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Abstract. Accurate estimation of snow water equivalent (SWE) at high spatial and temporal resolution remains a critical

challenge for hydrologic prediction and climate monitoring. Interferometric Synthetic Aperture Radar (InSAR) provides a

promising approach for retrieving SWE by exploiting phase changes induced by snow accumulation. In this study, we evaluate

the performance of Sentinel-1 repeat-pass interferometry for SWE retrieval using airborne LIDAR snow depth data and in situ

SNOTEL SWE observations across diverse snow climates in the western United States. Using six-day Sentinel-1 acquisitions5

collected during the NASA SnowEx campaigns of 2020 and 2021, we compare retrieved SWE against independent datasets to

quantify retrieval accuracy and assess the influence of environmental factors. Results show that retrievals using six-day repeat

pass data yield strong agreement with LIDAR measurements, with Pearson correlation coefficients ranging from 0.42 to 0.66,

while 12-day repeat pass data exhibit poor performance due to temporal decorrelation and phase ambiguity. Comparisons with

SNOTEL SWE change indicate correlations up to 0.81 and RMSE as low as 0.78 cm. Analysis of retrieval drivers reveals that10

temporal coherence is the dominant control on performance, followed by temperature, snow wetness, and vegetation cover.

Coherence declines with increasing snow depth, slope, and temperature, but improves under dry, cold conditions and gentle

terrain. These findings demonstrate that C-band Sentinel-1 InSAR can successfully retrieve SWE change under dry-snow,

high-coherence conditions, and highlight the potential of currently in-orbit missions such as NASA-ISRO NISAR to enable

global SWE monitoring with improved temporal sampling and wavelength sensitivity.15

1 Introduction

Seasonal snowpacks serve as a critical component of the global water cycle, storing and releasing freshwater that supports

billions of people worldwide (Barnett et al., 2005). In snow-dominated watersheds, snowmelt is the principal driver of stream-

flow and groundwater recharge (Li et al., 2017; Lorenzi et al., 2024), supplying water resources for more than one-sixth of20

the global population. However, rising temperatures are reducing the likelihood of snowfall in regions historically dominated
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by snow (Klos et al., 2014; McCrystall et al., 2021), shifting snow accumulation toward higher elevations and more poleward

latitudes. This transition has already decreased the predictability of streamflow in many basins (Siirila-Woodburn et al., 2021).

Accurately mapping SWE at large scales and high spatial resolution is therefore critical for hydrologic forecasting, water

management, and climate assessment. SWE, defined as the depth of water obtained if the snowpack were completely melted,25

has been identified as a key terrestrial variable in NASA’s Decadal Survey. Yet, obtaining SWE measurements with suffi-

cient accuracy and resolution remains a persistent challenge. Ground-based networks, such as SNOTEL in the United States

(Fleming et al., 2023), provide valuable time series of snow conditions but suffer from limited spatial coverage, elevation bias,

and high local variability (Dozier et al., 2016). Passive microwave sensors, which estimate SWE from microwave emissions

(Takala et al., 2011; Kelly et al., 2003; Pulliainen and Hallikainen, 2001; Kelly, 2009), supply long-term global records but30

at coarse spatial resolutions (∼10 km) and tend to saturate for SWE values above about 150 mm, limiting their applicability

in mountainous terrain. Although these systems remain the operational standard for global SWE retrievals, products such as

GlobSnow omit mountainous areas because of these resolution and sensitivity constraints.

Airborne LIDAR has proven effective for mapping snow depth at high spatial resolution (Painter and et al., 2016). However,

its reliance on clear-sky conditions and limited spatial coverage restrict its ability to provide consistent regional or global35

observations. There is currently no viable path toward a spaceborne LIDAR system capable of providing global snow depth

mapping at the temporal resolution needed for hydrologic applications.

Active microwave sensors, in contrast, offer all-weather capability, high spatial resolution, and global coverage, enabling

SWE estimation from spaceborne platforms (Cui et al., 2016; Leinss et al., 2014, 2015; Oveisgharan and Zebker, 2007; Lem-

metyinen et al., 2018; Yueh et al., 2017, 2021; Conde et al., 2019; Liu et al., 2017; Eppler et al., 2022; Dagurova et al., 2020;40

Nagler et al., 2022; Engen et al., 2004; Larsen et al., 2005; Lievens et al., 2019; Belinska et al., 2024). SWE can be retrieved

from radar backscatter intensity, which is sensitive to snow depth and microstructure (Rott et al., 2010; Ulaby and Stiles, 1980;

Cui et al., 2016; Nghiem and Tsai, 2001; Lievens et al., 2019).

Dual-frequency (X- and Ku-band) SAR missions have been a major focus for future SWE retrieval efforts by the European

Space Agency (ESA) and the Canadian Space Agency (CSA) (Rott et al., 2010; Lemmetyinen et al., 2018). However, accurate45

SWE estimation from radar backscatter remains highly dependent on a priori knowledge of snow micro-structural parameters,

particularly grain size (Lemmetyinen et al., 2018; Durand and Liu, 2012; Cui et al., 2016). Recently, the ratio of cross-polarized

to co-polarized Sentinel-1 backscatter has been used to estimate snow depth in mountainous regions with deep snow (Lievens

et al., 2019, 2022). Nevertheless, the retrieval performance is not yet well quantified (Hoppinen et al., 2024b).

