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Abstract. Snow Water Equivalent (SWE) is identi ed as the key elemédnthe snowpack that impacts rivers' stream ow
and water cycle. Both active and passive microwave remaisirsg methods have been used to retrieve SWE, but there
does not currently exist a SWE product that provides usetimates in mountainous terrain. Active sensors provigadr-
resolution observations, but the suitable radar freqesrend temporal repeat intervals have not been availableecgntly.
Interferometric Synthetic Aperture Radar (InNSAR) has b&eswn to have the potential to estimate SWE change. In tinity st
we apply this technique to a long time series of 6-day tenpeeat Sentinel-1 C-band data from the 2020-2021 winter.
The retrievals show statistically signi cant correlat®both temporally and spatially with independent in situ sueaments

of SWE.The SWE change measurements vary between -5.3cm to 9.4¢rtheventire time series and all the in situ stations.
The Pearson correlation and RMSE between retrieved SWEjet@rservations and in situ stations measurements aren@d.8, a
0.93cm, respectively. The total retrieved SWE in the erli20-2021 time series shows SWE error less than 2cm for the 9 i
situ stations in the scene. Additionally, the retrieved S\gig Sentinel-1 data is well correlated with LIDAR snow thegiata
with correlation of more than 0.47. Low temporal coherersdeénti ed as the main reason for degrading the performaifice
SWE retrieval using INSAR dat&Ve also show that the performance of the phase unwrappiwgitdogn degrades in regions
with low temporal coherence. Higher frequency such as Ldbarproves the temporal coherence and SWE ambiguity. SWE
retrieval using C-band Sentinel-1 data is shown to be ss@wesut faster revisit is required to avoid low temporahecence.
Global SWE retrieval using radar interferometry will havgraat opportunity with the upcoming L-band 12-day repeatpa
NISAR data and the future 6-day repeat pass ROSE-L data.

1 Introduction

The seasonal snowpack provides water resources to billibpsople worldwide (Barnett et al., 2005). Snow is the priyna
source of water for river channel discharge in middle-tghhiatitude areas. Therefore, snow mass and snow cover has a
great impact on global and regional water cycles. Largeestepping of snow water equivalent (SWE) with high resolutio

is critical for many scienti ¢ and economics elds. SWE is ded as the depth of water which would be obtained if all
ice contained in the snow pack were melted. NASA SnowEX is kidyear effort to improve SWE and snow surface energy
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balance measurements and estimates. SWE has been ideatitbd key variable for terrestrial snow by the SnowEx cagipai
and NASA's decadal survey.

Estimating SWE on a global scale with enough accuracy armlutien is still a challenge. Passive spaceborne sensors
based on the microwave emission of the snow pack (Takala &dl1; Kelly et al., 2003; Pulliainen and Hallikainen, 200
Kelly, 2009) have a coarse spatial resolution on the 10 lelemscale. The technique saturates for SWE deeper thanrhp0
which makes their application in the mountains challengegvertheless, passive microwave sensors represent trentu
state-of-the-art of SWE retrieval methods. These sensermplied operationally to generate daily estimates of S\feBally
(Takala et al., 2011; Kelly et al., 2003), however many pradwsuch as GlobSnow mask out mountainous areas, due to the
saturation limit and resolution.

Airborne LIDAR has been successful in estimating snow déptiinter and et al., 2016). However, clouds and limited
regional coverage are limiting factors for this method .sTieichnique also needs a snow density model to estimate SME fr
the LIDAR snow depth , and there currently is not a path to sgacglobal snow depth mapping at the temporal resolution
required.

Active microwave sensors provide high resolution and dlobserage. There has been many efforts in the last two decade
trying to estimate SWE or snow depth using active sensorstedwon a tower (Cui et al., 2016; Lemmetyinen et al., 2018;
Ruiz et al., 2022; Leinss et al., 2015), airborne (Marshtadl € 2021; Nagler et al., 2022), or spaceborne systemséhieet al.,
2019; Liu et al., 2017; Conde et al., 2019; Dagurova et aR02&ppler et al., 2022). Backscattered power from activeses
is used to estimate SWE (Rott et al., 2010; Ulaby and Stile801Cui et al., 2016; Nghiem and Tsai, 2001; Lievens et al.,
2019). A dual-band (X and Ku) SAR mission has been the focuk®European Space Agency (ESA) and Canadian Space
Agency (CSA) for SWE spaceborne measurements (Rott etGlQ;2.emmetyinen et al., 2018). However, accuaf@iori
characterization of snow micro-structural parameterd igrionary importance in the accuracy of SWE retrieval algjoris
using backscattered power (Lemmetyinen et al., 2018; Dliaawdl Liu, 2012; Cui et al., 2016). The most comn@priori
characterization used for SWE retrieval algorithms usiagikiscattered power is grain radius. This has been done pagsive
data; however, the methods are limited by passive retrewvals and also mismatch between active and passive riesdut
The ratio of cross-pol to co-pol Sentinel-1 backscatteradgy has been used to estimate snow depth over mountainous re
gions with deep snow (Lievens et al., 2019, 2022). UsingiBehi backscattered power ratio is a unique approach stgpwi
the success of snow depth retrieval using the spaceboraetiate series data. However, the retrieval mostly workitsep
snow in mountainous regions. The radiative transfer plsyei€-band for this method are still poorly understood. Taealar
phase difference (CPD) between VV and HH polarization ofaXxth SAR acquisitions is used for estimating the depfinesh
snow (Leinss et al., 2014).

Lightweight and portable Frequency Modulated Continuoe&(FMCW) radar systems have been used to map snow
pack properties (such as depth, SWE, and stratigraphydlyapver large distances and at high resolution (Marshallkéoh,
2008).The system was normally deployed nadir looking and was apestture radar system. The resolution of FMCW system

for SWE application is in cm scale. In order to achieve sugihesolution, the bandwidth should be in GHz scBlee to



60

65

70

75

80

85

90

limitation on frequency bandwidth allocation of a spacelsoactive sensor (Tao et al., 2019), FMCW systems cannotdze us
in spaceborne missions for global coverage due to their idohelwidth.

