found that in Nepal, the intermittent coupling of subsurface water
with groundwater during groundwater replenishment can explain the dv/v observations. While
multi-sensor networks are increasingly valued and deployed (Oakley et al., 2021), they often
span only short-term experiments. Here, we tackle the problem of differentiating the relative
contribution between moisture and water table on a regional scale and over decades of data.

This study analyzes continuous seismic recordings of 28 broadband seismic stations
across Utah (Figure 1) between January 2006 and March 2023. We use single-station
measurements to determine the temporal evolution of dv/v (e.g., Hobiger et al., 2014; Feng et al.,
2021; Clements and Denolle, 2023; etc.). We compare the evolutions of the observed dv/v with
the GSL and Utah Lake water levels and near-surface moisture at stations to investigate the
relationship between dv/v variations and the potential hydrological signatures. The observed dv/v
evolutions reveal seasonality across most stations. Their annual cycles, with a positive dv/v peak
time around autumn and a negative dv/v peak time around late spring to early summer, are
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consistent with the expected water cycle in Utah, except for a station adjacent to the human-
controlled Jordanelle Reservoir. We use the evolution of the Utah Lake as an approximate
functional form to model water table levels, accompanying the near-surface moisture and
temperature estimates to explore dv/v.

2 Data and Methods
2.1 Time-lapse passive seismic interferometry

Time-lapse passive seismic interferometry is a method for extracting changes in seismic
velocities from phase differences in the seismic coda waves that have the same source and
receivers but are recorded at different times. The fundamental assumption behind passive seismic
interferometry is that, for a diffusive noise field, the cross-correlation function can be
approximated as the empirical Green’s function (Lobkis and Weaver, 2001; Snieder et al., 2002;
Weaver and Lobkis, 2004). In such a scheme, the coda of the correlation waveform is the result
of multiple scattering when the direct waves pass through Earth heterogeneities (Pacheco and
Snieder, 2005; Plangs et al., 2014). Owing to the multiple scattering nature, coda waves take
much longer paths than direct waves before arriving at the receiver station. Therefore, they are
more sensitive to perturbation in the medium and less sensitive to changes in the noise source
(Colombi et al., 2014). Assuming homogeneous velocity changes in the medium, the seismic
velocity perturbation of the medium, in here dv/v, can be characterized by the presence of coda
wave time shifts at different time lapses (Snieder et al., 2002).

2.2 Seismic data

Taking advantage of the continuous seismic recordings, this study analyzes three-
component continuous broadband seismic recordings between January 2006 and March 2023
from the stations in the University of Utah Regional Seismic Network (UU) and the United
States National Seismic Network (US) in Utah. To study both long-term and annual dv/v
evolutions, we only include the 28 broadband stations with over five years of operation time in
our analysis (Figure 1, inverted triangles). The data completeness of the 28 stations is shown in
Figure S1. We perform a general standard pre-processing, which removes instrumental response,
demeans, detrends, and tapers before decimating the data to 20 Hz and storing them in 1-day-
long segments. We remove all component observations with data gaps in any single component
and check daily waveforms in spectrograms to exclude malfunction periods.

2.3 Single station seismic dv/v measurements

We perform a single-station cross-component correlations (SC) analysis, which has been
well demonstrated in investigating tectonically and environmentally driven dv/v evolutions in
previous studies (e.g., Hobiger et al., 2014; De Plaen et al., 2016; Viens et al., 2018; Yates et al.,
2019; Feng et al., 2021; Clements and Denolle, 2023). We adopt Welch's method (Seats et al.,
2012) to improve the quality of the correlation functions. We first cut the daily three-component
seismic data into 10-minute windows, detrend, taper, and apply spectral whitening in the
frequency band 0.1-8 Hz. We then calculate the SC functions between each non-identical
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component (i.e., ZN, ZE, NE, EN, EZ, and NZ) with non-overlapping 10-minute time windows.
We calculate the root mean square (RMS) amplitude for each 10-minute SC and remove all 10-
minute SCs with RMS above five times the daily averaged RMS. Those windows often contain
unfavorable energetic signals (e.g., earthquakes, instrumental irregularities, and non-stationary
transient signals). For each station and each cross-component, we stack all remaining SCs to
obtain the reference SC function and the 60-day stacked SC functions. The 60-day window is
selected to gain better signal-to-noise ratios (SNR) and improve the coherence between each
current SC function (Figure S2). We focus on the 2-4 Hz frequency band, where coherent SC
coda signals can be observed.

Assuming the velocity change in the medium is laterally homogeneous, for each 60-day
stacked SC function (as current SC function hereafter), we measure the relative velocity change
dv/v compared to the reference SC function. Here, we assume that the dt/t (time shift over lag
time) of the coda signal is related to dv/v via the equation (Snieder et al., 2002):

dt/t = —dv/v. (1)

Equation (1) demonstrates that delayed phase shifts (dt >0) are associated with velocity
reductions (dv <0). For a uniform change dv/v, the delay time increases with the lag time as
propagation paths are longer for scattered waves that arrive later. We measure dv/v by band-
passing the SC functions in 2-4 Hz and a selected 2-8 sec lag time coda window (Figure S2,
black boxes) to reduce the effect of the energetic near-zero lag time ballistic waves. Assuming
Rayleigh waves dominate the coda signal, the dv/v measurement in this frequency band is mostly
sensitive to velocity changes down to 500-meter depth (Figure S3). The lateral sensitivity is ~1
km based on the first Fresnel zone approximation (Bennington et al., 2018).

We adopt the stretching method (Sens-Schonfelder and Wegler, 2006) to measure the dv/v
evolutions. The reference SC (SC™') is either stretched or compressed to obtain a best-fit
correlation coefficient cc(€) with the current SC (SC*"):

JF sceur(e) scTef (t(1+e))dt

cc(e) =

(2)

J [ isceuryzae fiF[scref (ca+e)] at

, where € is the stretching factor and t; and t; are the beginning and the ending lag time of the coda
window, respectively. We perform a grid search of € in a range of -2% to 2% with a 0.01%
increment, and the dv/v is determined by the € with the maximum cc. A weighted contribution

. . . . d .
across the six SC components is used to compute the final dv/v time series i l (Hobiger et al.,
a

UV fin
2014; Viens et al., 2018):
dv

= = %0, cc2 (D), (3)

. T v6
V final Xi= cC;

d : . : :
, where the cc; and (717)1' are the maximum correlation coefficient and estimated dv/v of each

component after stretching. Based on a theoretical formulation of the apparent stretching factor €
(Weaver et al., 2011), we also calculate the uncertainty of the estimated dv/v for each cross-
component via:
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TT,
o

W (t3-tF)

V1-cc?

2cc

rms(e) = 4)
, where cc is the maximum correlation coefficient, 7 is the reversed of the measured frequency
bandwidth, w, is the corner angular frequency, t; and t, are the begin and end time of the selected
coda window. We present the averaged uncertainty of all components as the uncertainty of our
dv/v time series (e.g., Figure 2).