The phase change of specularly reflected radar signals from the snow–ground interface has been shown to depend strongly50

on variations in SWE for dry snow conditions (Leinss et al., 2015; Guneriussen et al., 2001; Ruiz et al., 2022). In contrast,

for wet snow, the phase center is typically located at the snow surface, and the observed phase change is primarily related to

snow depth variations (Yueh et al., 2017, 2021; Shah et al., 2017). The underlying principle of this approach is analogous to

repeat-pass interferometry, which forms the basis of the SWE retrieval method used in this study and is described in detail in

Section 2. A key advantage of the interferometric approach is that SWE retrieval is largely insensitive to snowpack stratigraphy55

(Yueh et al., 2017) and does not require prior knowledge of snow micro-structural properties.
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As detailed in the following sections, the interferometric phase difference between two SAR acquisitions is proportional to

small variations in SWE (∆SWE). Section 2 outlines the retrieval methodology, while Section 3 describes the datasets used in

this analysis. In Section 4, we compare the retrieved SWE with coincident airborne LIDAR and in situ SNOTEL observations

and assess the influence of environmental parameters on retrieval performance in section 5. This study further demonstrates60

the potential of InSAR for quantitative SWE estimation and identifies the conditions under which retrieval accuracy is max-

imized. The methodology developed here is also directly applicable to the new generation L- and S-band missions such as

NASA–ISRO’s NISAR and ESA’s ROSE-L, which will provide suitable observation for global SWE monitoring.

2 SWE Retrieval Using Interferometric Phase

Differential SAR interferometry has been widely used to detect centimeter- to millimeter-scale surface elevation changes across65

large areas (Gabriel et al., 1989; Zebker et al., 1994). The measured interferometric phase difference is highly sensitive to small

variations in SWE (∆SWE) during the snow season (Guneriussen et al., 2001; H. Rott and Scheiber, 2003; Deeb et al., 2011;

Leinss et al., 2015; Conde et al., 2019; Liu et al., 2017; Hui et al., 2016; Nagler et al., 2022; Eppler et al., 2022; Dagurova

et al., 2020; Marshall et al., 2021; Oveisgharan et al., 2024; Hoppinen et al., 2024a; Bonnell et al., 2024b; Ruiz et al., 2022;

Tarricone et al., 2023). The technique offers a major advantage in its conceptual simplicity and reduced dependence on a priori70

snowpack parameters.

For terrestrial snow, the contribution of volume scattering to the interferometric phase is minimal compared to the strong

ground return at high radar frequencies. Changes in SWE primarily alter the path delay of the radar signal due to the snow’s

refractive index. This delay can be quantified through differential interferometry, allowing ∆SWE to be estimated directly

from the interferometric phase change (Guneriussen et al., 2001; Leinss et al., 2015; Conde et al., 2019; Liu et al., 2017;75

Nagler et al., 2022). Similar to dual-polarization dual-frequency retrieval approaches, this method requires dry snow conditions

to ensure penetration to the ground surface.

Retrieval performance can be further improved by combining interferometric phase with backscattered intensity to account

for variations in surface roughness (Dagurova et al., 2020). Phase sensitivity to topographic gradients has also been used to

help constrain unwrapping errors (Eppler et al., 2022). Although higher radar frequencies increase phase sensitivity to SWE80

changes, they also amplify decorrelation and unwrapping challenges (Belinska et al., 2024). Multi-frequency approaches can

mitigate these issues, improving phase continuity at lower frequencies such as L-band (Belinska et al., 2024).

Recent airborne and satellite experiments have validated the effectiveness of InSAR-based SWE retrieval. Airborne cam-

paigns over the Austrian Alps showed agreement between InSAR-derived SWE and in situ observations, with RMS differences

of 4.0 mm and 11.2 mm for snowstorms of 14 mm and 66 mm depth at C- and L-band, respectively (Nagler et al., 2022). Over85

Grand Mesa, Colorado, L-band UAVSAR ∆SWE retrievals between February 1–13, 2020 correlated strongly with LIDAR-

derived snow depth changes under dry conditions (Marshall et al., 2021). Similarly, Sentinel-1 interferometric data yielded a

mean SWE accuracy of 6 mm over Finland from only two passes (Conde et al., 2019). Comparisons between L-band InSAR
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SWE change and terrestrial LIDAR or GPR observations showed correlations of 0.72–0.79 and RMSE values of 19–22 mm

(Bonnell et al., 2024b), with retrieval accuracy decreasing under dense forest cover (Bonnell et al., 2024a).90

These studies demonstrate the strong potential of InSAR for SWE estimation, though most were limited in spatial or temporal

coverage. Oveisgharan et al. extended these findings by analyzing a long Sentinel-1 time series from winter 2021, validated

against extensive in situ measurements and airborne LIDAR (Oveisgharan et al., 2024). They reported a Pearson correlation

greater than 0.47 between LIDAR-derived snow depth and retrieved SWE. The correlation and RMSE between retrieved SWE

change and in situ station measurements were 0.8 and 0.93 cm, respectively. With the launch of the NASA–ISRO SAR (NISAR)95

mission, further advances in understanding and operationalizing InSAR-based SWE retrieval are anticipated.

2.1 Retrieving ∆SWE Using Sentinel-1 Data

As described in Section 2, interferometric phase measurements are used to estimate changes in snow water equivalent (SWE).

Following the formulation in Oveisgharan et al., the SWE change between two Sentinel-1 acquisitions is expressed as (Oveis-

gharan et al., 2024):100

∆ϕ =−2κi(−0.3385θ2 + 0.0486θ− 0.8647) ˆ∆SWE (1)

where ∆ϕ,κi,∆SWE, and θ are interferometric phase between two observation dates, incidence wavenumber, SWE change,

and incidence angle, respectively. Temporal coherence is generally low at C-band; however, the 6-day Sentinel-1 repeat cy-

cle significantly improves coherence compared to the nominal 12-day repeat, particularly over snow-covered regions. Conse-

quently, SWE retrievals were primarily performed for areas with available 6-day repeat data, as discussed in section 4. Equation105

1 is valid for dry-snow conditions (Leinss et al., 2015; Oveisgharan et al., 2024). Near-surface air temperature exceeding 0◦C

was therefore used as an indicator of wet snow, where this assumption does not hold.