The phase change of specularly re ected signals in Signfa@@pportunity (SoOp) is shown to be strongly dependent on
SWE changes for dry snow (Yueh et al., 2017, 2021; Shah €@l7). The theory behind using SoOp for SWE retrieval is
similar to repeat pass interferometry that is explainedeictisn 2. The advantage of this method is that the stratipray
the snow has little impact on the SWE retrieval (Leinss et2115; Yueh et al., 2017) similar to SWE retrieval explaiied
section 2. Using the long wavelength signal at P-band in Se@gry helpful for addressing the loss of temporal cohezemd
phase unwrapping challenges of this method. However, thegbkensitivity to SWE changes decreases at lower freqsenci
There has been very limited data showing the success of tilsad at P-band. Achieving high resolution for SoOp data is
another challenge (Yueh et al., 2017, 2021; Shah et al.,)2017

As explained in details in next section, the phase diffeedmetween two SAR observations is proportional to changes in
SWE variation ( SWE). We evaluated the performance of SWE retrieval using fietemetry over Idaho. In part (A) of this
study (the current paper), we used Sentinel-1 interferoot@ine series data over Idaho. In part (b), we will use Uiaibited
Aerial Vehicle Synthetic Aperture Radar (UAVSAR) interdenetric time series data over Idaho to evaluate the perfocsma
of this method. We explain SWE estimation using repeat passferometry in section 2. The details about differenaidsgts
used in this study are discussed in section 3. Section 4idesdrow we processed Sentinel-1 data and convert it to S\W&. T
retrieved SWE is compared with in situ and LIDAR data in sath. This work shows the success of SWE retrieval using a
longtime seriespacebornénSAR data in winter 2021.

2 Using Differential Interferometry to Estimate SWE

Differential SAR interferometry measurements have beed ts detect small surface elevation changes over larges aiitaa
vertical accuracy of a few millimeters (Gabriel et al., 1988bker et al., 1994). The measured phase difference iopiopal
and sensitive to changes in SWE variatior/SW E) during the snow season (Guneriussen et al., 2001; H. RdtBaheiber,
2003; Deeb et al., 2011; Leinss et al., 2015; Conde et al9;20a et al., 2017; Hui et al., 2016; Nagler et al., 2022; gyt al.,
2022; Dagurova et al., 2020; Marshall et al., 2021). The radirantage of this method is its simplicity and a reductioman-
essarya priori information.

The snow volume scattering affects the interferometricsptar very deep snow in Greenland at relatively high fregie=n
such as C-band (Oveisgharan and Zebker, 2007). Howevéhdaerrestrial snow, the effect of volume scattering ofsirgw
on the interferometric phase is very small compared to exgag from the ground at high frequencies. The snow refracti
index delays the echo received from the ground. The sigiaydaused by refraction can be measured with differerda@r
interferometry as (Guneriussen et al., 2001, Leinss e2@15):

p__
= 2 i(cos sin? ) d 1)

where ; ; d;; and are interferometric phase between two observation dategjence wavenumber, snow depth
change, incidence angle, and permittivity of the snow, gespely. The change in interferometric phase is used toutate
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SWE (Leinss et al., 2015; Conde et al., 2019; Liu et al., 2017; Iblagt al., 2022). Similar to the dual-pol. dual-freq. re-
trieval algorithm (Lemmetyinen et al., 2018; Cui et al., B0 Xhis technique relies on the dryness of snow in order tepate
all the way to the ground so that the scattering from the sagerks and snow volume is minimized compared to snow-ground
return (Oveisgharan et al., 2020).

Using Envisat interferometric data to estimate SWE was oy successful mainly due to large temporal baseline and,
hence, low temporal coherence (Hui etal., 2016). A modi edlsion of SWE estimation using INSAR is also introduced
(Eppler et al., 2022; Dagurova et al., 2020). The backsgagiérom the roughness in the ground and snow layers are tedb
with interferometric phase to improve the accuracy (Dagat al., 2020). The sensitivity of the dry-snow refractinduced
INSAR phase to topographic variations is used to bypasstiveapping problem (Eppler et al., 2022). Airborne dataexitd
over the Austrian Alps in 2021 showed good agreement betnateieved SWE using INSAR and mean in situ SWE. Root-
mean-square difference of 4.0 mm for a small snow storm ofrfidamow depth at C-band and 11.2mm for a big snow storm
of 66mm at L-band were observed (Nagler et al., 2022). Theetaiion of 0.76 was observed between the retrieved SWE
change using L-band UAVSAR differential interferometrytlseen 2/1/2020 and 2/13/2020 and the collected LIDAR snow
depth change between 2/1/2020 and 2/12/2020 over the ogemseof Grand Mesa in dry snow conditions (Marshall et al.,
2021). SWE retrieval using Sentinel-1 interferometricadsttowed mean accuracy of 6mm over Finland for just two passes
(Conde et al., 2019).

All these studies have proven the potential of this methddaare limited in time or space for data collection or validat
In this study, we show the performance of SWE retrieval usithgng time series of Sentinel-1 interferometric data intesin
2021. This study shows that SWE estimation using repeatipsterometry works well by validating the retrieved valvith
a large number of in situ stations and two regional LIDAR sr@pth maps.

With the recent SnowEx 2020 campaign using UAVSAR L-banfedéntial interferometry data, Sentinel-1 C-band dif-
ferential interferometry, and future NASA-ISRO SAR (NISAR-band data, there will be more advances in the limitations
and capabilities of this method.

2.1 Temporal Coherence

The received radar signals at two different times will berelated with each other if the set of scatterers in the réisolcell
remain the same. However, the movement of the scatterehnsasuleaves and branches or sea ice particles decrease the tem
poral coherence (Zebker and Villasenor, 1992; Kellndozfeal., 2022; Lavalle et al., 2012). The loss of coherence/déen

the observations is one of the main limitations for SWE esl using differential interferometry. Methods such amais

two frequencies or shorter revisit time are used to overcthrege problems (Deeb et al., 2011, Leinss et al., 2015).indelt
and wind are the main reasons for low temporal coherencedw gheinss et al., 2015; Luzi et al., 2009). A medium mean
temporal coherence of 0.41 is observed at L-band betweeminter seasons in shrub-lands with 10.2cm average snow
depth(Molan et al., 2018). Temporal coherence decreasbsareasing frequency (Leinss et al., 2015; Nagler ea22;
Kellndorfer et al., 2022; Ruiz et al., 2022). A median tengd@oherence of about 0.5 is observed at 10.2 GHz and 16.8 GHz
even after 60 days (Leinss et al., 2015). However, the spaweblerraSAR-X temporal coherence over snow at 9.65 GHz
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reduces signi cantly in 11 days (Leinss et al., 2015). TBiptiobably due to random phase drifts over time that cannesbe
timated and corrected in a spaceborne system compared tmadyradar. Vegetation cover decreases the temporal coleere
signi cantly at high frequencies (Baduge et al., 2016; Kdbbrfer et al., 2022; Ruiz et al., 2022). A tower-based fpibyari-
metric INSAR studied the effect of air temperature, preatmn intensity, and wind on the temporal decorrelatio+-as-, C-,

