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ABSTRACT 

 

COMPARING SNOTEL SOIL MOISTURE PULSE AND SENTINEL-1 ESTIMATES OF 

SNOWMELT RUNOFF TIMING ACROSS THE WESTERN U.S.: IMPLICATIONS FOR 

RADAR REMOTE SENSING  

 

Satellite-based synthetic aperture radars (SAR) have been used to assess and quantify 

snowmelt across large spatial and temporal scales. Recent studies have utilized Sentinel-1 SAR 

to identify snowmelt runoff onset in high-elevation and variable terrain based on the seasonal 

minimum backscatter received by the sensor, however, C-band SAR sensitivity to physical 

changes in snowpack conditions across varying climatic regimes warrants further investigation. 

In this study, I integrated repeat field measurements, 260 SNow TELemetry (SNOTEL) stations 

across the western U.S., and paired Sentinel-1 SAR estimates of runoff generation to 1) assess 

how snowpack conditions evolved prior to and after Sentinel-1 SAR-derived runoff generation, 

and 2) evaluate Sentinel-1 SAR estimates of runoff generation with SNOTEL-derived estimates 

of melt output via soil moisture “pulses”. I found that SNOTEL soil moisture pulses preceded 

Sentinel-1 SAR estimates of snowmelt runoff onset by a median 3 days (± standard deviation 

25.3 days) and post-dated peak SWE by a median of 3 days (± standard deviation 18.2 days). 

Pulse dates occur latest at SNOTEL stations in maritime snowpacks and earliest in montane 

forests/prairie snowpacks. SNOTEL densities and number of positive degree days (PDD) on soil 

moisture pulse day of year (DOY) increased with latitude and longitude and decreased with 

elevation. Satellite-based estimates of melt onset provide a promising methodology for 

improving spaceborne retrievals of SWE, but my research emphasizes the importance and 
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influence of local climatological conditions on runoff onset signal quality for both in-situ and 

satellite-based estimates. 
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1. INTRODUCTION 

1.1 Seasonal Snow Climatology Across the Western U.S. 

Snow plays an integral role in the Earth’s ecologic, hydrologic, and climate systems 

(Barnett et al., 2005; Campbell et al., 2005; Cohen & Entekhabi, 2001; Vavrus, 2007). In the 

northern hemisphere, snow occupies up to 63% of the land surface at its maximum extent (Barry 

& Gan, 2022; Hammond et al., 2018), and has a high albedo (reflectivity), with fresh snow 

reflecting 80–90% of incoming solar radiation (Warren, 1982). The significant spatial extent of 

snow cover combined with the highly reflective nature of snow are important for both regional 

and global climates (Déry & Brown, 2007; Groisman et al., 1994; Robock, 1983). Across the 

globe, mountainous regions serve as natural water towers (Immerzeel et al., 2020; Sarmiento, 

2022; Viviroli et al., 2007), with mountain snowpacks contributing to 32% of global discharge 

(Meybeck et al., 2001) and providing critical water resources to ~1.2 billion people (Barnett et 

al., 2005). In North America alone, mountains account for approximately 25% of land area and 

contain ~60% of the continent’s seasonal snow (Wrzesien et al., 2018).  

Across the western U.S. snow accumulation and associated physical properties are highly 

variable, reflecting different winter precipitation patterns and characteristics. In maritime regions 

along the western coastline, accumulation patterns are dictated by wintertime atmospheric rivers 

that result in large magnitude snowfall events over short periods of time (Guan et al., 2010; 

Neiman et al., 2008). Conversely, snow accumulation in continental regions in the country’s 

interior is dominated by low precipitation intensity frontal storms and colder air temperatures, 

resulting in long accumulation seasons (~months for mountains of Colorado) (Serreze et al., 

1999; Trujillo & Molotch, 2014). As snow accumulates, it continues to undergo changes, 

metamorphosing and densifying as the season goes on (Seibert et al., 2021; Zhao et al., 2023) 
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and undergoes three general phases of melting (Dingman, 2015): moistening, ripening, and 

runoff (Figure 1). In the initial moistening phase, air temperatures and solar radiation increase, 

and surface layers of the snowpack begin to melt. The following ripening phase begins when 

maximum pore retention capacity is exceeded, caused by repeated cycles of melting and 

refreezing, and the snowpack becomes isothermal (Colbeck, 1977; Kattelmann & Dozier, 1999). 