A critical step in ∆SWE estimation is selecting a suitable reference point for phase calibration. In InSAR-based geo-

physical studies, this point is typically a stable target with negligible or known displacement between acquisitions. Following

Oveisgharan et al., we used the average of one or two in situ ∆SWE measurements exhibiting a correlation above 0.35 and110

subzero temperatures throughout the time series as the reference point for phase calibration (Oveisgharan et al., 2024). Note

that reference point selection does not affect comparisons between retrieved total SWE and LIDAR-derived snow depth, since

it only introduces a constant phase offset across all dates, preserving spatial variability.

Atmospheric phase delays were estimated using the European Center for Medium-Range Weather Forecasts (ECMWF)

ERA5 reanalysis product, which provides hourly atmospheric variables on a 30 km global grid. The Python-based Atmospheric115

Phase Screen (PyAPS) tool (Jolivet et al., 2011) was used to interpolate these data and convert them into radar phase delays.

PyAPS is integrated into the Miami InSAR Time-Series software in Python (Yunjun et al., 2019), which was used to crop the

delays to the interferogram extent and project them into the radar line-of-sight (LOS). Ionospheric errors at C-band are small

relative to other uncertainty sources and were therefore considered negligible. Phase ambiguity for Sentinel-1 data ranges from

approximately 1.5 cm to 3.5 cm, depending on incidence angle (Oveisgharan et al., 2024), making it one of the dominant error120

sources during large snowstorms associated with significant ∆SWE .
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2.2 Temporal Coherence

The radar signals acquired on two different dates remain correlated if the scattering elements within a resolution cell remain

unchanged. In practice, however, temporal variations in scatterers—such as the movement of leaves, branches, or snow parti-

cles—reduce this correlation, leading to temporal decorrelation (Zebker and Villasenor, 1992; Kellndorfer et al., 2022; Lavalle125

et al., 2012). Loss of temporal coherence is one of the principal limitations for SWE retrieval using differential interferometry,

as discussed in Section 5.1.

In snow-covered regions, melting and wind are the dominant factors that cause decorrelation (Leinss et al., 2015; Luzi et al.,

2009). Temporal coherence also decreases with increasing radar frequency (Leinss et al., 2015; Nagler et al., 2022; Kellndorfer

et al., 2022; Ruiz et al., 2022), making longer wavelengths such as L- and C-band more suitable for differential interferometric130

applications. Vegetation cover can further degrade temporal coherence, particularly at higher frequencies (Baduge et al., 2016;

Kellndorfer et al., 2022; Ruiz et al., 2022). Ruiz et al. conducted tower-based fully polarimetric InSAR experiments at L-,

S-, C-, and X-bands to assess the effects of air temperature, precipitation, and wind on temporal decorrelation, identifying

temperature as the most influential variable (Ruiz et al., 2022). In this study, we extend this analysis using a larger spatial and

temporal dataset to evaluate the effects of multiple environmental and surface parameters on temporal coherence, as discussed135

in Section 5.

3 Datasets

As mentioned in section 2, we use Sentinel-1 data to retrieve SWE. In order to evaluate the performance of our retrievals, we

use available LIDAR snow depth and SWE from in-situ stations.

3.1 Sentinel-1140

Sentinel-1 is a C-band radar mission with four imaging modes, providing resolutions down to 5 m and swath widths up to

400 km. It offers dual polarization, a 12-day repeat cycle, and rapid data access, with products freely distributed through the

Alaska Satellite Facility (ASF). Differential interferometric phase and coherence from VV and VH polarizations can be gen-

erated globally at 12-day intervals using ASF’s On-Demand Processing system. Interferometric processing is supported by the

Hybrid Pluggable Processing Pipeline (HyP3), which applies topographic phase and geolocation corrections and employs the145

Minimum Cost Flow (MCF) algorithm for phase unwrapping. In this study, we employed the unwrapped phase and interfero-

metric coherence derived from Sentinel-1 observations. The constellation consists of two satellites, each with a 12-day global

repeat cycle; when operated in tandem, the effective revisit interval decreases to six days over selected regions, particularly

across Europe.

The NASA SnowEx2020 and 2021 Time Series represents a continuation of the multi-year initiative to advance snow water150

equivalent (SWE) measurement and estimation. Data acquisition during winter 2020 and 2021 included multiple sensors (e.g.,

radar and LIDAR) and in situ collections.As part of this effort, the SnowEx campaign collaborated with the Sentinel-1 team to
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obtain six-day revisit observations over selected sites throughout the winter season. The green frames in figure 1(a) show the

geographic locations of Sentinel-1 data that cover the available LIDAR data in 2020 or 2021. The green frames in figure 1(b)

show the geographic locations of all Sentinel-1 data with 6 days revisit time during the winter of 2020 and 2021 that cover155

more than 5 SNOTEL stations. Our analysis showed that the SWE retrieval using Sentinel-1 data works better for the 6 am

data compared to 6 pm data. Therefore, the results using descending Sentinel-1 data are discussed in this study.