and X-bands (Ruiz et al., 2022). The temperature was showa tbhe most critical variable affecting the temporal coheee
among other variables. Temperature abOv€ reduced the temporal coherence drastically (Ruiz et aR2P00n the other
hand snow cover has a thermal insulation effect on the granddinderlaying layers (Gu et al., 2019). The insulationdases
with the snow depth. Therefore, during the snow season weresthe ground remains frozen even when snow becomes wet.
Hence, temporal decoherence from the ground is negligdslew also SWE accumulation pro le retrieval was succedsful
short temporal baselines and low frequencies in non-veggetreas. However, the error increased for high frequerzsid
long temporal baselines. The SWE pro le retrieval using&wh data performs well using 12 hours and 1 day repeat-ptess da
The retrieval is poor using the 12-day repeat-pass datatsn@d-(Ruiz et al., 2022). 6-day repeat pass C-band data showe
good performance for small SWE changes but poor performianéarge SWE changes between the interferometric pairs due
to phase ambiguity caused by large SWE change (Ruiz et &2)20he low temporal coherence and low penetration depth at
frequencies higher than 10 GHz, make L- and C-band desifdtjaencies for differential interferometry.

2.2 Relationship between SWE and

With some approximation to equation 1, Leinss et al. showl@tkar relationship between the interferometric phaseS\wiE
change (Leinss et al., 2019)he approximation is limited to a smaller range of incideagle than Sentinel-1 incidence angle.
However, Leinss et al. approximation applies to a wide rasfgmow density up to solid ice density. Due to the wide range o
Sentinel-1 incidence angle in a frame, we tried to make a raccerate approximation for a wider range of incidence angle
and snow densities limited to terrestrial sndle snow permittivity in equation 1 is dependent on snow igngg=cn?) ,
and relatively independent of signal wavelength. Follaylieinss et al. (Leinss et al., 2015), we use Matzler's modéittler,
1987) for calculating in equation 1 (( ) =1+1:5995 +1:861 3for < 0:4-%3;and ( )=((1 o)+ 1:475%5)°

for > =0:4-1; ). We can rewrite equation 1 as

= 2,C(; )X SwE 2

q
2

whereC(; )=cos () sin® . Notethatthe( ) and consequentl@( ; ) are unitless, waeer =1 -2y, SWE is

cm3 Ll
in (M), and ; isin (1/m).

The blue and red lines in gure 1 (a) sho@/( ; ) versus snow density for incidence angles equal to 0 and 7fedgg
respectively. As seen in this gure, there is approximagelinear relationship between C and snow density. We t a tme

C for different incidence angles & ; )= A( ) for 0:15 0:5-%;. The blue and red dashed lines sh&; )

cm3

at incidence angles equal to zero and 70, respectively. As e gure 1(a), the tted line with zero intercept is a good
approximation. The Zero intercept approximation is esaktt retrieve  SW E independent of snow densifjhe incidence
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angle mostly lies between zero and 80 for Sentinel-1 date.tdinestrial snow density lies mostly between 0.15 andc—ﬁgS
Therefore, we limit ourselves to incidence angle betweend&0 and snow density between 0.15 and 03%5 in tting a
line to C. Solid blue line in gure 1 (b) show&( ) versus incidence angle. By tting a polynomial to A, we caritevit as

A= 067842+0:2899 0:8473 3)
The dashed blue line in gure 1(b) shows the tted curf, ). We can rewrite the equation 1 as
= 2 ( 0:67842+0:2899 0:8473) SWE (4)

Figure 1(c) shows the% 100versus incidence angle for different snow densities. As ge¢his gure, the
errorin  SWE calculation using the approximation in equation 4 is lessmt0%for incidence angles less than 70. We use
equation 4 for estimating SW E using interferometric phase, , for the rest of this study. Using one equation for the entire
Sentinel-1 frame makes the interferometric phase coraetsi SW E very convenient. However, we need to keep in mind

that the approximation for lower dense snow has more #¥8aerror for incidence angle larger than 70.
3 Datasets

3.1 Sentinel-1

The Sentinel-1 radar operates at C-band at a central freguen5.405 GHz. It has four exclusive imaging modes with
different resolutions (down to 5 m) and swath width up to 400. ISentinel-1 has dual polarization capability and rapid
product delivery. Sentinel-1 constellation includes 8&itlA and Sentinel-1B. These two satellites are in theesanbit
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Figure 1. (a) C(; ) versus snow density for=0 and =70 shown by solid blue and red lines, respectively. The blueradddashed
lines show the linear ttoC(; ) with zero intercep€( ; ). (b) The line slope in part (a) versus incidence angle. Tisielh line shows
the tted polynomial,A (c) SWE error percentage—(% 100) assumingC = A versus incidence angle for snow density
equal to 0.15, 0.3, and 0.4F=cnt, shown by blue, red, and yellow lines, respectively.



with a 180 orbital phasing difference. The revisit time for each of Hagellites is 12 days. However, revisit time can get
to 6 days if both satellites make observations. The dataraednd available through Alaska SAR Facility (ASF) or The
175 Copernicus Data Hub distribution service. We used the fetemetric Wide Swath (IW) mode data with 5 and 20m single
look resolution in range and azimuth direction, respettivehe IW swath width is about 250km. We used ASF On Demand
Processing to generate interferometric phase and coteatnve and vh (transmit-received polarization) polarizatiAlaska
Satellite Facility's Hybrid Pluggable Processing PipelifiHyP3) is a service for processing Synthetic Aperture RESAR)
imagery. The work ow includes interferometric phase caotien for ground topography and geolocation. The ASF HYRSus
180 a Minimum Cost Flow (MCF) algorithm for phase unwrappingeTUnwrapped phase and interferometric coherence were used
in this study. The resolution of the HYP3 phase and coherisr®@@mx80m. Sentinel-1 collects data every 12 days glolaity
has the capability to collect the data every 6 days over tadgareas, mainly over Europe and selected areas such agE$now
sites. In order to validate our SWE retrieval using Sentihdhta, we use LIDAR data from SnowEx campaign and SNOTEL
data as discussed in section 5. We also use the average of EN@afa as a reference point for SWE retrieval, as seen in
185 section 4.

GodgleBarth

1
Google Earth

(a)

Figure 2. © Google Earth View (a) Google Earth View of Sentinel-1 p@ih:frame:444 in ldaho. (b) zoomed to the Sentinel-1 path:71
frame:444, shown by big green rectangle. Red boxes showotaion of LIDAR data acquisition. The green diamonds shiNOFEL
stations with  SW E error less than 2cm in the entire time series. The red diasshdw SNOTEL stations with SW E error morethan
2cm in at least one observation in the time series. Yellovasggiare SNOTEL stations 1 and 11 used for reference poime. @iamonds
show the location of stations with temporal coherence less 0.35 or temperature more tHarC in the entire time series.