2.4 Depth sensitivity and Vs30 model

Assuming strong Rayleigh waves in the coda of the single-station correlations, we use
surface-waves sensitivity with depth given a shear-wave wave speed profile, taking the mean
values of the grids in proximity to seismic stations from Schmandt et al. (2015), to obtain the depth
sensitivity kernels as shown in Figure S3. With this framework, we find that the depth sensitivity
of our measurements is in the top 150 meters. The state average water table depth is 8 m (Fan et
al., 2007), though the UUSS broadband stations are mostly located away from the basins and where
the water table is deeper (~10-30 m). Additional data from the United States Geological Survey
(USGS) Vs30 model shows that high near-surface velocities are also expected (Heath et al., 2020).
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Figure 1. Station map. The inverted triangles are the broadband seismic stations used in this study. The red inverted
triangles identify the stations in Figure 4. The green squares are the two closest groundwater wells used for
comparison. The pink curve encircles the Great Salt Lake watershed (from the Utah Division of Water Resources,

https://water.utah.gov/).
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Figure 2. Co-evolutions of observed dv/v (warm-color-coded curves) and the corresponding hydrological factors (blue
curves). Note the positive/negative dv/v is plotted upside down for better comparison. (a) Station SPU dv/v versus the
GSL water level. (b) Station MPU dv/v versus the Utah Lake water level. (c) Station CVRU dv/v versus the
corresponding soil moisture equivalent water thickness (SM-EWT). (d) Station JLU dv/v and the Jordanelle Reservoir
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water level. (e) Station DUG dv/v and the nearby groundwater level record. In (a-d), the hydrological data is evenly
sampled.

2.5 Hydrological and temperature data

The GSL, the largest terminal lake in Northern America, is the remnant of the larger
Pleistocene Lake Bonneville. It is an essential natural and economic resource for the region. On
the other hand, Utah Lake, located south of the GSL, is a freshwater lake fed by several rivers,
with the Jordan River as its outlet, flowing northward into the GSL. We gather GSL water level
data from USGS Water Resources (https://dashboard.waterdata.usgs.gov, last accessed 10/2022,
Site No. 10010100). It shows roughly an annual water level variation of ~1.2 m (~4 ft) on top of a
long-term dry-wet cycle of nearly 3 m (Figure 2a). The Utah Lake water level is estimated from
the storage volume obtained from the Snowpack Telemetry (SNOTEL) Utah reservoir site (Site
No. 10166500), operated by the Natural Resources Conservation Service (NRCS) of the United
States Department of Agriculture (USDA, https://www.nrcs.usda.gov/, last accessed 04/2023). We
estimate the water level by dividing the storage volume by the lake area of 384.4513 km? (95,000
Acres). Its water level has a long-term dry-wet variation (Figure 2b) similar to that of the GSL. Its
annual variation is ~1 m.

Moisture in vadose zones also plays a crucial role in the near-surface water resources (Illien
et al., 2021; Shen et al., 2024). However, due to the lack of co-site hydrological measurement, we
characterized soil moisture equivalent water thickness (SM-EWT) derived from the NLDAS-2
(Xia et al., 2012ab) as the near-surface water content for comparison. The NLDAS was developed
by a nationwide multi-institution partnership (Mitchell et al., 2004). The NLDAS system ingests
various observational data, such as satellite remote sensing measurements, ground-based weather
station data, and radar-based rainfall estimates. These data are assimilated into sophisticated land
surface models (LSMs) to produce gridded outputs (0.125° x 0.125° = 14 km x 14 km), including
terms related to surface energy and water budgets. We extract the SM-EWT data from the closest
grid point to the seismic stations (Figure S4). The locations are normally within ~9.3 km. The
average annual variations of SM-EWT range from 0.05 to 0.22 m. Figure 2¢ shows an SM-EWT
time series as an example at Station CVRU.

The Jordanelle Reservoir is a man-made reservoir about 3 km from Station JLU. It serves
multiple purposes, including water storage, flood control, and recreation. Therefore, its highest
and lowest water levels are different from other surface water bodies (the blue curve in Figure 2d).
We collected the reservoir’s monthly water levels from the United States Bureau of Reclamation
(https://data.usbr.gov, last accessed 04/2023). Station JLU is located on a mountain crest. While
hydraulic connectivity at the site does not appear to be linked to the reservoir, considering its
proximity, its subsurface velocity variations could be affected by the reservoir’s poroelastic
loading in response to the 30-meter annual water level variations.

For in situ groundwater data, in our study area, most wells are in the valley and exhibit
irregular time resolution for data collection. However, there are two wells managed by the USGS
Utah Water Science Center (https:/www.usgs.gov/centers/utah-water-science-center, last
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accessed 04/2023, Site No. 414411112543701 and 401312112442301), shown as green squares in
Figure 1, have relatively comparable time samplings. These two wells are in proximity to seismic
stations HVU and DUG (Figure 1).

In addition to hydrological terms, thermoelastic effects have also been contributing to the
dv/v seasonality (Tsai, 2011; Richter et al., 2014; Fokker et al., 2024; Shen et al., 2024). Across
Utah, the average air temperature change over a year ranges from below zeros to over 40 degrees
Celsius. To take temperature effects into account, we collect air temperature records from the
Parameter-elevation Relationships on the Independent Slopes Model (PRISM) Gridded Climate
Data (PRISM Climate Group, https://prism.oregonstate.edu/, last accessed 04/2023, Daly et al.,
2008). They gather climate data from numerous monitoring networks, apply advanced quality
control methods, create spatial climate datasets to reveal both short-term and long-term climate
patterns, and provide the PRISM, a 4 x 4 km gridded product. We collect the data from the points
closest to our seismic stations. The temperature records at each station are generally similar, with
the lowest temperatures typically occurring in early February and the highest around July on
average with 20.4 to 28.4 degrees Celsius annual variations. We interpolated all hydrological and
temperature data at daily intervals to compare them with the dv/v time series.