3.2 LIDAR

Airborne LIDAR provides high-resolution snow depth maps and serves as a reliable source of validation data, offering a

particularly strong constraint for InSAR-based retrieval of SWE. For this study, we surveyed all publicly available LIDAR160

datasets and selected those collected during the snow accumulation season. The "SnowEx20-21 QSI LIDAR DEM 0.5m"

dataset, part of the SnowEx 2020 and 2021 campaigns, includes digital elevation models, snow depth, and vegetation height at

5 m spatial resolution (Adebisi et al., 2022). These data were acquired over sites in Colorado, Idaho, and Utah during February

2020, March 2021, and September 2021. In addition, the Airborne Snow Observatory (ASO) program has collected LIDAR

observations across the western United States for over seven years, providing snow depth measurements with decimeter-level165

accuracy and 3 m spacing (DEEMS et al., 2013; Painter et al., 2016). While ASO campaigns are primarily conducted during

the melt season—when the timing and magnitude of snowmelt are of critical importance to hydrologic science and water

resource management in mountainous regions—some acquisitions are available from the dry snow season. For this analysis,

we incorporated all ASO data collected between January and March that were publicly available through their data portal.

Figure 1. Imagery © Google Earth Pro, Map data © 2025 Google, of Sentinel-1 frames (green rectangles) and LIDAR data (red rectangles).

(b) of Sentinel-1 frames (green rectangles) with 6 hours revisit time and SNOTEL stations (purple diamonds).
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Figure 2. Imagery © Google Earth Pro, Map data © 2025 Google, of LIDAR scenes (a) Banner Summit, ID (b) Mores Creek, ID (c) Dry

Creek, ID (d) Reynolds Creek, ID (e) Merced, CA (f) Tuolumne, CA (g) Fraser, CO (h) Little Cottonwood Canyon, UT (i) East River, CO

(j) Taylor River, CO

7

https://doi.org/10.5194/egusphere-2025-5868
Preprint. Discussion started: 19 December 2025
c© Author(s) 2025. CC BY 4.0 License.



As mentioned LIDAR snow depth data is a very valuable dataset for validating our retrieved SWE. The red boxes in figure170

1(a) show the location of LIDAR data acquisition during the dry snow regions.

Figure 2 (a)–(j) show the zoomed Google Earth View of LIDAR scenes, Banner Summit, ID (BS), Mores Creek, ID (MC),

Dry Creek, ID (DC), Reynolds Creek, ID (RC), Merced, CA (ME), Tuolumne, CA (TU), Fraser, CO (FR), Little Cottonwood

Canyon, UT (LC), East River, CO (ER), Taylor River, CO (TR), respectively.

Table 1. Information about LIDAR scenes used in this study. First column shows the site ID. The second column shows the company

collecting the data. The third column shows the LIDAR acquisition date. Columns four and five show the revisit time and path/frame of

Sentinel-1 time series covering the LIDAR scene, respectively. Last column show the correlation between LIDAR snow depth and retrieved

SWE using Sentinel-1 data.

Site

ID

LIDAR

Sensor

LIDAR

Date

Sentinel-1

Revisit Time

Sentinel-1

Path/Frame
Correlation

BS20 QSI 02/19/20 6 days 71/444 0.59

BS21 QSI 03/21/21 6 days 71/444 0.47

MC20 QSI 02/09/20 6 days 71/444 0.66

MC21 QSI 03/15/21 6 days 71/444 0.59

DC20 QSI 02/19/20 6 days 71/444 0.56

RC20 ASO 02/18/20 6 days 71/450 0.44

ME21 ASO 03/26/21 6 days 42/466 0.42

TU21 ASO 02/24/21 6 days 42/466 0.13

FR20 QSI 02/11/20 12 days 56/460 -0.08

LC21 QSI 03/18/21 12 days 100/456 -0.04

ER20 ASO 02/14/20 12 days 56/465 -0.1

TR20 ASO 02/20/20 12 days 56/465 0.08

Table 1 summarizes all LIDAR scenes used in this study, consisting of data collected between January and March of 2020175

and 2021. The first column lists the LIDAR site ID, followed by the data provider in the second column. The third column

reports the date of LIDAR acquisition, while the fourth and fifth columns provide the revisit time and the corresponding
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Sentinel-1 path/frame information for the time series covering each LIDAR scene. The LIDAR data are subsequently used in

Sections 4.1 and 5.1 to evaluate the performance of SWE retrievals derived from Sentinel-1 observations.

3.3 SNOTEL180

The SNOwpack TELemetry (SNOTEL) network consists of stations located in remote, high-elevation mountain regions across

the western United States. These stations automatically record a range of snowpack and meteorological variables. For this

study, hourly SNOTEL observations were accessed through the United States Department of Agriculture (USDA) website

(https://wcc.sc.egov.usda.gov/nwcc/inventory). Because we used descending Sentinel-1 acquisitions, collected at approxi-

mately 6 a.m. local time, we extracted SNOTEL measurements of SWE, snow depth, and near-surface air temperature cor-185

responding to that time. The locations of the SNOTEL stations are shown as purple diamonds in Figure 1(b). Notably, during

winter 2021, only three Sentinel-1 frames with 6 days repeat cycles covered more than five SNOTEL sites. These in situ mea-

surements were employed for (a) establishing InSAR reference points (Section 2.1), (b) evaluating the performance of SWE

retrievals (Section 4.2), and (c) analyzing the influence of environmental parameters on SWE retrieval accuracy (Section 5.2).

4 Performance of SWE Retrieval Using Sentinel-1 interferometric Phase190

In this section, we assess the performance of SWE retrievals derived from Sentinel-1 data. Section 4.1 presents a compar-

ison with LIDAR snow depth measurements, while Section 4.2 evaluates retrieval performance against SNOTEL ∆SWE

observations.