The NASA SnowEx2021 Time Series is the continuation of thdtingear effort to improve SWE measurements and esti-
mates. The data acquisition for different sensors and incsitlections spread over different US sites in winter 20@tese
sites span a range of snow climates and conditions, elegtispects, and vegetation. Flight paths were designeditae
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sites with ongoing snow research projects, existing grelagbed remote sensing infrastructure (e.g., radar and R)D#&now-

off and planned snow-on aerial LIDAR, and scheduled grommsvameasurement. The 2021 Time Series data set covers fewer
regional sites and more frequent temporal sampling condarthe 2020 campaign. The SnowEx campaign coordinated with
Sentinel-1 team to observe some of the SnowEXx sites with § daysit during the winter, which included the Idaho SnowEx
sites.

Figure 2(a) shows one of these sites that was observed edays8vith the Sentinel-1 over Idaho. The green frame shogvs th
geographic location of path 71, frame 444 of Sentinel-1.d&@gure 2(b) is zoomed to the Sentinel-1 frame in part (a).

3.2 SNOTEL
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Figure 3. (a) The daily SWE (cm) of in situ stations shown in gure 2(Ioprih 12/01/20 to 03/30/21. The dashed vertical lines show the
start date of Sentinel-1 observations. (b) The meastd of in situ  SWE for Sentinel-1 observation dates shown in part (a). Notettiea

SWE is marked on the rst day of each observation.

SNOwpack TELemetry Network (SNOTEL) sites are located mate, high elevated mountainous regions in the western
US. They automatically measure different snowpack charitics and climate conditions. We used the United StatgsaD-
ment of Agriculture (USDA) website to access hourly SNOTHtad(https://wcc.sc.egov.usda.gov/nwcc/inventory) dve
region of interest shown in gure 2(b). As the Sentinel-Infrain Idaho is collected at around 6 am local time, we dowrddad
the SWE, snow depth, and near surface air temperature at 6ragadh of the SNOTEL stations. Small red, green, and blue
diamonds in gure 2(b) show the SNOTEL locations in Sentihdtame. Figure 3 (a) shows the time series SWE of these
SNOTEL sites starting from 12/1/2020 at 6am. Different eslehow different SNOTEL stations. The elevation of theae st
tions varies betwee®75m to 2902mTherefore, the large spread of SWE between differentstaiin gure 3(a) is expected.
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The dashed vertical lines are the start date of each 6-d&at&entinel-1 data. As seen in this gure, there is a oney6-da
repeat data acquisition gap in Sentinel-1 data on 2/5/2urEi3 (b) shows the meanstd of SNOTEL SWE between the
start date Sentinel-1 data in gure 3(a) and 6 days later. ¥égluhe SWE data from these in situ stations for (a) SWE veise
validation by comparing retrieved SWE with SNOTEL SW E(as seen in section 5.1), and (b) the INSAR reference point
by subtracting the average of two SNOTEISW E from the retrieved SWE (as explained in section 4).

3.3 QSILIDAR

Airborne LIDAR provides high-resolution snow depth mapkes$e data are reliable sources of validation data, paatigul

a powerful constraint for INSAR retrieval of SWE. We used tHBAR data for validating the retrieved SWE results. The
"SnowEx20-21 QSI LIDAR DEM 0.5m" data set is part of the Snow#D20 and SnowEx 2021 campaigns (Adebisi et al.,
2022). The data includes digital elevation models, snovildemd vegetation height with 0.5m spatial resolution.aDagere
acquired over multiple areas in Colorado, Idaho, and Utaindu-ebruary 2020, March 2021, and September 2021. The two
red boxesin gure 2(b) show the location of LIDAR data acqtios1. The bigpurplebox is over Banner Summit and the small
red box is over Mores Creek in Idaho. Figures 10(a) and 1X{@vghe QSI snow depth over Banner Summit and Mores
Creek, respectively. We used this data in section 5.2 to emenpith retrieved SWE using Sentinel-1 data.

4 SWE Retrieval Using Sentinel-1 interferometric Phase

As mentioned in section 3.1, Sentinel-1 data were colleetenty 6 days over the region shown in gure 2(b) during 2020
and 2021, following coordination between the SnowEx cagmpaind the Sentinel-1 team. We used 6-day repeat Sentinel-
1 time series data between 12/1/20 to 3/30/21. We seleciggehiod to (a) capture most of the seasonal snow storm and
(b) avoid wet snow as much as possible. The main sources afiarthe science and applications using Sentinel-1 repeat-
pass interferometry are (1) tropospheric noise, (2) tealt@correlation, and (3) phase ambiguity. We removed spberic
noise from the unwrapped phase as explained in section g umwrapped phase is converted t&§ W E using equation

4. Temporal decorrelation is relatively high at C-band. Bhaay repeat time improves the temporal coherence signilga
over snow compared to the normal 12-day Sentinel-1 repmat fin this study, any pixel with temporal coherence mora tha
0.35 is considered reliable. Temporal coherence of 0.38bigrary, but based on experience working with INSAR ddtés i

a reasonable threshold number. However, for the resultsdtion 5.2, we used all the time series data, including the da
with low coherence, to calculate total SWE. The reason isitharder to compare the total SWE on a date close to LIDAR
acquisition date, we need the whol&SW E time series up to that date.

Phase ambiguity is still one of the big sources of error insahour data as discussed in section 5.1.2. The radar signal
propagating through ionosphere is delayed. The delay iacifin of frequency of the signal, Earth's magnetic eldgaotal
electron content (TEC) and affects the accuracy &W E retrieval. The ionospheric error at C-band is much smaliant
other sources of error and we consider it negligible in thislg
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The temperature is also an important factor. Equation 1lid f@r dry snow (Leinss et al., 2015), and we use near surface
air temperature abov@ C as a metric that indicates wet snow in snow season. Any vettiSWE with SNOTEL near surface
air temperature more thdh C is unreliable in our study. Similar to coherence lteringr the results in section 5.2, we used
all the time series data, including the data with tempeeatoore thar®d C . Similar to temporal coherence, the reason is that
in order to compare the total SWE with LIDAR snow depth at LIRAcquisition date, we need the entir& W E time series
up to that date.