At this point, when no additional liquid water can be retained, the snowpack begins to output 

melt and the runoff phase begins (Garvelmann et al., 2013; Revuelto et al., 2016). Current 

warming trends are predicted to result in earlier melt seasons (Barnett et al., 2005; Bales et al. 

2006) and altered streamflow timing (Clow, 2010), and significantly decrease mountain 

snowpacks (Siirila-Woodburn et al., 2021). Water stored in the snowpack, or snow water 

equivalent (SWE), provides crucial resources for ecosystem health, and agricultural, 

hydroelectric, and outdoor recreation industries (Leathers et al., 2024; Marshall & Chen, 2022; 

Nolin & Daly, 2006; Qin et al., 2020).  
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Figure 1: Example schematic of the temporal evolution of three phases of snowmelt 
(moistening, ripening, runoff) with SWE (cm), snow depth (cm), and snow density (kg m-3) 
using data from 2023–2024 at the Hoosier Pass SNOTEL station located in Summit County, CO.  

 

1.2 Snow Measurement and Observational Methods 

Obtaining ground-based measurements of the snowpack throughout the accumulation and 

melt season are important for understanding snowpack conditions and evolution, as both snow 

accumulation and melt vary spatially and temporally depending on local climatological and 

topographic forcings (López-Moreno et al., 2013; Revuelto et al., 2014; Trujillo et al., 2007). 

Many options for ground-based measurements exist, and each has its own share of advantages 

and disadvantages. In-situ measurements made via snowpits (Figure 2) using handheld, portable 

sensors and tools provide accurate observations of snow depth, temperature, density, 

permittivity, grain size, hardness, wetness, and SWE for individual snow layers instead of a 

single bulk measurement at dispersed point locations throughout a given study area (Kinar & 

Pomeroy, 2015). Manual measurements of depth and SWE can also be collected along a survey 



4 
 

transect to cover a larger area (Kinar & Pomeroy, 2015), including snow course surveys 

conducted by the Natural Resources Conservation Service (NRCS) (or other agencies), which 

consist of repeated measurements of SWE and snow depths taken at pre-determined locations, 

either coincident with automated stations or stand-alone in remote locations (Osterhuber, 2014). 

Both snowpit and depth/SWE transects are snapshots of the snowpack state at their time of 

measurement.  

 

Figure 2: Manually measuring snow density, depth, temperature, permittivity, grain size, 
hardness, wetness, and SWE for individual snow layers within a snowpit during the 2024 melt 
season. 

 

Time-lapse photography has also been used to monitor snow depth and snow cover in 

remote locations on a continuous time scale (Garvelmann et al., 2013; Revuelto et al., 2016). 

Automated station networks, like the SNOw TELemetry (SNOTEL) network, which comprises 

over 900 stations across the western U.S. (Figure 3), provide continuous, dispersed point, bulk 

measurements of snow and meteorological conditions in remote and high elevation regions with 



5 
 

persistent snowpacks on a daily/hourly basis. However, interpolation between stations is required 

to estimate SWE, amongst other metrics, over a larger spatial scale, introducing various 

challenges and inaccuracies. 

 

Figure 3: A) Map showing the extent of the SNOTEL station network across the western U.S. B) 
System architecture of a typical SNOTEL station designed to collect snowpack and related 
meteorological data. Photo courtesy of the NRCS. 