4.1 Comparing the Retrieved SWE with LIDAR data

As summarized in Table 1 and illustrated in Figures 1 and 2, a total of 10 LIDAR scenes with snow depth measurements195

were available between January and March of 2020 and 2021. Among these, the Banner Summit (BS) and Mores Creek (MC)

sites contain data for both years. For each LIDAR scene, we used the corresponding Sentinel-1 time series (path and frame

information provided in Table 1, column 5) to retrieve ∆SWE following the approach described in Section 2. Following

Oveisgharan et al. (Oveisgharan et al., 2024), time-series-derived ∆SWE was then used to estimate total SWE at the date

closest to the LIDAR acquisition by200

SWE(ti+1) =
ti∑

tj=t1

∆SWE(tj , tj+1) (2)

where t1 is the first Sentinel-1 data collected after December first of the corresponding winter and ti+1 is the closest Sentinel-

1 date to LIDAR acquisition date. For simplicity, we assume the SWE at time t1 is equal to zero.

To evaluate performance, the analysis was divided into two groups: LIDAR scenes covered by Sentinel-1 data with 6-day

revisit intervals and those with 12-day revisit intervals. As shown in Table 1, eight scenes fall into the 6-day repeat group, while205

four scenes correspond to 12-day repeats.
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4.1.1 Using 6-day Repeat Sentinel-1 Data

Figure 3. LIDAR total snow depth (a1–h1) for Banner Summit on 02/18/2020, Banner Summit on 03/15/2021, Mores Creek on 02/09/2020,

Mores Creek on 03/19/2021, Dry Creek on 02/19/2020, Reynolds Creek on 02/23/2020, Merced on 03/26/2021, and Tuolumne on

02/27/2021, respectively. Images (a2–h2) show the total retrieved SWE using 6 d repeat Sentinel-1 time series data from December 1st

to closest date to LIDAR date acquisition, respectively.

Figures 3(a1–h1) present LIDAR-derived snow depth for Banner Summit (02/18/2020 and 03/15/2021), Mores Creek

(02/09/2020 and 03/19/2021), Dry Creek (02/19/2020), Reynolds Creek (02/23/2020), Merced (03/26/2021), and Tuolumne
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(02/27/2021). The corresponding retrieved total SWE, derived from Sentinel-1 6-day time series using Equation 2, is shown210

in Figures 3(a2–h2). We refer to each LIDAR scene by site abbreviation and year (e.g., BS20 = Banner Summit 2020, MC21

= Mores Creek 2021). For each case, the Sentinel-1 acquisition date closest to the LIDAR survey date (ti+1 in Equation 2) is

indicated in the figure titles. Overall, the retrieved SWE fields show strong visual agreement with the LIDAR snow depth maps.

The Pearson correlation coefficients between LIDAR snow depth and Sentinel-1-derived SWE, reported in the last column of

Table 1, range from 0.42 to 0.66 across sites, with the exception of Tuolumne (TU).215

Within the LIDAR frames shown in Figures 3(a1–h1), all scenes except Merced (Figure 3g1) contain at least one SNOTEL

site. Figures 4(a1–h1) present the total SWE time series from these SNOTEL stations, beginning on December 1 of the corre-

sponding winter. Figures 4(a2–h2) show the corresponding near-surface air temperature time series. The dashed vertical lines

mark the start dates of each 6-day Sentinel-1 acquisition cycle. Notably, a data gap occurred on February 5, 2021, resulting in

a missing six-day repeat acquisition.220

The correlation between retrieved SWE and LIDAR snow depth varies across sites, with lower values observed for Reynolds

Creek (RC) and Merced (ME) compared to Banner Summit (BS), Mores Creek (MC), and Dry Creek (DC). The correlation

is particularly weak at Tuolumne (TU). As shown in Figures 4(f1–f2), total SWE and SWE changes between Sentinel-1 ac-

quisitions were minimal for RC20, while temperatures exceeded 0◦C on 25 days during the season before LIDAR acquisition

date. The presence of wet snow and limited SWE variability degrades retrieval performance (Oveisgharan et al., 2024), ex-225

plaining the weaker correlation at RC20. Although Merced lacks a co-located SNOTEL site, it is geographically close to TU,

and therefore SNOTEL data from the TU frame were used as a proxy. Between December 1 and the corresponding LIDAR

acquisition dates, the number of days with above-freezing temperatures at SNOTEL stations was 0, 1, 4, 7, 10, 25, and 16 for

BS20, BS21, MC20, MC21, DC20, RC20, and TU21, respectively. These higher temperatures and more frequent melt events

in RC, ME, and TU contributed to the reduced correlations between Sentinel-1-derived SWE and LIDAR snow depth. A large230

snowstorm was also observed at TU, with an SWE increase of 8.89 cm between January 22 and January 28, 2021 (acquisition

9). Although the overall correlation between retrieved SWE and LIDAR snow depth at TU21 was low (0.13), the correlation

between LIDAR snow depth and retrieved ∆SWE during this storm (acquisition 9) reached 0.6. This suggests that melt events

during other periods were responsible for degrading retrieval performance at TU21.

4.1.2 Using 12-day Repeat Sentinel-1 Data235

Figures 5(a1–d1) present LIDAR-derived snow depth for Fraser (FR20, 02/11/2020), Little Cottonwood Canyon (LC21,

03/18/2021), East River (ER20, 02/14/2020), and Taylor River (TR20, 02/20/2020). The corresponding retrieved SWE, derived

using Equation 2 and Sentinel-1 12-day time series, is shown in Figures 5(a2–d2). For each case, the Sentinel-1 acquisition

date closest to the LIDAR survey (ti+1 in Equation 2) is indicated in the figure titles. Unlike the 6-day repeat results, these

scenes show little resemblance between LIDAR snow depth and Sentinel-1-derived SWE. The Pearson correlation coefficients240

range from –0.1 to 0.08, confirming that a 12-day revisit interval is too coarse for SWE retrieval using C-band Sentinel-1 data.