3 Results and analysis
3.1 Seasonality of the observed dv/v

The observed dv/v evolutions reveal strong seasonality at most stations. We perform annual
stacks at all stations to investigate the seasonality of dv/v (Figures 3, S6, and S7). Figure 3c shows
the annual dv/v stacks for several representative stations. Based on the annual dv/v variations, we
calculate the average peak time of the highest and lowest dv/v for all stations and summarize them
in Figures 3a and 3b. Considering the uncertainties of those low annual variation stations, we only
plotted the stations with average annual variations above 0.3%. The amplitude of annual variations
over stations is mapped in Figure S6. Overall, the average positive dv/v peak times are observed
around autumn between August and October (Figure 3a), and the negative dv/v peak time appears
around late spring and early summer between April and June (Figure 3b). These peak time patterns
are consistent with Utah's general water cycle, which goes from October 1% to September 30,
where groundwater is lowest during the dry summer-fall months and replenishes during the spring
runoff. Station JLU is unique due to its proximity to the managed reservoir. It is reasonable that it
shows a different peak time than others. Looking more closely, stations HWUT and FORU have a
dv/v plateau during the autumn and winter months (Figure S7) despite the peak times being slightly
delayed compared to other stations (Figure 3). Stations at higher elevations tend to have a later
negative peak time, likely due to the late snowmelt in the mountainous areas, although this is not
so obvious.
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(a) Peak time of maximun annual dv/v (b) Peak time of minimum annual dv/v (c) Annual stacks
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Figure 3. Peak time maps of the (a) highest and (b) lowest points in annual dv/v. The pink curve encircles the Great
Salt Lake watershed. (c) Example stations of the annual dv/v stacks. The colored curves are the observed dv/v for each
year, with the color representing estimated uncertainty. The black curves represent the mean. The peak-to-peak
variation amplitudes of the mean are shown by the blue bars and the values on top.

3.2 Co-evolution between observed dv/v and lake water levels

The multiyear dry-wet variations of the northern Utah hydrological system are manifested by
the GSL and Utah Lake water level records. The lake's water level reflects the 2007 drought and
multiyear droughts in 2012-2017 and 2020-2022 (Figure 4a). Similar long-term variations are also
observed by the dv/v at nearby stations in the GSL watershed (Figure 4b, those red inverted triangle
stations in Figure 1). The dv/v times series are flipped to improve the visualization of the anti-co-
evolution to the water levels. We see a slight down-going (increase in dv/v) in 2007 at Stations
MPU and SPU. An apparent long-term decline (increase in dv/v) over the six stations appeared in
2012-2017 and the period after 2020.

The dv/v at stations within the GSL watershed generally correlate better with the lake levels
than stations outside the watershed. Figures 5a and 5b and Table S1 summarize the results of
correlation coefficients and R-squared values for all stations. Focusing on these stations within
the watershed, Station MPU has the most significant negative correlation to the GSL and Utah
Lake water levels, with values of -0.82 and -0.91, respectively. The significant correlation at
Station MPU suggests that the dv/v measurement there and the Utah Lake level are sensitive to the
exact same hydrological controls. The two stations near the Salt Lake Valley between the Utah
Lake and GSL (Stations CTU and NOQ) show stronger correlations with the Utah Lake levels
with values of -0.69 and -0.58 and a bit lower correlation to the GSL of -0.59 and -0.4. The two
stations near the GSL (Stations SPU and HVU) show slightly lower correlations to the lakes, with
values between -0.42 and -0.65. Surprisingly, station BGU has a stronger correlation to the Utah
lake water level (-0.82) than the GSL water level (-0.67).
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Figure 4. Co-evolution of dv/v and GSL and Utah Lake water levels. (a) Lakes’ water level variations with the drought
monitoring graph from the US National Integrated Drought Information System. DO to D4 represent different drought
levels, from abnormally dry (D0) conditions to exceptional drought (D4). The blue and cyan curves represent the GSL
and Utah Lake records, respectively. (b) Co-evolution of flipped dv/v for stations adjacent to the lakes (red reversed
triangles in Figure 1) and the water level records in (a). The color of the dv/v represents estimated uncertainty.

3.3 Correlation between dv/v and SM-EWT

The correlation coefficients between dv/v and the SM-EWT are less coherent spatially
(Figure 5c¢), in contrast to the correlation between the lake water levels and dv/v primarily
concentrated within the GSL watershed. The strongest (anti-)correlation appears at Station CTU
with a value of -0.78 (highlighted by a yellow label in Figure 5c). The Stations FORU and FOR1
in southern Utah also show relatively high correlations at -0.72 and -0.6. Station CVRU
(highlighted by a red label in Figure 5c) is one of the few stations deployed on a soil site, as
documented by the UUSS (Farrell, pers. comm.). Although the correlation at CVRU is not the
strongest, its correlation coefficient achieves -0.56. Except for Station JLU, the correlation
coefficients between dv/v and SM-EWT are generally negative, agreeing with previous
observations (e.g., Illien et al., 2021; Sheng et al., 2024). However, it is worth noting that we are
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not using the direct soil moisture measurement; instead, we are comparing our results with the
equivalent water thickness from NLDAS-2 that is best correlated with in-situ moisture (Illien et
al., 2021; Sheng et al., 2024) relative to other remotely sensed measurements during this period.
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Figure 5. Correlation coefficient maps of the observed dv/v with the lakes’” water level variations and SM-EWT. (a)
dv/v correlation map to the GSL water level. (b) dv/v correlation map to the Utah Lake water level. (c) dv/v correlation
map to the SM-EWT. The colors represent the correlation coefficient between the dv/v and the corresponding lake
water level. The circle size shows the absolute value of the correlation coefficient at stations. The pink curves encircle
the Great Salt Lake watershed area.

3.4 Modeling on dv/v and MCMC analysis

To understand how much each factor contributes to the system, we model dv/v with a linear
combination of the factors. We identify two potential water storage that impacts seismic velocities:
subsurface moisture (e.g., Oakley et al., 2021; Illien et al., 2021; Shen et al., 2024) and water-table
levels (e.g., Voisin et al., 2016; Gaubert-Bastide et al., 2022). According to the depth sensitivity
of our seismic signals (see Figure S3) and the average water table levels, our dv/v should sample
both moisture variations and the water table at depth, and the relation between moisture and water
table is decoupled. Other than that, we also consider thermoelastic stress and model it with the
time-shifted surface air temperature to model the diffusion at a depth of annual temperature
variations (e.g., Berger, 1975; Richter et al., 2014).

This study explores novel ways to introduce groundwater and soil moisture with temperature
effects to explain seismic velocity variations dv/v. First, we use a base model formulated as

Ybase(t) = A+ B-SMEWT(t) + C-T(t — Attshift) (5)
where the parameters to fit are the constant level (4) and coefficients (B, C) to the soil moisture

term, SMEWT (t) and temperature term with a time shift T (t — Atssp;r.). Considering the long-
term decline of the groundwater table over the past decades (Wada et al., 2010; Perrone and
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Jasechk, 2017), we propose two models: (1) the base model in Equation 5 accompanied by a linear
trend and (2) the base model in Equation 5 accompanied by a lowpass filtering lake level to
synthesize water-table effects on dv/v. In the first model, a positive linear trend represents the
corresponding increase in dv/v due to the long-term decline in the overall groundwater table. The
first model is written as

ylinear(t) = Ybase (t) + lineartrend(t)- (6)

In the second model, assuming the regional groundwater table pattern is similar to the lake level
in the long term, we lowpass filter the Utah Lake level with a 2-year corner period to approximate
the groundwater term denoted as Lake;,pqss at any given time ¢, with a time shift At,,p;¢.. The
model leverages the known correlation between groundwater levels and lake levels (Ghambari and
Bravo, 2011; Wu et al., 2022), also justified by the strong correlations between the GSL and the
Utah Lake levels and dv/v (see Results section). This model is written as

ylowpass(t) = Ybase (t) +D- Lakelowpass (t - Atwshift) (7)

where D is the coefficient of the groundwater term.