 

1.3 Snow Modeling Approaches 

Snow modeling approaches provide valuable snow cover and snow evolution estimates 

over larger spatial scales using automated station networks and existing field and precipitation 

data. Empirical snow models, like the degree-day model (Oerlemans, 1989; Rango & Martinec, 

1995) use simple, statistically-based relationships with air temperature as the primary input. 

Conversely, physically based snow models are more complex and consider all energy flux 

exchanges at the snow surface. Both iSnobal and SnowModel are examples of complex, 

physically based modeling approaches that have been widely used across the western U.S. 
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(Hammond et al., 2023; Hedrick et al., 2018; Kumar et al., 2013; Meyer et al., 2023; Mower et 

al., 2024; Sourp et al., 2025). The iSnobal model simulates snowpack evolution by resolving 

both energy and mass balance fluxes for a given snowpack and timeseries, computing melt when 

accumulated energy exceeds the cold content of the snowpack (Marks et al., 1999; Meyer et al., 

2023). SnowModel also simulates snowpack evolution, instead using four submodels to 

incorporate meteorological forcing, surface energy fluxes, snow depth/SWE/density changes, 

and snow redistribution by wind (Liston & Elder, 2006).  

In addition to models, data assimilation products combine data from various sources, 

including spaceborne observations and ground-based measurements, with models to improve 

estimates of SWE, snow depth, and snow cover. SNODAS is one of these products, which 

provides daily estimates of snow cover, depth, SWE, and additional parameters in support of 

hydrologic modeling and analyses (Carroll et al., 2001). Similarly, the University of Arizona 

(UA) SWE gridded dataset provides daily SWE and snow depth estimates over the U.S. at a 4 

km scale using assimilations of the SNOTEL and Nation Weather Service’s Cooperative 

Observer Program (COOP) data (Broxton et al., 2016; Zeng et al., 2018). With multiple 

modeling and data assimilation products available, in addition to automated stations and 

spaceborne observations, methods for estimating snowpack evolution do not operate in isolation 

– the combination of a variety of methodologies is key to achieving the most accurate estimates 

of snowpack conditions that exhibit high degrees of spatial heterogeneity, especially in complex 

terrain environments. 

 

1.4 Impacts of a Changing Climate on Seasonal Snowpacks 
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Snow serves as a vital hydrologic resource for both ecosystems and human populations 

throughout the western U.S. and across the world. Warming atmospheric temperatures and 

changing precipitation patterns due to climate change are altering the magnitude and timing of 

snow accumulation and melt. Since 1955, April 1 snow water equivalent (SWE) has declined at 

90% of snow monitoring stations in the western U.S., accounting for a total loss of 15–30% 

(Mote et al., 2018). Current warming trends are predicted to significantly decrease mountain 

snowpacks this century and alter mountainous environments and ecosystems (Figure 4). 

Reduction in snow cover increases the surface area exposed to solar radiation, decreasing albedo 

and enhancing sensible heat flux, contributing to up to 2–4°C to future warming (Diro & 

Sushama, 2020; Liu et al., 2024). Streamflow is expected to decrease (Berghuijs et al., 2014) as 

temperatures rise, with winter precipitation more likely to shift from snow to rain (Kiewiet et al., 

2022; Newton et al., 2021; Stewart, 2009). This phase change in future precipitation can result in 

less diffuse groundwater recharge in mountainous regions and a reduction in water storage 

(Earman et al., 2006; Meixner et al., 2016). Rising temperatures, combined with changing water 

availability due to snowpack loss, elevate evaporative demand (Condon et al., 2020; Hamlet et 

al., 2007) and can lead to changes in soil moisture regimes and ecosystem biodiversity 

(Blankinship et al., 2014; Wang et al., 2018). 
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Figure 4:  A) Schematic showing the physical and biological processes in mountain systems 
with seasonal snowpacks, and B) shifts in the physical and biological processes in mountain 
systems under future projections of decreasing mountain snowpacks. Figure from Siirla-
Woodburn et al. (2021). 