Figures 6(a1–d1) display the SNOTEL SWE time series within the LIDAR frames of Figures 5(a1–d1), beginning Decem-

ber 1 of the corresponding winter. The associated near-surface temperature time series are shown in Figures 6(a2–d2). Dashed
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Figure 4. SWE (a1–h1) and Temperature (a2–h2) for SNOTEL stations inside BS in 2020, BS in 2021, MC in 2020, MC in 2021, DC in

2020, RC in 2020, ME in 2021, and TU in 2021, respectively. The dashed vertical lines show the start date of Sentinel-1 observations.
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Figure 5. LIDAR total snow depth (a1–d1) for Fraser on 02/11/2020, Little Cottonwood Canyon on 03/21/2021, East River on 02/14/2020,

and Taylor River on 03/11/2020. Images (a2–d2) show the total retrieved SWE using 12 d repeat Sentinel-1 time series data from December

1st to closest date to LIDAR date acquisition, respectively.

Figure 6. SWE (a1–d1) and Temperature (a2–h2) for SNOTEL stations inside FR in 2020, LC in 2021, ER in 2020, and TR in 2020,

respectively. The dashed vertical lines show the start date of Sentinel-1 observations.
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vertical lines mark the start dates of each 12-day Sentinel-1 acquisition cycle. The results demonstrate that temporal coherence

degrades significantly at this longer revisit interval, rendering the data unreliable for SWE retrieval. Nevertheless, the SNO-245

TEL SWE and temperature records are later used in Section 5.1 to investigate the environmental factors influencing temporal

coherence.

4.2 Comparing the Retrieved SWE Using Sentinel-1 with SNOTEL SWE

As described in Section 3.1, Sentinel-1 data were acquired every 6 days over three frames containing more than five SNOTEL

sites (Figure 1b) during 2020 and 2021, coordinated between the SnowEx campaign and the Sentinel-1 team. For this analysis,250

we used 6-day repeat Sentinel-1 time series from 12/01/2020 to 03/30/2021.

The left, middle, and right columns of Figure 7 correspond to frames (p71,f444), (p71,f450), and (p42,f461), respectively.

Figures 7(a1–c1) show SNOTEL SWE time series from 12/01/2020 to 03/31/2021 at 6:00 am for all stations within each

frame, with different colors indicating individual SNOTEL sites. SWE increases relatively uniformly in (p71,f444), whereas

sharp increases are observed in (p71,f450) and (p42,f461). Snowpack is also generally shallower in (p71,f450).255

Figures 7(a2–c2) present the average near-surface temperature across SNOTEL stations in each frame. Among them,

(p42,f461) is consistently warmer than (p71,f444) and (p71,f450). Figures 7(a3–c3) display the average Sentinel-1 tempo-

ral coherence time series, with black squares marking SNOTEL locations. Low-coherence regions align with snow-covered

areas. Frame (p71,f450) exhibits higher coherence due to its shallower snowpack, while (p42,f461) shows lower coherence

compared to (p71,f444).260

Figures 7(a4–c4) compare retrieved ∆SWE from Sentinel-1 time series with ∆SWE from SNOTEL stations over the study

period. The correlation coefficients are 0.81, 0.55, and 0.54 for frames (p71,f444), (p71,f450), and (p42,f461), respectively.

The corresponding RMSE values are 0.78 cm, 1.32 cm, and 1.17 cm. The reduced performance in (p71,f450) and (p42,f461)

is attributed to limited SWE change in the former and warmer temperatures in the latter.

5 Impact of Different Parameters on SWE Retrieavl265

As demonstrated in Sections 4.1 and 4.2, the correlation between Sentinel-1–retrieved SWE or ∆SWE and validation datasets

(LIDAR snow depth or SNOTEL ∆SWE) varies across sites. In this section, we investigate the key factors influencing these

correlations.

5.1 Impact of Different Parameters on Retrieved SWE Using LIDAR Data

In this section, we assess how various parameters influence the performance of SWE retrieval from Sentinel-1 by comparing270

retrieved SWE against LIDAR snow depth. Performance is quantified using the correlation between the two datasets. The last

column of Table 1 reports the correlation for each LIDAR scene over the entire image. To further investigate, we partition the

data according to specific parameters and recompute the correlations.
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Figure 7. (a1) SNOTEL SWE measurements (cm) for all stations in Sentinel-1 (p71,f444) starting December first to end of March. Different

colors show the measurements for different SNOTEL stations. (a2) Mean of all SNOTEL temperature measurements (C) in Sentinel-1

(p71,f444) starting December first to end of March. (a3) Mean of Sentinel-1 temporal coherence for (p71,f444) starting December first to

end of March. (a4) Retrieved ∆SWE vs SNOTEL ∆SWE for (p71,f444) every 6 days starting December first to end of March. Figures