Another important factor in interferometric phase imagethe reference point to calibrate the unwrapped phase @eeon
quently SWE. In geophysics applications using INSAR, the referencetpsia stable target with no displacement or known
displacement in the time interval between acquisition efttho images. For SWE estimation using INSAR, the reference
point is chosen either by corner re ectors (cleaned of sneith stable zero phase (Nagler et al., 2022; Dagurova e2@20)
or using the average of in situSWE (Conde et al., 2019) or using a snow free region (Tarricora. £2023). As seen in
gure 2(b), there are large number of in situ stations in frégene. In this study, we used the average of two in siBW E to
calibrate the retrieved SW E images. The two selected in situ stations have reliable uneasents (coherence more than 0.35

Figure 4. Retrieved SW E using Sentinel-1 path:71, frame:444 interferometric phdata between (a) 12/01/20 and 12/07/20 (b) 12/13/20
and 12/19/20 (c) 01/24/21 and 01/30/21. Sentinel-1 pathraine:444 coherence between (d) 12/01/20 and 12/07/26¢(@dtion 1) (e)
12/13/20 and 12/19/20 (Observation 3) (f) 01/24/21 and@2/B(Observation 10).The small diamonds are in situ looati The average of
insitu SWE, for images (a), (b), and (c) are 0.01cm, 2.72 cm, and 4.33&spgectively.

10
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and temperature less th@nC ) for the entire time series. For the rest of this study we usesitu stations 1 and 11 SWE
values to calibrate the retrievedSW E. Stations 1 and 11 are shown by yellow squares in gure 2(b).
Figures 4(a), (b), and (c) show retrievedSWE between 12/1/20 and 12/7/20, 12/13/20 and 12/19/20, artd2li2and
1/30/21, respectively. The small diamonds show the lopatidn situ stations in this Sentinel-1 frame. The average aitu
SWE, forimages 4(a), (b), and (c) are 0.01cm, 2.72 cm, and 4.33e&spectively. The retrievedSW E images in top row
of gure 4 show no SWE change in part (a) and snow storms in {pamnd (c) which match the in situ measurements.
Bottom row of gure 4 shows the coherence of the images in topof gure 4. Interferometric decorrelation has different
sources, such as temporal decorrelation, volume dectom|asignal to noise ratio decorrelation, geometric deslation,
.... The volume decorrelation is negligible due to reldyiveanall Sentinel-1 perpendicular baseline. Temporal detation
is the dominant source of decorrelation. For the rest of shisly, we assume the observed interferometric decowali
approximately the temporal coherence. As shown in gures) &nd (f), snow storms reduce the coherence signi cantly
whereas no SWE change shows very small decorrelation, &stxp

4.1 Tropospheric Noise Removal

A radio wave's differential phase delay variation through troposphere is one of the largest error sources in Imgerfetric
Synthetic Aperture Radar (INSAR) measurements, and wafarwariability in the troposphere is known to be the domina
factor. The differential delay present in a given interfgam may reach tens of centimeters. Various ways of mitigati
tropospheric effects are routinely employed. Here, we aggdbal atmospheric weather model to predict the radargtielsy
due to variations in atmospheric pressure and water vaptieobbetween passes. Speci cally, we used the EuropeateCen
for Medium-Range Weather Forecasts (ECMWF) ERA5 modelmbapheric variables, which provides hourly estimates on
a 30 km global grid based on assimilation of surface andlgateieteorological data. We used the Python-based Atrmersph
Phase Screen (PyAPS) software (Jolivet et al., 2011) topalate this grid, and convert those variables into a radiase
delay. PyAPS is integrated into, and leveraged by, the Mla®AR Time-series software in Python (MintPy) (Yunjun et al
2019). We used MintPy to crop the atmospheric delays to melspatial extent of the interferograms, and projected the
delays into radar line-of-sight (LOS). It should be notedttiwhile the ERA weather models often provide a reliable meéth
for representing atmospheric phenomena 80 km wavelengths (grid spacing), they are less accurate at patial scale,
where atmospheric conditions can vary as a function of toggugy. Model interpolation between grid nodes as a funaiifon
elevation were performed, however some over-smoothingnodspheric variations might still occur. More work is nesay

to better determine the overall effectiveness of atmosplpéiase removal, including whether tropospheric delapmpmletely
mitigated or over-corrected, and on what spatial scales.

Figure 5 shows an example of how signi cant tropospherisaaan be in an INSAR image. Figure 5(a) shows the line of
sight (LOS) displacement with no atmospheric correcticerour area of interestin gure 2(b) between 03/13/21 and9&1.
Figure 5(b) shows the atmospheric noise estimation usigdg’By Figure 5(c) shows LOS displacement after tropospheige
removal by subtracting 5(b) from 5(a). Comparing gures)xad (c), we can see that the atmospheric noise can affect the
estimated SWE by 5-10cm (LOS displacement error converted t8W E) in upper left of the images.
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5 Results And Discussions

In this section we compare retrieved SWE using Sentineterfierometric phase with in situ stations and LIDAR data.

285 5.1 Comparing Retrieved SWE using Sentinel-1 and SNOTEL SWE

Figure 5. Sentinel-1 path:71, frame:444 (a) Line of Sight (LOS) disgiment (m) With atmospheric noise (b) Atmospheric noisg(¢n
Line of Sight displacement (m) Without atmospheric noisgween 03/13/21 and 03/19/21.

Figure 6. (a) Retrieved SWE using Sentinel-1 interferometric phase versus in si6W E for all the stations with temporal coherence
more than 0.35 for the entire Sentinel-1 time series fromedmer 2020 to March 2021. (b) Correlation (left axis) andbhlie error (right
axis) between retrieved SW E using Sentinel-1 interferometric phase and in sitBW E for each in situ station. (c) Correlation (left axis)
and absolute error (right axis) between retrieve8W E using Sentinel-1 interferometric phase and in sitBW E for each interferogram.

Note that the labels on x-axis show the rst date of each fatemetric observation.
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5.1.1 Comparing Retrieved SWE using Sentinel-1 and SNOTEL SWE

We used all the retrieved SWE (using the Sentinel-1 data from 12/1/20 to 3/30/21) for i sitations shown in gure
2(b) and compared them with corresponding SNOTERW E. As mentioned in section 4, any retrieved value with tempora
coherence less than 0.35 and temperature highelti@ais discarded. Note that the data shown in gure 6 is the SON&nge
between two consecutive Sentinel-1 data that are 6 days. &garshowed the SWE for all stations and all consecutive
observations between 12/1/20 and 3/30/21. As mentioneddtio® 3.1, the resolution of the Sentinel-1 INSAR data from
Hyp3 is 80mx80m. We used a 10x10 multi-looks window of retig SWE and temporal coherence around the SNOTEL
locations to reduce the speckle noise. Therefore, we caediihe SNOTEL SWE with the 800mx800m retrieved SWE around
the SNOTEL site. The heterogeneity of the environment sigchegetation cover, vegetation fraction, land type, and SWE
distribution in the 800mx800m around the SNOTEL statioeetf our accuracy. We will analyze the effect of the hetemedg

of the environment on the SWE retrieval for SNOTEL stationthie future work of this study.