 

As a result of warmer temperatures, mid-winter melt is becoming more frequent 

(Musselman et al., 2021) and peak SWE timing has shifted eight days earlier per degree of 

warming (Kapnick & Hall, 2010), with SWE decline across the western U.S. projected to be 

~25% ± 5% by 2050, ~35% ± 10% by 2075, and ~50% ± 10% by 2100 (Siirila-Woodburn et al., 

2021). The loss of mountain snowpacks and decreasing SWE has and will result in earlier melt 

seasons (Barnett et al., 2005; Bales et al. 2006), and an earlier shift in streamflow timing on the 

order of weeks (Cayan et al., 2001; McCabe & Clark, 2005; Uzun et al., 2021). Altered 

streamflow and decreasing snowfall will cause reverberations in western U.S. hydrologic cycle 

and resources, as snowmelt is responsible for 53% of total runoff, accounting for 70% of total 

runoff in mountainous regions, and is expected to significantly decline by 2100 (Li et al., 2017). 

This cascade of effects, coupled with increased population growth in the western U.S., has 
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serious implications for the allocation and management of water resources as the climate 

continues to warm (Livneh & Badger, 2020; Stewart et al., 2004; Sturm et al., 2017), as the 

majority of the region's water supply is supported by snowmelt, especially in semi-arid basins (Li 

et al., 2017). Given the trajectory of warming trends and projected changes in snowmelt timing 

and decrease in snowpack storage, the ability to quantify SWE at high spatiotemporal scales 

across the globe is critical (Space Studies Board et al., 2019).   

 

1.5 Snow Remote Sensing Methods 

Many remote sensing methodologies are well-suited for the measurement of snow and 

SWE over larger spatial extents than station networks (Nolin, 2010). Optical remote sensing 

methods using sensors such as Landsat are useful in mapping the presence or absence of snow 

but are hindered by cloud and tree canopy cover (Klein et al., 1998; Nolin, 2010; Rittger et al., 

2020). While passive microwave remote sensing platforms are able to measure SWE while 

penetrating canopy cover and atmospheric conditions on large spatial and temporal scales, the 

coarse spatial resolution of the large image footprint (km-scale) poses difficulties in making 

precise measurements (Foster et al., 2005), especially over heterogeneous terrain characteristic of 

mountainous regions (Awasthi & Varade, 2021). Airborne LiDAR can be used to measure snow 

depths at high spatial resolution (cm-scale) and accuracy (Deems et al., 2013; Painter et al., 

2016) but can be cost-prohibitive at large spatial scales. Despite costs, Airborne Snow 

Observatories, Inc. (ASO) is using paired airborne LiDAR and imaging spectrometers to 

measure snow depth, albedo, and SWE across large river basins in the western U.S. The ASO 

works closely with the Colorado Airborne Snowpack Measurement (CASM) group, which is 
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working towards conducting regular ASO flights over the state of Colorado to provide improved 

streamflow forecasting.  

Radar remote sensing is a promising approach for the estimation of snowmelt, wet snow 

conditions, snow depth, and SWE across large spatial and temporal scales. Synthetic aperture 

radar (SAR)-based methods are unique because microwave energy can penetrate clouds and 

depending on the frequency, canopy cover (Tsang et al., 2022). The Sentinel-1 constellation 

operated by the European Space Agency (ESA) carries C-band (5.405 GHz, ~5.55 cm 

wavelength) SAR and has been utilized to detect wet snow conditions based on backscatter 

change detection (Lund et al., 2022, 2023; Nagler et al., 2016), and to identify snowmelt runoff 

onset dates based on the seasonal minimum backscatter received by the sensor (Darychuk et al., 

2023; Gagliano et al., 2023; Gao & Ma, 2024; Marin et al., 2020). In dry snowpacks, the primary 

source of backscatter is the interface between the snow and the ground, whereas in wet 

snowpacks the source of backscatter depends heavily on the amount and location of liquid water 

content (LWC) (Guneriussen et al., 2000; Jiancheng Shi & Dozier, 1995), as increased wetness 

causes high dielectric loss and reduced penetration depth of the radar signal (Matzler, 1987). 