Following the steps outlined by Ermert et al. (2023) and Okubo et al. (2024), we utilize
emcee, a software tool based on Python (Foreman-Mackey et al., 2013), to fit the time series in a
Bayesian framework. The emcee employs the Markov chain Monte Carlo (MCMC) method and
offers various advanced sampling algorithms. We adopt the stretch move method introduced by
Goodman and Weare (2010) to update model parameters. This method involves a set of walkers.
We configure the number of walkers as 32 and perform 12,000 iterations, with 10% discarding as

burn-in. The log-likelihood function with a set of model parameters 4 is referred to Okubo et al.
(2024):

In (1(9)) — _;Zn [( d””(tn)—y’arzlzodel(tnlg) )2 +In (6’7%)], (8)
where o, is the estimated error of the dv/v, dvv is the dv/v, and y,,,4e; 1S the predicted dv/v from
models Yjineqr and Yiowpass at the time t,, respectively. During the modeling process, we set up
the parameter sampling ranges of each term based on the knowledge from previous literature, such
as B is sampling in negative values due to the anti-correlation between dv/v and soil moisture (e.g.,
Illien et al., 2021); C should be positive due to the positive correlation between dv/v and air
temperature (e.g., Richter et al., 2014), and D is negative due to the anti-correlation between dv/v
and groundwater level changes (e.g., Sens-Schonfelder and Wegler, 2006). Table 1 summarizes
the parameters and the corresponding sampling ranges of the model. The 90-day bounds of the
time shift of temperature effect representing the thermal diffusion effects are considered an average
70-day shift from a state-wide experiment in Clements and Denolle (2023). The time shift of the
assumed groundwater table is given in a range of [-182, 182] days, considering the unknown inflow
and seepage (e.g., Somers and McKenzie, 2020) but only within a year-round cycle.

For modeling data preparation, we apply a 30-day rolling average to the dv/v time series
to obtain smooth data comparable to other components, i.e., SMEWT, temperature, and lake level,
those in monthly sampling. To align each component at the same stations, we trim them with the
same starting and ending dates. All the time series have the mean values removed and have been
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normalized to [-1, 1]. Stations HVU and VRUT have over a year of data gaps, which will introduce
biases into modeling processes. Therefore, we divided these datasets into two periods for these
stations and named them HVU1, HUV2, VRUTI1, and VRUT?2.

Recent studies have proposed that coupling between soil moisture and groundwater,
temperature, and humidity may be necessary (e.g., Sens-Schonfelder and Eulenfeld, 2019; Illien
et al., 2021; Diewald et al., 2024). However, apart from dv/v observation, we don't have in-situ
measurements as they did; therefore, we would need to ignore this complexity in this study.

Table 1. Model parameters and the ranges used for the MCMC sampling.

Variable Description S[;nllill:;ﬁ;? nee
A offset of dv/v [-1.0,1.0] %

B factor of soil moisture equivalent water thickness [ -0, 0]

C factor of temperature [0,0]

At _tshift time shift of the temperature time series [0,90] days

D factor of the assumed groundwater level [-0,0]

At wshift | time shift of the assumed groundwater level time series [-182, 182 ] days
linear trend | corresponding linear increase due to linear decline groundwater table | [ 0, oo ]

fo uncertainty of dv/v estimation [10°1°10'9]

3.5 Selection of the optimal model

We evaluate the quality of models by the Akaike information criterion (AIC, Akaike, 1974)
and the Bayesian information criterion (BIC, Schwarz, 1978). AIC and BIC are both metrics used
for model selection, helping to choose the best model among a set of candidates by balancing
model fit and complexity, which is penalized by the number of model parameters k. AIC evaluates
models based on how well they fit the data, penalizing more complex models to avoid overfitting.
Lower AIC values indicate a better model, suggesting a good fit with minimal complexity. Similar
to AIC, BIC also penalizes model complexity but does so more strongly and significantly as the
sample size increases. It is more conservative than AIC in selecting models, often favoring simpler
models. Like AIC, lower BIC values suggest a better model. In addition to the two models
mentioned in Section 3.4 (Equations 5, 6, 7), we also test them by keeping only SM-EWT or
temperature in both models to see how they perform when we exclude either. The number of model
parameters, k, in the linear-trend and lowpass models mentioned in Section 3.4 is 5 and 6,
respectively. When we test them by keeping only the SM-EWT term, the k& is 3 and 4. When we
test them by keeping only the temperature term with a time shifting, the & is 4 and 5. In general,
the combination of hydrological and thermoelastic terms gives a better fit.

The best fit of the testing models (Figures S8 and S9) is determined by the best likelihood
model over a range of sampling. The AIC and BIC analyses (Figure 6) suggest that the lowpass
model (magenta points) better explains the data for most stations. The subplots (d) and (e) in Figure
7 show the fitting results of the two models, respectively, at two example stations, MPU and SRU,
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480  with their input time series in subplots (a-c). At Station MPU, the long-term dv/v pattern is
481  captured and well explained by the lowpass model.

482

483 However, at some stations, the AIC and BIC values for different models are very close to or
484  even overlap with each other. This suggests that the performance of those models is at the same
485  level. For instance, the results of the linear-trend and lowpass models at Station SRU closely match
486  the dv/v data, making using the smooth groundwater level unnecessary. At some stations, models
487  may just not explain the data, for instance, at stations HMU and NLU, as shown in Figures S10
488  and S11. Sometimes, this suggests the models perform as well as each other, for instance, seeing
489  the blue and magenta points overlap at Station SRU in Figure 6. In the case of Stations MPU and
490  CTU, the distinct distribution in AIC and BIC values demonstrates the success of the lowpass
491  model. The factors of the optimal model are summarized in Figure S9 and Table S2.
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494 Figure 6. The (a) AIC and (b) BIC analyses across stations. The colors present the two models with different
495 components involved.
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(b) SRU dv/v and lowpassed UL, corrcoef: -0.33
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Figure 7. The modeling time series of Stations (a) MPU and (b) SRU. In both (a) and (b), the subplots from top to
bottom are the normalized terms used in the model fitting process: the normalized dv/v (grey curves), flipped Utah
Lake water level (thin blue curves), lowpass lake water level (thick blue curves), flipped SM-EWT (dark blue curves),
temperature records (orange curves), and the optimal fit of the linear-trend and lowpass models (red curves).