(b1–b4) and (c1–c4) are the same as Figure (a1–a4), but use Sentinel-1 data from (p71, f450) and (p42, f461), respectively.
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Figure 8(a) shows the relationship between correlation and mean Sentinel-1 temporal coherence (ρtemp) for sites with

available 6-day repeat acquisitions. Different colors represent different LIDAR sites. As seen in the figure, the correlation275

generally increases with higher temporal coherence across most sites, with the exception of RC20. For example, in BS21 the

overall correlation between retrieved SWE and LIDAR snow depth is 0.47 for the entire image, but ranges from ∼ 0.1 at low

coherence to ∼ 0.78 at ρtemp ≈ 0.75. This pattern is consistent across most scenes, underscoring the critical role of temporal

coherence in SWE retrieval: higher coherence enables more reliable phase measurements and, consequently, more accurate

retrievals. Therefore, the impact of different parameters on temporal coherence is evaluated in section 5.1.1.280

Although TU21 exhibits a low overall correlation (0.13), Figure 8(a) (blue dashed line) shows that correlation still rises to

∼ 0.5 in regions with higher temporal coherence. This demonstrates that reliable retrieval is possible even in generally low-

performing sites when coherence is sufficiently high. However, because TU21 has low overall coherence across the scene, we

exclude it from the parameter impact analysis. The exception is RC20, where temporal coherence does not improve retrieval

performance. As discussed previously, this is likely due to frequent melt events and overall low SWE, which degrade retrieval285

accuracy despite coherence levels.

Figure 8(b) illustrates the correlation between retrieved SWE time series and LIDAR snow depth at the end of the time

series. In most sites, correlations are relatively low early in the snow season but increase steadily, reaching near-maximum

values between mid-January and early February, and attaining their highest values at the end of the time series. The fact that

maximum correlation occurs at the LIDAR acquisition date indicates that the relationship is not random; rather, the correlation290

Figure 8. (a) Correlation between retrieved SWE using Sentinel-1 data and LIDAR snow depth versus average of Sentinel-1 temporal

coherence. (b) Correlation between LIDAR snow depth and retrieved total SWE using Sentinel-1 on a specific observation date versus

observation number. Different colors show the different LIDAR scenes.
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strengthens as the retrieval approaches the validation date. This trend also suggests that the primary spatial pattern of snow

accumulation is largely established by February.

Figure 9. Correlation between retrieved SWE using Sentinel-1 data and LIDAR snow depth versus (a) snow depth (b) vegetation height (c)

ground topography (d) ground slope (e) ground aspect. Different colors show the different LIDAR scenes.

Figures 9(a–e) illustrate the influence of snow depth, vegetation height, ground topography, slope, and aspect on the cor-

relation between retrieved SWE and LIDAR snow depth. Different colors represent different LIDAR sites. Vegetation height

data are only available for the QSI LIDAR products. As shown in Figure 9(a), total snow depth has little effect on retrieval295

performance. In contrast, Figure 9(b) demonstrates that correlation decreases with increasing vegetation height, likely because

vegetation obscures the snowpack and reduces retrieval accuracy. However, retrievals may remain reliable even in areas with

tall vegetation, possibly due to canopy gaps or snow accumulation on top of the canopy. Correlation tends to increase with

ground elevation within each site (Figure 9c). However, this relationship is local rather than global; there is no specific el-

evation threshold beyond which performance improves uniformly. Instead, within a given site, higher elevations generally300

correspond to colder conditions, leading to drier snow and thus more reliable retrieval.

As shown in Figure 9(d), correlation generally decreases with increasing ground slope, except in RC20 and ME21. Steeper

slopes are expected to promote snow displacement, reducing temporal coherence and retrieval performance. However, RC20

and ME21 have relatively shallow snowpacks, which may limit downslope snow movement and explain the lack of slope
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dependence. Figure 9(e) shows that correlation is highest (except in RC20 and ME21) for aspect angles near 90◦ , corresponding305

to east-facing slopes. A possible explanation is that these slopes receive sunlight earlier in the day, when temperatures are lower,

thereby minimizing melt compared to west-facing slopes that receive afternoon sun under warmer conditions. In contrast, RC20

and ME21 exhibit consistently low correlations across all aspect angles, consistent with their shallow snowpack and warmer

temperatures.

5.1.1 Impact of Different Parameters on INSAR Temporal Coherence Using LIDAR Data310

As discussed in Section 5.1, temporal coherence plays a critical role in SWE retrieval. To further investigate this, we evaluate the

influence of different environmental parameters on temporal coherence over the LIDAR scenes. Since retrieval performance is

very poor with 12-day repeat Sentinel-1 data, Section 5.1 considered only 6-day repeat acquisitions. Here, we assess parameter

impacts separately for 6-day and 12-day repeat data.

Figure 10. Average of Sentinel-1 temporal coherence versus (a) snow depth (b) vegetation height (c) ground topography (d) ground slope

(e) ground aspect. Different colors show the different LIDAR scenes.

Figure 10(a–e) illustrates the effects of snow depth, vegetation height, elevation, slope, and aspect on Sentinel-1 temporal315

coherence, with different colors representing different LIDAR sites. The Sentinel-1 temporal coherence values shown in Fig-

ures 10(a–e) are derived from 6-day repeat acquisitions. As shown in Figure 10(a), increasing snow depth generally reduces
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temporal coherence, except at the MC site. Deeper snow typically introduces more movement and structural change, lowering

coherence. The anomalous behavior at MC remains unexplained. Notably, snow depth influences temporal coherence, whereas

it showed little effect on correlation with LIDAR in Figure 9(a).320

Figure 10(b) shows that temporal coherence decreases with increasing vegetation height, likely due to motion of leaves and

branches. The impact of vegetation is stronger for temporal coherence than for correlation (cf. Figure 9b). Temporal coherence

also tends to decrease with elevation within individual sites (Figure 10c). This relationship is site-specific rather than global:

higher elevations often correspond to greater snow depth variability and wind exposure, which reduce coherence. Interestingly,

topography exerts opposite effects on correlation and temporal coherence (Figures 9c and 10c): higher elevations improve325

retrieval accuracy (drier snow) but reduce temporal coherence (increased snow depth change and wind).