Figure 6 (a) compares all the retrievedSW E time series using Sentinel-1 data over all in situ statioita SNOTEL

SWE. As seenin this gure, the retrieved and in sitB W E are highly correlated (0.8), with an RMSE of 0.93cm .

Figure 6(b) shows the correlation and RMSE between theeetitire series of retrieved and in situtSW E for each station,
by blue and red circles respectively. As seen in this gune,¢orrelation is good (more than 0.6 for all stations extete).
The RMSE is less than 2cm for all stations and less than 1crmést stations. Note that station 4 has just one observation
with temporal coherence more than 0.35. That observatithreisrst observation with zero SWE change. Therefore, there
not enough points to calculate. Hence, RMSE and correlation are zero.

Figure 6(c) shows the correlation and RMSE between the inssétions and retrieved SW E for each Sentinel-1 acqui-
sition rst date, by blue and red circles respectively. Ntitat the labels on x-axis show the rst date of each intenfestric
observation. The RMSE is again less than 2cm for all datesemsdhan 1cm for many dates. As seen in this gure, the corre-
lation is more than 0.4 for some dates and poor (less tharfdr.4pme others. Among the observation dates with corpslati
less than 0.35 (observation 1, 2, 4, 7, 9, 15, 16, and 17) radisens 1, 2, 7, 9, 15, and 16Gst date of 12/01, 12/07, 01/06,
01/18, 03/07, and 03/13jave very small snow accumulation (the averag@WE is less than 0.5crwith  SWE close to
zero for most station)s Therefore, the phase is not sensitive enough to SWE chaegee low correlation. For observation
4 and 17( rst date of 12/19, and 03/19we observed that the low coherence degrades the phaseppimggerformance
for these INSAR images. Figure 7(a) and (b) show the wrappedefor observations 4 and 5, respectively. Note that the
correlation between in situ and retrieve W E in gure 6(c) is 0.1 for observation 4 and 0.7 for observatimhe average
in situ  SWE between 12/19/20 and 12/25/20 (observation 4) is 1.6cm atdden 12/25/20 and 12/31/20 (observation 5)
is 2.3cm. However, the interferometric fringes in gure Yé&e very noisy compared to gure 7(b). We observe that 4 66t o
days between 12/19/20 and 12/25/20 (observation 4) arévedlawarm including day 12/19/20. All 31 stations have fesm
ature between 7 C to 6 C at 6 am in those four days. The warm days cause a lot of meltidgefreezing in those 4 days.
Hence, we expect to have small temporal coherence and aosrsgnoisier fringes. On the other hand, the temperature i
relatively warm only on 12/26/20. The rest of the 5 days betw&2/25/20 and 12/31/20 (observation 5) are mostly colder t
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7 C for all 31 stations. Therefore, higher temporal coheremekless noisier fringes. We believe the noisy fringes degrad
the performance of the unwrapping algorithm signi caniifrerefore, the retrieved SWE is more accurate for observation
5 compared to observation 4. One of the main future worksisftudy is to improve the phase unwrapping over images with

low coherence.
5.1.2 Comparing Retrieved Total SWE using Sentinel-1 and SBITEL Total SWE

In this section, we used time series retrieve8W E to calculate total SWE at each date compared to start datardfroe
series (12/01/2020) by

SWE(tin) = SWE(t;tj+1) (5)
ti=t1
wheret; is 12/01/2020. For instance, SWE at 12/25/20 compared t0112020 is the summation of all four retrieved
SWE ( SWEi2=01=20 12=07=20% SWE12=07=00 12=13=00% SWE12=13=00 12=10=20%* SWE12=19=20 12=25=20)- NOt€e
that theSW E(t;+1 ) is measured compared 8N E(t1). For simplicity, we assume the SWE at timeis equal to zero.
Figures 8 (a), (b), and (c) show the time series of total SWhnf®itu stations 12, 30, and 20, respectively. Note that we
used average of stations 1 and 18WE for reference point in this study. The red and blue lines sttmwetrieved and in
situ total SWE at each Sentinel-1 date acquisition compiaré@/01/2020. However, as mentioned in section 4 and 5ae1,

Figure 7. Sentinel-1 Wrapped Phase path:71, frame:444 between (29/20 and 12/25/20 (Observation 4) (b) 12/25/20 and 12(B1/
(Observation 5).
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only used SWE values with temporal coherence more than 0.35 and tempergss thard C. We had 18 observations
for the entire time series. Discarding some observationtdl@v temporal coherence or high temperature, changesntiee t
series length. As seen in gure 8, we keep all 18 observationstation 20 but only 15 observations for station 12.

As seeninthis gure, the time series of total retrieved SWifres closely with in situ values for stations 12 and 30. Tirele
is less than 2cm in the entire time series. However, thessatd SWE for station 20 diverges from in situ values evenghau
follows the same pattern. The error in total SWE estimasabiout 10cm at the end of the time series. We think the masorea
for divergence is the phase unwrapping error and phase aitpigs discussed in section 5.1.1, the noisy fringes dégthe
performance of the unwrapping algorithm. A similar problsnobserved in tower-based studies. The retrieval diveiroes
the in situ values by phase ambiguity values over large siiomns at C-band ( gure 13(c) in (Ruiz et al., 2022)). However
even in these cases, the trends of SWE remain the same bateidgened and in situ values. We will investigate the reason
behind the divergence of retrieved SWE from in situ SWE o$éhstations in the future work of this study.

Figure 9 (a) shows the Sentinel-1ISW E ambiguity versus incidence angle. The red line shows tl8aVE ambiguity
using equation4 ( =2 ). The blue line shows the SW E ambiguity using Leinss et al. approximation (= ;(1:59+

25) SWE) (Leinss et al., 2015). As seen in this gure,SWE ambiguity is between 1.5 to 3.5 cm depending on the
incidence angle. The relatively smallSW E ambiguity of Sentinel-1 makes the unwrapping challengorgshow storms.
Figure 9(b) shows the temporal coherence between 02/1M202/17/21. We can see very low coherence in the snow storm
regions which degrades the unwrapping process. As meitiogf®re, one of the main future projects of this study is tokwo
on improving the unwrapping phase.