4 Discussion
4.1 dv/v fluctuations and local site conditions

The dv/v behaviors across stations provide helpful information for understanding the general
near-surface processes at different regions of the state. Figure S6 shows the amplitude of annual
dv/v variations across stations. While the amplitude of each station is quite different, those stations
in the GSL watershed show an increasing pattern from the northwest (i.e., BGU, SPU, HWUT) to
the southeast (i.e., NOQ, TCU, MPU), except for stations near the Jordanelle Reservoir (JLU),
Mill Creek (CTU), and on the north side of the lake (HVU). The dv/v observed at stations outside
the GSL watershed seem to have no spatially coherent pattern. This may explain why the site
dependency of dv/v at different locations will be affected by the most apparent feature if there is
no primary impact factor controlling the system.

To further explore, the soil type information from the Utah Geospatial Resource Center
(https://opendata.gis.utah.gov, last accessed 07/2024) and Vs30 values (Heath et al., 2020) at each
station were collected and summarized in Table S3. Throughout the comparison (Figure S12), no
clear relationship was found between dv/v amplitude and soil type, annual temperature, or SM-
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EWT changes. However, a higher correlation (0.61) was observed with Vs30, indicating seismic
characteristics may play a role.

4.2 (No) regional pattern

Utah has a semi-arid or desertic climate with micro-climates related to the diverse
topography and surface water. The hydrological year typically starts October 1%, when
precipitation returns after a dry summer. The regional pattern is that fall and winter have
precipitation, especially heavy winter snow that slowly replenishes the surface and groundwater
during snowmelt. Water storage recharges in spring and depletes over the summer due to high air
temperatures and low precipitation summers. For most stations, the annual dv/v cyclicity (Figures
3¢ and S7) typically starts with a decrease at around late September and early October, which is
consistent with the beginning of hydrological year cycles. This decrease in dv/v continues until
next April and May when it reaches its lowest point of the year, which may indicate the highest
groundwater level or near-surface water content in a year. After that, dv/v increases and goes into
the following cycles. Snowmelt, as the primary source of stream and groundwater replenishment
in the mid-west US, may align with the peak of dv/v stacks. Despite these qualitative arguments,
we cannot draw a quantitative interpretation from the lack of spatial patterns. For instance, we do
not observe a distinct relationship between times of lowest or highest dv/v and geographical
consideration: correlation is weak between elevation, slope, and aspect given the location of the
sensors and a 30s (~ 1 km) Digital Elevation Map, for which we chose SRTM15+V2.6 from Tozer
et al. (2019). We only found a weak anticorrelation (-0.24) between the time of maximum dv/v
(lowest groundwater levels) and the slope, which we interpret as an earlier depletion in the
mountainous regions where snow melts in the spring and flows downward to the plains, and a later
groundwater depletion in the plain area (i.e., a later replenishing and delayed depletion). Future
investigations of groundwater pathways from the mountainous regions down to the plains could
better inform our interpretation.

The co-evolution of observed dv/v and the water level between the GSL and Utah Lake
reveals the resolvability of regional seismic stations on water resource monitoring at specific
places, such as the GSL watershed. Although lacking comparable groundwater well data, we use
lake levels as a proxy for the groundwater levels (Dogan et al., 2008; Evans et al., 2020;
Javadzadeh et al., 2020). A higher correlation is observed for Utah Lake potentially because the
GSL water level is more affected by anthropogenic activities and agriculture groundwater usage
as water travels from the mountains, across population centers, and then enters the lake. Utah Lake
is upstream of the GSL and connected through the Jordan River. As the terminal lake of the entire
watershed, the GSL is more influenced by agricultural water and other economic activities and
may not fully reflect the variation in regional subsurface water. Some stations' dv/v have higher
correlation coefficients to the Utah Lake water level than the GSL.

It is worth noting that precipitation, snowmelt, soil moisture, groundwater table, and the
lake's water level are all interconnected through a complex hydrological system. Even air
temperature controls the evaporation from the surface water and moisture in the vadose zone (i.e.,
Chen et al., 2020; Benson and Dirmeyer, 2021). Our comparison indicates that most stations may
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observe the combination of groundwater signals and local subsurface moisture. The high
correlation between dv/v and the three comparable hydrological data is revealed, but the unclear
relationship among terms still needs further investigation.

4.3 What is the dominant effect on dv/v?

The values of the factors that best fit the lowpass model are shown in Figure S9 and
summarized in Table S2. The coefficients are calculated to fit equation 7 and with normalized time
series for each factor. Therefore, the coefficients capture a relative importance among the
individual factors to predict dv/v. Coefficient B, related to the importance of subsurface soil
moisture (Figure S9), shows a spatial pattern similar to the dv/v-moisture correlation (Figure 5c¢),
as expected from the strong correlation. Stations with larger sensitivity to soil moisture tend to
have lower Vs30 values, suggesting that lower velocities increase shallow depth sensitivities for
dv/v, although this relationship is weak. The Vs30 model is a compiled model by the USGS. Given
that the broadband stations used in this study are intentionally deployed on bedrock sites, with
expected high Vs near the site, the reason for the weak correlation may be related to uncertainty
in Vs30 or in the choice of Vs30 as a proxy for Vs structure in the entire site.

There is no particular spatial pattern in the best-fit values for C, the importance of
thermoelastic effects, and At;spif, the phase shift for thermoelastic stress that relates to thermal
diffusion properties of the materials. This means we cannot draw a physical interpretation to
predict common thermoelastic effects at these sites. These effects are attributed as unwanted when
the goal is to address hydrological value; therefore, we do not further investigate this but treat it
as a correction in the later analysis.

The pattern of coefficient D, the importance of the water table proxy (i.e., lake level), shows
a spatial pattern in the GSL watershed, especially along the Wasatch Front. The time shift to the
water table proxy reflects the phase difference between the local water table and the proxy water
level. A group of stations had unsatisfactory results in fitting with the best-found shift at the
boundary of our prior. Some of them have weak annual variations (e.g., VRUT). Some are strongly
correlated with thermoelastic effects (e.g., SRU), subsurface moisture (e.g., CVRU), or other water
bodies (e.g., JLU). Several stations are outside the GSL watershed and on higher elevations than
the network average (e.g., BSUT, PNSU, MTPU). Ignoring these, we are left with 19 stations
(circles in Figure 8) that exhibit a strong anti-correlation between the At,, ;¢ and elevation (-
0.64, Figure 8a). The trend can be explained by the gravity flow from the high-elevation snowmelt
recharged water table down to the valley floor. The fact that we have positive At,,gp;r¢ values may
indicate that the lake experiences a faster recharge from rivers than from the groundwater. Thus,
groundwater lags behind the lake seepage. We interpret that the groundwater table peaks around
January to March at the high elevation and then in August to November in the valley floors. We
thus interpret that the recharge is quite heterogeneous, with areas in the state that clearly lag behind
surface water recharge. This implies a long-term gravity-driven flow that may be on the order of
19.2 m/month. Snowpack doesn’t keep accumulating and melts all at once. It melts on some warm
days, even in winter and spring. This may be a reason why the groundwater table peak at some
stations is earlier than the general snowmelt season. Note that those high-elevation stations that fit
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the trend are still lower than those stations out of the trend (triangles in Figure 8), which are
probably located above elevations where snowpack accumulated more over the winter.