As shown in Figure 10(d), coherence generally decreases with slope, consistent with the expectation that steeper terrain

promotes snow displacement and reduces stability. RC20 and ME21 are exceptions, likely due to their shallow snowpacks,

which limit slope-induced snow movement.

Aspect also plays an important role (Figure 10e). Coherence is generally highest (except in ME21 and TU21) for east-facing330

slopes (∼ 90◦) and lowest for west-facing slopes (∼ 270◦). A possible explanation is that east-facing slopes receive sunlight

earlier in the day, under colder conditions, which minimizes melt compared to west-facing slopes that experience warmer

afternoon temperatures. By contrast, ME21 and TU21 show the opposite pattern, with higher coherence on west-facing slopes,

possibly due to site-specific wind effects.

Figure 11(a–d) illustrates the influence of snow depth, elevation, slope, and aspect on Sentinel-1 temporal coherence using335

12-day repeat data. The overall parameter dependencies are consistent with those observed for the 6-day repeat case (Figure

10). However, coherence values are systematically lower for 12-day intervals, indicating that longer revisit times degrade

temporal coherence even though the relative effects of the parameters remain similar.

5.2 Impact of Different Parameters on Retrieved SWE Using SNOTEL Data

In this section, we examine how different parameters affect the correlation between Sentinel-1–retrieved and SNOTEL ∆SWE340

using 6-day repeat acquisitions. We also assess the influence of these parameters on Sentinel-1 temporal coherence.

Figures 12(a–c) illustrate the effects of temporal coherence, temperature, and ∆SWE on the correlation between retrieved

and SNOTEL ∆SWE, with different colors representing individual Sentinel-1 frames. For each frame in Figure 1(b), we use

the full time series of parameters and calculate the correlation for each subcategory. For example, in Figure 1(b) the correlation

between retrieved and SNOTEL ∆SWE is about 0.9 for all SNOTEL observations within the temperature range −15◦C to345

−10◦C in (p71,f444).

Figure 12(a) shows that the correlation between retrieved and SNOTEL ∆SWE increases with temporal coherence for

(p71,f444), but decreases for (p71,f450) and (p42,f461). This differs from the pattern observed in Figure 8(a) for correlations

between total SWE and LIDAR snow depth. One possible explanation is that the error in choice of reference point affects

∆SWE comparison from different dates but not total SWE retrieval. Another explanation could be that higher temporal350

coherence often corresponds to smaller ∆SWE, and retrieval performance may degrade when SWE changes are small.
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Figure 11. Average of Sentinel-1 temporal coherence versus (a) snow depth (b) ground topography (c) ground slope (d) ground aspect.

Different colors show the different LIDAR scenes.
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As expected, higher temperatures reduce retrieval performance, as shown in Figure 12(b). Warmer conditions promote melt,

which lowers the correlation between retrieved and SNOTEL ∆SWE, consistent with the behavior reported in (Ruiz et al.,

2022). In contrast, the magnitude of SWE change does not significantly impact correlation, as shown in Figure 12(c).

We also evaluate the influence of temperature and SWE change on temporal coherence using SNOTEL data. Figures 13(a)355

and 13(b) show that temporal coherence decreases with increasing temperature and with larger ∆SWE. Higher temperatures

Figure 12. Correlation between retrieved ∆SWE using Sentinel-1 data and SNOTEL ∆SWE versus (a) Sentinel-1 temporal coherence (b)

Temperature (C) (c) ∆SWE.

Figure 13. Average of Sentinel-1 temporal coherence versus (a) temperature (C) (b) ∆SWE.
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make the snow wetter and increase particle motion, reducing coherence. Similarly, larger SWE changes are often accompanied

by strong winds and substantial modifications to the scattering medium, which also degrade temporal coherence.

0

6 Conclusions360

This study evaluated the performance of Sentinel-1 repeat-pass interferometry for estimating snow water equivalent (SWE)

across multiple SnowEx sites using coincident airborne LIDAR and SNOTEL datasets. Results confirm that the 6-day Sentinel-

1 acquisitions coordinated with the SnowEx campaign substantially enhance temporal coherence and improve SWE retrieval

performance relative to the standard 12-day repeat. The correlation between Sentinel-1-retrieved SWE and LIDAR snow depth

ranges from 0.42 to 0.66 across sites, with the strongest agreement observed in cold, dry regions exhibiting stable snowpacks.365

Similarly, correlations between retrieved and SNOTEL SWE change reach 0.81, with corresponding RMSE values below 1 cm.

Our analysis demonstrates that temporal coherence exerts the strongest influence on retrieval accuracy. Coherence decreases

with increasing snow depth, slope, vegetation height, temperature, and SWE change, indicating that snow metamorphism,

melt events, and surface motion are primary sources of decorrelation. Reliable retrievals are achieved primarily under cold,

dry-snow conditions and in relatively flat, sparsely vegetated terrain. While 12-day revisit intervals result in severe coherence370

loss, the 6-day repeat provides sufficient temporal stability for C-band SWE retrieval in many mountain environments. These

findings validate the feasibility of C-band InSAR for quantitative SWE mapping and provide insight into the environmental

and observational constraints governing retrieval performance. The framework and analyses developed here directly inform the

application of upcoming L- and S-band missions such as NISAR, which will extend InSAR-based SWE retrievals to global

scales with improved coherence and temporal sampling.375
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