For each station plotin gure 8, we also reportthe averageSEMrror&  SWEETT siaion # > ) and correlation (station # )
between retrieved and in situSWE, as also plotted in gure 6(b). We also report the averageofgoral coherence for all
the interferograms over that station (temp >) to show how reliable the measurements at that station arealFthree sta-
tions, the RMSE error for SWE is less than 1.1 cm, the correlation between in situ anderetd SWE is greater than

Figure 8. Time series of total in situ and retrieved SWE using Sentinelterferometric phase shown by blue and red lines, resedcfor
stations 12 (shown in 8(a)), 30 (8(b)) and 20 (8(c)).
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0.8, and temporal coherence is greater than 0.5. The SNOiI&t.ae shown by small diamonds in gure 2(b). The green
small diamonds have a total SWE error less than 2 cm in theedntie series, similar to stations 12 and 30. The red diamond
have a total SWE error more than 2cm, similar to station 20wvél@r, the retrieved SWE has a similar pattern as in situ
SWE. Therefore, we think they have a phase unwrapping probimilar to station 20. These stations are also shown inegur
7(a). As seen in this gure, the red diamonds are mostly ledah regions with noisy fringes which makes the unwrapping
challenging. Among all 31 stations in the Sentinel-1 fragef them have temporal coherence less than 0.35 or temperatu
more tharD C in their entire time series. These stations are shown bydiaraonds in gure 2(b). Two stations are used for
calibration of the phase. Hence these two stations cannaddxkfor comparisons. So, there were 23 stations with marezh
reliable observation dates in their time series. Among thetations, 9 have SWE error less than 2cm (green diamonds) an
14 of them have SWE error larger than 2cm (red diamonds).

5.2 Comparing Retrieved SWE using Sentinel-1 and LIDAR SWE

As mentioned in section 3.3, the QSI LIDAR data were colléctering the SnowEx campaign. There are two LIDAR data sets

collected over the Sentinel-1 path:71, frame:444 in wi@@21. The locations are shown with red rectangles in gui®.2(
Figures 10(a) and 11(a) show the LIDAR snow depth on 3/15{&t Banner Summit and Mores Creek, respectivaly.

shown in gure 2(b), Banner Summit covers SNOTEL 2 and MoreseR covers SNOTEL 21. These two SNOTEL stations

Figure 9. (a) SWE ambiguity versus incidence angle using Leinss's approtionablue line) and Oveisgharan's approximation (red
line) (b) coherence for data acquired between 02/11/21@2/d7/21 (Observation 11). Green diamonds show the latatictations with
less than 2 cm total SWE error. Red diamonds show the locafistations with more than 2 cm total SWE error.

16



375

380

385

390

are shown by diamonds in gures 10(a) and 11{dje terrain DEM is measured by LIDAR sensor during Septer2b2i. The
DEM is used to measure the snow depth using the LIDAR datacel on 3/15/2021. The bpurplerectangle in gure 2(b)
corresponds to Banner Summit and small red rectangle gamels to Mores Creek. We calculated the total SWE compared to
12/01/2020 on the closest day to LIDAR date acquisition. Weduall the retrieved SWE from 12/01/2020 to 03/19/2021,
and calculated the total SWE on 03/19/21 using equationdgurés 10(b) and 11(b) show the retrieved SWE on 03/19/21
over Banner Summit and Mores Creek, respectively. The padr{d (b) in gures 10 and 11 have very similar patterns. The
2D-histograms of these two images are shown in gure 10(c) &(c) where x- and y-axis show the LIDAR snow depth
and Sentinel-1 retrieved SWE, respectively. The colorsair () shows th@orumber of cells — \ith | IDAR snow depth x and
INSAR SWE y. The correlation between these two data setli&fdr Banner Summit and 0.59 for Mores Creek. Note that
the LIDAR data show the snow depth whereas Sentinel-1 veidata show the total SWE accumulated during the Sertinel-
overpasses analyzed. On the other hand, LIDAR has a muckrtrigéolution. The relatively good correlation (0.47 arisb).
between the two independent measurements with differeotugons is a very good indication of the success of thishmet
in estimating SWE.

Figures 12 (a) and (c) show the mean of all Sentinel-1 tempotzerence data between 12/01/20 to 03/19/21 over Ban-
ner Summit and Mores Creek, respectively. As seen in theseeg the temporal coherence varies between 0.2 to 0.9. As
mentioned earlier in this section, the correlation betwd&AR snow depth data on 03/15/21 and retrieved total SWEgIsi
Sentinel-1 data on 3/19/21 is 0.47 for Banner Summit and fa6®lores Creek. However, some of the points may have low
temporal coherence and not viable for retrieval as disclisssection 4. Left axis in gures 12 (b) and (d) show the ctatien
between LIDAR snow depth data on 03/15/21 and retrieved 8WE using Sentinel-1 data on 3/19/21, for points with mean
temporal coherence abovgmp;threshold - Figure 12(b) shows the correlation versignp:threshoid  Over Banner Summit and
gure 12(d) shows the correlation over Mores Creek. Notd tha correlation is 0.47 for Banner Summit and 0.59 for Mores
Creek with no Iter ( temp:threshoid = 0.1) as reported in gure 10(c) and 11(c), respectivelgtRiaxis in gure 12(b) and

Figure 10. (a) QSI LIDAR snow depth over Banner Summit, ID on 3/15/21 @@trieved total SWE using Sentinel-1 interferometricadat
from 12/1/20 to 3/19/21 over Banner Summit, ID. (c) 2D histog of data in (b) versus data in (a).

17



395

400

405

410

(d) show the number of points in the image in part (a) and () wiean temporal coherence more thamp;threshold - There
are 5 times more points in gure 12(a) compared to gure 12{d)erefore, we can better do statistical evaluation fot (i@r
compared to part (d). As seen in gure 12(b), the correlabietween LIDAR snow depth and retrieved total SWE increages b
Itering out points with low temporal coherence, as expéci®e need to investigate more to explain the reason for ledioa
decrease in 0.74 <empithreshold < 0.8 interval.

The correlation between LIDAR snow depth and retrieved t8¥E in gure 12(d) is relatively constant with increasing
temp:threshold - HOwever, as we increase th@mp:hreshold 10 more than 0.46, the correlation gradually decreasesAt@ato.
tempithreshold = 0:65and remains relatively constant up t@mp:threshold = 0:72. The number of points in the image with

temporal coherence more than 0.72 is less than 20. Ther#fiereorrelation is not statistically very meaningful. MeiCreek
has a lower elevation (6100m at station 21) compared to Ba®uaemit (7040m at station 2). Mores Creek is also warmer
(mean temperature of4:3 C for the entire time series at station 21) than Banner Summeah temperature of8:8 C for

the entire time series at station 3). We expect to have higbreelation with Itering low temporal coherence points seen

in gure 12(b). We think the reason we don't see such a behramiggure 12(d) is that the warmer temperature , melting and
refreezing degrade the retrieval performance even foryigirrelated regions. More investigation is needed todvestxplain

the constant or decreasing correlation with increasiggp;mresholda  iN gure 12(d).