Marin et al. (2020) and Gagliano et al. (2023) postulated that backscattered energy begins to 

decrease as the snowpack begins to contain water during the moistening and ripening phases, 

reaching a minimum when the snowpack becomes isothermal and saturated, causing runoff to 

begin, before increasing again when SWE begins to decrease (Dingman, 2015; Marin et al., 

2020).  

Recent developments have also shown that C- and L-band InSAR can be used to measure 

SWE over large areas and is similarly not hindered by cloud cover like other optical imaging 

methods (Bonnell et al., 2024; Oveisgharan et al., 2024; Palomaki & Sproles, 2023; Tarricone et 
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al., 2023). With the launch of the NASA-ISRO SAR mission (NISAR) anticipated in 2025, L-

band InSAR products will become publicly available at global scales, which is an exciting 

opportunity for the remote sensing of the cryosphere and snow-covered regions of the globe. 

Although promising, this methodology is highly sensitive to the presence of LWC in the 

snowpack during the melt season. The presence of LWC in the snowpack slows radar wave 

velocity given the high dielectric permittivity of water relative to dry snow and ice (Bradford et 

al., 2009), which can lead to inaccurate estimates of SWE (Bonnell et al., 2021). Thus, further 

investigation of the backscattered radar signal as it relates to the timing of the snowmelt season is 

necessary to further refine the applications of InSAR SWE retrievals. 

 

1.6 Study Objectives 

In this thesis, I integrate field measurements, automated stations, and Sentinel-1 estimates 

of snowmelt runoff onset to address two key questions: 1) How do snowpack characteristics 

(e.g., density, permittivity, temperature) evolve prior to and after Sentinel-1 SAR-derived 

snowmelt runoff onset? and 2) What is the temporal lag between Sentinel-1 SAR-derived 

estimates of snowmelt runoff onset and SNOTEL-derived estimates of melt output via soil 

moisture “pulses”? The comparison between ground-based measurements of the snowpack and 

spaceborne estimates of melt onset across multiple climatic regions will provide valuable insight 

into the processes leading up to snowmelt runoff onset and contribute to the development of 

more accurate SWE retrievals using radar-based methods. 
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2. METHODS 

I evaluated Sentinel-1 SAR retrievals of backscatter minima with repeated field observations 

collected during the 2024 melt season at five SNOTEL sites. I expanded this study to include 

260 SNOTEL stations spanning 2015–2024 (1,204 station-years) to further assess the timing and 

development of snowmelt across the western U.S. A summary of the methods is provided in 

Figure 5 and further details below. 
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Figure 5: Methods flowchart detailing retrieval and processing workflows of both SNOTEL melt 
output via soil moisture pulse DOY (left) and Sentinel-1 SAR-derived estimates of snowmelt 
runoff onset via backscatter minima (left) for 260 sites. 

 

2.1 Field Methods 

I collected biweekly field observations proximal to five SNOTEL stations in Summit 

County, Colorado, U.S. at varying elevations during the 2024 melt season to evaluate snowpack 

properties. Surveyed SNOTEL sites include Berthoud Summit (CO_335), Fremont Pass 

(CO_485), Grizzly Peak (CO_505), Hoosier Pass (CO_531), and Summit Ranch (CO_802) 

(Figure 6). Following the Sturm & Liston (2021) classifications, the Hoosier Pass and Berthoud 
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Pass sites are located in the boreal forest snow classification, Fremont Pass and Grizzly Peak are 

classified as tundra, and Summit Ranch is classified as montane forest. The Hoosier Pass, 

Berthoud Pass, Fremont Pass, and Grizzly Peak sites are located between 3,442–3,535 m, while 

the lowest elevation site, Summit Ranch, is located at 2,850 m. All sites are on north-facing 

slopes, apart from Hoosier Pass (west-facing) and Summit Ranch (east-facing).  