The hydrological contribution to dv/v can be determined by correcting the mean level and
thermoelastic effect from the observation. To explore the relative contributions between moisture
and water table in explaining dv/v, we calculate the mixing ratios Rsyewr = -B/(|B| + |D|) and Rew
= D/(|B| + |D|), respectively (Figure S13). The pattern of the mixing ratio shows that the
groundwater contributes more at those stations in the GSL watershed. Others are varied in location.
As a dynamic subsurface hydrological factor, the soil moisture content is a buffer as the
groundwater recharge from the precipitation and hind runoff (Padilla et al., 2014; Dralle et al.,
2018; Illien et al., 2021). Our approach of applying a low-pass filter to the lake level enables us to
observe the rises and falls of the groundwater table on a relatively long-term scale. The residuals
between the optimal model and observation can probably be explained by the shorter-time-scale
groundwater level variations, which were lacking in this work. When complementary data
becomes available, a more detailed investigation into near-surface water dynamics can be
conducted. One other possible factor committed to the mixing ratios is the velocity structure below
stations. Although the top 150-meter depth sensitivity is suggested in our measurements, the
various velocity structures at stations may also dedicate the contribution to either moisture, which
samples shallower perturbation more, or groundwater table, where relatively deeper perturbations
are.

In general, these patterns demonstrate the site dependency and the uniqueness of the local
dv/v. Every station has its major contributing terms to the modeling, and it is difficult to draw
general behavior from this data, which is quite similar to previous studies (Viens et al., 2018;
Clements and Denolle, 2023). Our modeling results suggest that although the groundwater table
has generally declined over the past decades, using lake levels as proxies for the groundwater table
successfully estimated groundwater flow time and length scales. However, using downstream lake
levels as a proxy for local groundwater seems well justified and fits our seismic observation.

4.4 The observed dv/v and in situ groundwater variations

The dv/v time series and the observed groundwater level variation at a well near Station
HVU show a strong correlation (0.69) in 2010-2022 (Figure S5). A slight shift (~1.4 months)
between the two records may be owing to the distance (~12.3 km) between the seismic station and
the groundwater well location. The high correlation coefficient and the similarity between the two
time-series data suggest the ability to use passive seismic interferometry to study and monitor the
near-surface hydrological properties (i.e., groundwater level variations) or even water dynamics
in this specific region if a denser local seismic array is applicable.

At Station DUG, despite being closer (~6.8 km) to a well than Station HVU, the correlation
coefficient between dv/v measurements and the groundwater data is only 0.39. Considering the
expected lateral sensitivity of our dv/v measurements (~1 km), the distance between the station
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and the well is still too far. The local water usage/recharge may heavily influence a single-point
measurement and might explain our observed discrepancy.
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Figure 8. The distribution of the best-found Atwshitt to the (a) station elevation and (b) station locations. The circles
represent the stations with relatively low elevations (separate two clusters in (a)) compared to relatively high ones
(triangles).

4.5 The dv/v response to large fluctuations of a nearby reservoir

Station JLU is severely affected by the Jordanelle Reservoir, showing a different behavior
from other stations (Figure 2d). The two models we proposed in Section 2.5 do not fit the
observation at Station JLU at all (Figure S8). It implies that the primary factor driving dv/v here
is the other major hydrological component, the reservoir. Therefore, we test another model using
the base model y; .. (t) and reservoir water level with time shifting allowed in a range of [-182,
182] days, finding a well-converged solution with a shift of 49.5 days. The fitting results (Figure
S14) are improved, although the model is still unable to fit the data very well.

We note that the water level variation of the Jordanelle Reservoir (blue curves, Figure 2d) is
considerable, about an order of magnitude larger than that of GSL and Utah Lake. Considering the
relatively small surface area of the reservoir (~10 km?), the dv/v variation of JLU hence might
reflect the subsurface pore pressure response to a point water source (i.e., similar to a hydrological
slug test but on a large scale).
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5 Conclusions

We use time-lapse passive seismic interferometry to examine the near-surface hydrological
processes through continuous seismic observation. We conduct a series of analyses on continuous
seismic recordings from 28 broadband seismic stations across Utah State, covering the period
between January 2006 and March 2023. We apply a single-station method to determine the
temporal evolution of dv/v. Our dv/v findings uncovered distinct seasonality and long-term
variations across stations. We explore these dv/v patterns by comparing the observed dv/v
evolutions with two major surface water bodies in this area (i.e., the GSL and Utah Lake) and near-
surface water (i.e., SM-EWT).

Throughout the analyses, the average annual dv/v variations and peak time align closely with
the state's regional water cycles, offering valuable insights into near-surface seismic properties and
hydrological processes. Amplitude in dv/v seasonality may be primarily related to local site
conditions, as the Vs30 at stations. Multi-year wet-dry cycles are captured by those stations within
the GSL watershed. The high correlation between dv/v and groundwater level, using lake levels as
proxies, indicates that both are sensitive to the same controlling factor. Later, we explore the dv/v
evolution using two linear models. We test two different groundwater level assumptions to account
for the long-term declines in groundwater over the years. The modeling results suggest that a linear
trend is too simple to estimate the pattern of the declining groundwater table. We take a lowpass
filtering lake level as the assumption of long-term groundwater table variations in the model. In
general, this model gives a better explanation of dv/v.

This study highlights the feasibility of monitoring and understanding hydrological processes
in semi-arid regions using time-lapse passive seismic interferometry. With ongoing climate
change, it is crucial to have effective management strategies to ensure the sustainable use of
resources for society and the environment. A major limitation of this study, also pointed out in
Clements and Denolle (2023), is the challenging lack of spatial correlation between dv/v given the
sensor spacing. Further studies should build stronger hydrological models to establish if the spatial
heterogeneity observed is explained by the spatial heterogeneity of the subsurface water and its
dynamics over seasons.
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Figure S8. The best fit of the two models. The gray curves are the observed dv/v. The
blue and orange curves are the best fit of the linear-trend model and lowpass model,
respectively.
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Figure S9. The factors that best fit the lowpass model are as follows: coefficient of
SMEWT (B), Temperature (C), and GWL (D). The subplots in the middle row, from left to
right, are the uncertainty of the dv/v estimation (log(f)), the time shift of the temperature
term (t_shift), and the time shift of the GWL term (w_shift), respectively. Lastly, the
normalized sum of the square residuals (SSR) at each station.