Left axis in gure 13(a) and (b) show the correlation betwé¢DAR snow depth on 03/15/21 and retrieved total SWE for
each observation between 12/01/20 and 03/19/21 over B&uremit and Mores Creek, respectively. Observation 16 shows
the correlation reported in gure 10(c) and 11(c). Rightsaxi gure 13(a) and (b) show SWE (cm) for each observation
between 12/01/20 and 03/19/21 at station 2 in Banner Sunmdistation 21 in Mores Creek, respectively. As seen in both
gures, the correlation gradually increases after obsgowars or 8, as expected. On the other hand, the correlatismadler
for observation 16 compared to 15. Observation 16 showsotaéSWE on 03/19/21 and LIDAR data shows the snow depth
on 03/15/21. There is about 1 cmSWE for observation 16 that is not fully captured by LIDAR. Thine, comparing

Figure 11.(a) QSI LIDAR snow depth over Mores Creek, ID on 3/15/21. (bjrieved total SWE using Sentinel-1 interferometric dabaf
12/1/20 to 3/19/21 over Mores Creek, ID. (c) 2D histogramaitdn (b) versus data in (a).
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Figure 12. (a) Mean of Sentinel-1 temporal coherence between 12/0&/23/19/21 over Banner Summit, ID. (b) (left axis) Corraat
between LIDAR snow depth and Retrieved total SWE on 03/18&1g Sentinel-1 over Banner Summit for all points with méeamporal
coherence greater thaRmp:threshold ~ VEIrSUS tempithreshold - (fight axis) Number of points in Banner Summit with mean penal coher-
ence greater thanemp;threshold ~ VErSUS empithreshold - (C) Mean of Sentinel-1 temporal coherence between 1200t203/19/21 over
Mores Creek, ID. (d) (left axis) Correlation between LIDARosv depth and Retrieved total SWE using Sentinel-1 over Bl@eek, for

all points with mean temporal coherence greater th@rp:threshold ~ VEISUS tempithreshold - (right axis) Number of points in Mores Creek
with mean temporal coherence greater th@mp;threshold ~ VEIrsUS temp;threshold
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415 total SWE for observation 15 with LIDAR snow depth is more @gguiate. The correlation is high for observation 4 at the
beginning of the snow season for both Banner Summit and Moresk. Observation 4 is after the rst snow storm of the
season. It shows that the spatial variability of snow at titea the snow season is captured by the rst or second snamsto
Although SWE for station 21 is zero for the rst observation, the corredatbetween LIDAR snow depth on 03/19/21
and total SWE on the rst observation is relatively high, aesin gure 13(b). As shown in gure 11(a), station 2 is in the

420 relatively low snow depth region. We believe there has besmsvstorm in the high-altitude region of Mores Creek. Thghhi

correlation is simply the correlation between LIDAR data0®119/21 and the rst snowstorm in Mores Creek.

6 Conclusions

In this study, we used Sentinel-1 time series to retrie®W E and consequently total SWE. We chose a frame in Idaho that
covers several SnowEx 2020-21 sites and 31 of SNOTEL in &atiogs. LIDAR data are available for validating our result
425 Sentinel-1 data was collected every 6 days over this Snovt&instead of the regular 12 days which helps a lot with terapo
coherence over snowstorms. This provides a unique denseséries of spaceborne data for studying the performanc&/&f S
retrieval using INSAR.
We showed that retrieved SW E between two consecutive Sentinel-1 observations is highiyelated (0.8) with in situ
values, with an RMSE of 0.93cm. For reference point of imeretric phase, we used two in situ stations with temporal

Figure 13.(a) (left axis) Correlation between LIDAR snow depth andriReed total SWE using Sentinel-1 on speci ¢ observatiotedaer
Banner Summit versus observation number. (right axiS\W E (cm) for any speci ¢ observation date at station 2 in Bannemit. (b)
(left axis) Correlation between LIDAR snow depth and Retiktotal SWE using Sentinel-1 on speci ¢ observation datr dores Creek

versus observation number. (right axisW E (cm) for any speci ¢ observation date at station 27 in Moreseg.
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coherence more than 0.35 and temperature less@h@nfor the entire time series. We subtracted the differencevéen

the average of in situ and retrievedSW E of these two stations from retrieved values to calibraterdieeved SWE.

The SWE RMSE error is less than 2 cm for all stations and less than 1amnmbst stations. The correlation between
retrieved and in situ SWE is more than 0.6 for most stationsterferograms with small average of in sitSWE show

low correlation between retrieved and in sittS W E. We demonstrated that low temporal coherence not only degrtue
SWE retrieval performance, but also the unwrapping algoriperformance. We showed that big melting events between tw
Sentinel-1 acquisitions make the interferometric fringeisy and unwrapping algorithm challenging. The retrietcgdl SWE

has less than 2cm RMSE error compared with in situ valuesaretttire time series for 9 stations and more than 2 cm for 14
stations.

The highlight of the results of this study is the similaritgttyeen two independent measurements, retrieved SWE using
Sentinel-1 data and LIDAR snow depth data. We used Serttirtzta between 12/01/20 to 03/19/21 to retrievBWE
time series. By adding the entire time series dWE, we calculated the total SWE on 03/19/21. Total retrievedESW
using Sentinel-1 interferometric data and LIDAR snow depthges over two regions in Idaho show similar patterns aad ar
correlated by more than 0.47. We showed that the correl@ibigher for regions with higher temporal coherence in Bann
Summit.

Considering all these validations, we show for the rst tithat SWE retrieval using time series of InSABacebornelata
is a very promising candidate for the future SWE mission.

We also showed that the main constraints for this methodeanpadral coherence, phase unwrapping, and phase ambiguity.
We showed that snow storms reduce the temporal coherengecaigtly. Low temporal coherence reduces the accuracy of
the interferometric phase and unwrapping algorithm. Itl&® ahown in this study that melting due to warm temperature
reduces the temporal coherence and the performance of ppingaalgorithm. Small SWE ambiguity at C-band (1.5cm to
3.5cm) makes the phase unwrapping more challengfifegthink using in situ station as the reference point helgseeng the
phase ambiguity error, at least locally, compared to othethods for referencing the interferometric images. If graporal
coherence is large enough for the entire image to reducehtagepunwrapping error, using the in situ SWE as the reference
point reduces the phase ambiguity error in a larger regismdJa snow-free point or snow-free corner re ector as tlierence
point, cannot address the phase ambiguity in regions wigp daowGoing from C-band to lower frequencies such as L-band
improves both the temporal coherence and SWE ambiguityh Wi L-band NISAR launch coming next winténe new
dataset would be a great opportunity for global SWE rettieva
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