 

Figure 6: Locations of the five SNOTEL field sites in Summit County, Colorado. 1 km2 Sentinel-
1 SAR retrieval bounding boxes are delineated with black dashed lines in the inset images. 

 

Hoosier Pass served as the control site and snowpack measurements were taken as close 

to the Sentinel-1 SAR overpass time as possible (either 06:00 or 18:00 Mountain Time). Surveys 

coincided with Sentinel-1 overpasses for the 2024 melt season, where snow depth, density, 

temperature, permittivity, and manual wetness were recorded. Snow density was measured in 

two vertical columns using a 1,000 cm3 wedge cutter at 10 cm intervals. Snow temperature was 
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measured in a single vertical column with a digital thermometer with ± 0.5 °C accuracy at 10 cm 

intervals. I compared two permittivity sensors for snowpit observations: A2 WISe sensor 

developed by A2 Photonic Sensors and the SLF Snow Sensor developed by the Swiss Federal 

Institute for Snow and Avalanche Research. Permittivity measurements with both sensors were 

taken in two vertical columns at the midpoint of the 10 cm intervals. I found a close agreement 

between sensor observations (Figure 7) and thus only present the results of the A2 WISe sensor 

in figures.   

 

Figure 7: Scatterplot comparing paired measurements of permittivity using the A2 WISe sensor 
and SLF Snow Sensor during the 2024 melt season at five field sites in Summit County, CO (R2 
= 0.7 and RMSE = 0.29). SLF Snow Sensor measured permittivity was on average 0.12 higher 
than paired A2 WISe measured permittivity. 

 

2.2 SNOTEL Methods 

The SNOTEL network (Fleming et al., 2023) is comprised of over 900 stations across the 

western U.S. that make automated data collection at high elevation watersheds possible and 

accessible through a central database managed by the Natural Resource Conservation Service 
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(NRCS). SNOTEL stations provide hourly point observations of air temperature, precipitation, 

snow depth, and SWE. A subset of SNOTEL stations provide additional observations, including 

soil moisture. I accessed the 354 SNOTEL stations across the western U.S. that report soil 

moisture data from 2015–2024, but used stepwise filtering (see Section 2.3) to reduce to a subset 

of 260 SNOTEL stations (Figure 23) that have valid Sentinel-1 SAR estimates of snowmelt 

runoff onset. These stations range in elevation from 1,073 m to 3,353 m, span 14 Level-3 

ecoregions (U.S. Environmental Protection Agency, 2013), 14 degrees of latitudes, 19 degrees of 

longitudes, and five snow classifications (Sturm & Liston, 2021). In order to facilitate the most 

direct comparison between the SNOTEL observations and Sentinel-1 retrievals, I utilized high-

resolution optical imagery in Google Earth Pro to find more precise locations for these SNOTEL 

stations (median distance offset = 377 m, mean distance offset = 370 ± standard deviation 153 m, 

elevation offset = 9 ± standard deviation 57 m).  

Each of these stations include multiple Stevens Hydraprobe soil moisture sensors at a 

variety of different depths (ranging from 5 to 100 cm where possible), which measures the 

dielectric constant and relative permittivity of the soil to determine moisture content (percent). 