HMU dv/v and lowpassed UL, corrcoef: -0.08

1 .
—— flipped normalized lowpass UL water level
04 flipped normalized UL water level
—— normalized dvv
_1 -l T T T T T T T
2008 2010 2012 2014 2016 2018 2020 2022
Time
dv and SM-EWT, corrcoef: 0.03
1 .
—— flipped normalized SM-EWT
04 —— normalized dvv
_1 -l T T T T T T T
2008 2010 2012 2014 2016 2018 2020 2022
Time
dv and Temperature, corrcoef: -0.44
1 B
temperature
0 —— normalized dvv
_1 _I T T T T T T T
2008 2010 2012 2014 2016 2018 2020 2022
Time
HMU Best Fit of soil_temp lineartrend
0.25 1 T W A —— Model soil_temp
X 0.00 A obs dvv
—0.25 A
2008 2010 2012 2014 2016 2018 2020 2022
Time
HMU Best Fit of soil_temp_lake
0.25 1 T A ) —— Model soil_temp_lake
X 0.00 4 obs dvv
—0.25 A
2008 2010 2012 2014 2016 2018 2020 2022
Time
HMU Best Fit overlay
0.25 1 T W N —— Model soil_temp
X 0.004 —— Model soil_temp_lake
~0.25 1 obs dvv
2008 2010 2012 2014 2016 2018 2020 2022

Time

Figure S10. The time series of HMU station data and modeling results. The panels from
top to bottom are the terms used in the fitting results of the linear-trend model
(soil_temp) and lowpass model (soil_temp_lake).
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Figure S11. The time series of NLU station data and modeling results. The panels from
top to bottom are the terms used in the fitting results of the linear-trend model
(soil_temp) and lowpass model (soil_temp_lake).



Peak-to-peak amplitude over stations

.
0.9 A soil_type
- e loam
8 * very cobbly loam
o' 0.8 e ° e cobbly loam and very stony loam
g ° e ® [ ] e cobbly sandy loam and very stony sandy loam
EI 074 ® Wooem o o « gravelly fine sandy loam and gravelly loam
2 « fine sandy loam
S gravelly silt loam
0.6 1 ° e clay loam
clay
L]
L] L
b . dv,GSL: Coef=0.10; R?=0.01
0.85 4 LY dv,UL: Coef=0.32; R?=0.10
5‘| o P ¢ dv,smewt: Coef=0.41; R2=0.17
g ° o dv,temp: Coef=0.30; R2?=0.09
s, 080 dv,vs30: Coef=0.61; R2=0.37
3
€ 0.75
©
0.70 4 °
.
0.20 4 °
H )
[
5
ol 0151 .
£ oo
©
‘_:’u 0.10
g o
© ° ) Y
0.051_2 :.. - .
281 Y
Q e
g 261 o L4
b
Q.I ° ° ®e
524 e ° ©°
7 .
s )
=
5 221 o
L ]
L ° d
2000
.
[ ]
° 1500 °
m
Q .
10001 © e .
[ ] L]
LY °
500 A .
[ ]
loam - ° oo L]
very cobbly loam . o oo
cobbly loam and very stony loam - L] e o
@ cobbly sandy loam and very stony sandy loam - (] .
:>] gravelly fine sandy loam and gravelly loam { * ”» o .
F) fine sandy loam - °
gravelly silt loam -
clay loam 4 L]
clay
0.00 0.25 0.50 0.75 1.00

annual_amp_dvv

10



Figure S12. Comparison of annual stacks’ amplitude between dv/v and each factor, soil
types, and Vs30 at station location. The color is corresponding to the soil type.
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Figure S13. The mixing ratio map between the SM-EWT and GWL terms to explain the
hydrological signal of dv/v. When the SM-EWT term dominates in fitted dv/v, the
stations are color-coded with red. When the groundwater term dominates, the stations
are color-coded in blue.
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Figure S14. The time series of JLU station data and modeling results. The panels from
top to bottom are the terms used in the fitting results of three testing scenarios. We
replace the groundwater term in Equations 6 and 7 by the reservoir level
(soil_temp_reservoir). We also test it by keeping only SM-EWT (soil_reservoir) or
temperature (temp_reservoir) to see how they perform when we exclude either.
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Table S1. The correlation coefficient and the R-squared values between the observed
dv/v and the hydrological factors and temperature data. GSL: the Great Salt Lake water
level. UTL: the Utah Lake water level. SM-EWT: soil moisture equivalent water thickness.

Station CC R? CC R? ( dVCSCM- ( dvRSzM- CC R?
mame | (@v.GSL) | @vGSL) | @v.UTL) | @vUTL) | ‘P00 Ewr) | (@vtemp) | (av.temp)
BGU -0.67 0.45 -0.82 0.68 -0.24 0.06 -0.07 0.00

BRPU -0.1 0.01 -0.06 0 -0.14 0.02 -0.21 0.04
BSUT -0.24 0.06 -0.41 0.16 -0.15 0.02 -0.28 0.08
CTU -0.59 0.34 -0.69 0.47 -0.78 0.6 0.04 0.00

CVRU -0.03 0 0.04 0 -0.56 0.31 0.28 0.08
DUG -0.23 0.05 -0.22 0.05 -0.62 0.38 0.29 0.08
FOR1 -0.17 0.03 -0.22 0.05 -0.6 0.36 0.72 0.52

FORU -0.42 0.18 -0.43 0.19 -0.72 0.52 0.21 0.04
HMU -0.03 0 20.06 0 0.04 0 -0.44 0.19
HVU -0.5 0.25 -0.65 0.43 -0.41 0.16 0.26 0.07

HWUT -0.37 0.14 -0.34 0.12 -0.6 0.36 -0.28 0.08
JLU -0.22 0.05 -0.24 0.06 0.53 0.28 -0.74 0.55

LCMT 0.35 0.12 -0.24 0.06 0.08 0.01 0.2 0.04
LIUT 0.13 0.02 -0.03 0 -0.34 0.11 0.28 0.08
MPU -0.82 0.67 -0.91 0.82 -0.38 0.14 -0.05 0.00

MTPU 0.42 0.18 0.37 0.14 0.15 0.02 -0.1 0.01
NLU -0.36 0.13 -0.48 0.23 -0.04 0 -0.23 0.05
NOQ -0.4 0.16 -0.58 0.34 -0.42 0.17 0.09 0.01
PNSU -0.01 0 0.32 0.11 -0.74 0.55 0.11 0.01
PSUT -0.2 0.04 0.1 0.01 -0.29 0.08 -0.02 0.00

RDMU -0.72 0.52 -0.58 0.34 -0.13 0.02 0.23 0.05
SPU -0.47 0.22 -0.42 0.18 -0.44 0.19 0.23 0.05
SRU -0.3 0.09 -0.34 0.12 -0.37 0.13 0.38 0.14

SWUT -0.6 0.36 -0.68 0.46 -0.57 0.33 0.23 0.05
SZCU -0.29 0.08 -0.58 0.34 -0.48 0.23 0.19 0.04

TCRU -0.61 0.38 -0.53 0.28 -0.55 0.31 0.1 0.01
TCU -0.53 0.28 -0.7 0.5 -0.52 0.27 -0.2 0.04

VRUT -0.23 0.06 -0.13 0.02 0.08 0.01 -0.65 0.42
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Table S2. The values of each factor in the optimal fit model. A is the mean level of dv/v.
B, C, and D represent the coefficients of SMEWT, temperature, and lake level (estimated
groundwater), respectively. Atsni and Atwshi are the time shifts of the temperature and
lake terms. log(f) is the uncertainty of the estimation. Normalized residuals are the
residuals between the optimal model and the observation dv/v normalized by the data
period of each station.

S;?l:lllt)en A (SM}?WT) (teglp) ACunin (G\I7)VL) Atwanine | log(f) n::;;ﬁlazlid
BGU 0.02 0.00 0.24 90.00 | -024 | 10857 | -2.43 0.0012
BRPU | 0.03 -0.08 0.00 66.68 | -0.03 96.66 | -1.56 0.0033
BSUT | 0.05 -0.07 0.41 90.00 | -0.11 55.25 -1.36 0.0047
CTU | -0.16 -0.41 0.38 8432 | -0.29 16.78 -1.79 0.0028
CVRU | -0.02 -0.23 0.10 64.71 0.04 | 18192 | -1.95 0.0023
DUG 0.00 -0.17 0.05 7160 | -0.04 | 180.78 | -2.67 0.0009
FOR1 | -0.02 -0.02 0.11 27.19 | 002 | -3658 | -3.08 0.0011
FORU | 001 -0.14 0.29 7567 | 029 | -178.72 | -2.10 0.0027
HMU | 0.00 0.00 0.06 80.99 | -0.02 | 18190 | -2.22 0.0015
HVU1 | -0.19 0.00 0.46 6336 | -0.13 | -37.07 | -1.62 0.0039
HVU2 | 0.13 -0.10 0.46 7443 | 024 | 2542 | -2.09 0.0024
HWUT | 0.03 -0.32 0.01 90.00 0.00 | -11044 | -1.94 0.0019
JLU 0.06 0.00 0.00 2544 | -0.17 | 13049 | -1.14 0.0055
LCMT | -0.01 0.00 0.11 3899 | -020 | 181.96 | -1.61 0.0046
LIUT | 012 0.00 0.42 4742 | 009 | -99.69 | -1.68 0.0046
MPU | -0.02 0.00 0.24 80.99 | -0.43 -1.10 -1.94 0.0019
MTPU | 0.03 0.00 0.01 89.91 0.00 56.12 | -2.08 0.0022
NLU 0.02 0.00 0.06 80.99 | -0.14 | -77.56 | -1.86 0.0021
NOQ | 0.04 0.00 0.33 8126 | -027 | 13679 | -1.82 0.0022
PNSU | -0.03 -0.15 0.00 23.02 0.00 | 129.16 | -2.74 0.0013
PSUT | -0.01 -0.07 0.00 22.08 0.00 | -6839 | -236 0.0016
RDMU | -0.03 -0.06 0.09 5839 | -021 | 9606 | -1.98 0.0030
SPU 0.02 -0.11 0.15 62.80 | -0.18 | 181.98 | -1.77 0.0023
SRU 0.01 -0.08 0.46 6840 | -0.07 | 181.81 | -231 0.0013
SWUT | -0.06 -0.05 0.17 7519 | -0.09 | 103.62 | -2.84 0.0017
SZCU | 001 -0.06 0.15 6222 | -0.18 7.32 -2.50 0.0013
TCRU | 0.02 -0.19 0.07 8629 | -0.12 | 18199 | -2.16 0.0018
TCU | -0.03 -0.13 0.11 90.00 | -030 | -89.92 | -1.89 0.0022
VRUT1 | 0.00 0.00 0.01 890.99 | -0.03 | 26.83 278 0.0017
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VRUT2

0.02

0.00

0.02

89.96

-0.02

182.00

-2.54 0.0024

Table S3. The annual amplitude values of dv/v, GSL water level, Utah Lake water level,

SM-EWT, temperature, and the soil type, and Vs30 at Stations. The annual amplitudes are

calculated over the corresponding periods to the seismic data. The soil types are from
the Utah Geospatial Resource Center (https://opendata.gis.utah.gov). Its soil

characteristics of Utah are derived from the SSURGO database. The Vs30 is from a global

hybrid Vs30 map (Heath et al., 2020).

Annual Annual Annual Annual Annual
Station amplitude amplitude | amplitude | amplitude amplitude of Soil type Vs30
name of dv/v of GSL of UTL of SM- temperature (m/s)
water level | water level EWT
BGU 0.45 0.71 0.84 0.06 26.80 Very cobbly loam 1634.5
BRPU 0.28 0.71 0.83 0.06 28.11 Loam 999.5
BSUT 0.82 0.74 0.82 0.05 22.59 No data 2121.2
CTU 1.16 0.71 0.82 0.20 24.50 Loam 1866.9
CVRU 0.40 0.71 0.83 0.06 25.90 Gravelly fine sandy loam | 650.5
DUG 0.19 0.71 0.84 0.09 27.89 Fine sandy loam 738.1
FOR1 0.25 0.60 0.83 0.08 25.79 No data 267.9
FORU 0.64 0.75 0.88 0.06 25.11 Very cobbly loam 831.7
HMU 0.23 0.72 0.85 0.06 23.63 Cobbly loam 700.5
HVU 1.00 0.75 0.85 0.10 28.37 Gravelly silt loam 1981.6
HWUT 0.34 0.71 0.84 0.13 24.98 Loam 2106.4
JLU 0.89 0.75 0.87 0.22 24.42 Cobbly sandy loam 2165.5
LCMT 0.39 0.60 0.83 0.07 24.25 Clay loam 814.9
LIUT 0.84 0.78 0.89 0.08 26.09 Gravelly loam 1213.8
MPU 0.58 0.71 0.84 0.18 24.54 Very stony loam 1178.2
MTPU 0.09 0.71 0.83 0.05 20.40 Gravelly fine sandy loam | 1010.0
NLU 0.22 0.71 0.84 0.10 25.28 Very cobbly loam 1010.0
NOQ 0.57 0.71 0.84 0.19 25.24 Very cobbly loam 980.4
PNSU 0.17 0.75 0.85 0.08 23.83 Loam 1010.0
PSUT 0.11 0.72 0.81 0.07 24.41 No data 1001.9
RDMU 0.40 0.78 0.89 0.08 26.84 Clay 1606.6
SPU 0.43 0.71 0.84 0.14 26.14 Cobbly loam 2197.0
SRU 0.81 0.71 0.84 0.05 27.22 No data 1460.0
SwuT 0.37 0.78 0.89 0.08 26.90 Gravelly loam 356.8
SZCU 0.40 0.71 0.83 0.08 21.98 Very stony sandy loam 468.3
TCRU 0.24 0.71 0.83 0.10 23.69 No data 1010.0
TCU 0.50 0.74 0.85 0.14 23.48 Gravelly loam 1460.0
VRUT 0.20 0.95 0.81 0.06 23.13 Very stony loam 1000.0
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