Soil moisture was used as a proxy for snowmelt output at SNOTEL stations. The observed rapid 

increase in soil moisture was defined as the “pulse” associated with meltwater output from the 

snowpack into the soil. I identified the day of year (DOY) on which the first soil moisture pulse 

occurs as the first day on which the 2-day rate of soil moisture change exceeded 1.25 * the 

standard deviation of the rate of change. This method eliminates minor fluctuations and noise in 

the soil moisture timeseries to more correctly identify the first pulse. Pulse dates were restricted 

to occur within 70 days before and 30 days after the date of peak SWE. This window was 

selected based on results from a preliminary analysis of distance between pulse date from date of 
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peak SWE on a subset of SNOTEL stations that found that 95% of pulse dates were within 70 

days before and 30 days after the date of peak SWE. The soil moisture pulse detection algorithm, 

amongst other SNOTEL station data processing tools and scripts can be found in the 

snotelprocessr package (Detre, 2025). All soil moisture pulse dates were visually evaluated and 

manually adjusted to optimize pulse consistency across all observations. Soil moisture pulses 

were assigned grades based on the quality of the pulse. I define Grade 1 pulses as having a 

distinct, single pulse corresponding to a sharp increase in soil moisture, a Grade 2 as a more 

gradual pulse, often associated with a smaller magnitude pulse occurring prior to a larger 

magnitude pulse, a Grade 3 as a low-confidence pulse, where the soil moisture timeseries had 

little to no fluctuation or discernable increase, and Grade 0 as unusable data, when there was too 

much non-real noise in the soil moisture signal or peak SWE < 15 cm (Figure 5) 

For each SNOTEL station, there is a maximum of nine years of overlapping soil moisture 

and Sentinel-1 observations between 2015 and 2024. I define a “station-year” (e.g. station 

CO_531, year 2015 = 1 station year), yielding a total of 2,888 potential station-years. Of the 

potential station-years, 36% (n=846) were Grade 1, 29% (n=683) were Grade 2, 19% (n=434) 

were Grade 3, and 15% (n=925) were Grade 0 and were discarded. For the purposes of this 

research, only Grade 1 and 2 pulses were included in analyses. 

Positive Degree Days (PDD) were calculated for each SNOTEL station-year soil 

moisture pulse DOY by taking the fractional sum of hourly air temperatures greater than 0 °C on 

each day and taking the cumulative sum of those values across the season. The Degree Day 

Model (Wake & Marshall, 2015) is a methodology commonly used in tracking glacier ablation 

and takes into account the amount of energy available for melt and assumes that for each 1°C 

over 0°C, a certain depth of snow will be melted. Similarly, SNOTEL snow density was 
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extracted on each station-year soil moisture pulse DOY and was used with calculated PDD to 

evaluate LWC development and snowpack evolution. 

 

2.3 Sentinel-1 SAR Methods 

The ESA Sentinel-1 mission originally consisted of two C-band SAR satellites (5.405 

GHz) with a spatial resolution of 5 m x 20 m in Interferometric Wide mode with a combined 

orbital repeat pass cycle of ~6 days over the western U.S with descending and ascending 

overpasses at approximately 06:00 and 18:00 local time. Sentinel-1B's sensor ceased working in 

December 2021, leaving Sentinel-1A as the only operational satellite in the constellation until the 

launch of Sentinel-1C in 2025. Thus, from December 2021, the orbital repeat pass cycle 

increased to ~12 days. Some locations are covered by overlapping Sentinel-1 SAR orbital passes, 

decreasing the length of time between acquisitions.  

All available radiometrically terrain corrected (RTC) measurements of backscatter across 

multiple orbital paths were accessed from the Microsoft Planetary Computer using a publicly 

accessible STAC API (Microsoft Open Source, 2022). I adapted open-source code from 

Gagliano (2022) to create an automated workflow (Figure 5) to generate composite snowmelt 

runoff onset DOY rasters for 260 SNOTEL stations across the western U.S between 2015 and 

2024. A 1 km2 bounding box centered around each SNOTEL station was generated with a 

corresponding USGS 3DEP digital elevation model (DEM) at 10 m resolution (United States 

Geological Survey, 2021). The melt season and Sentinel-1 search window were defined as 1 

January through 1 August for years 2015 through 2024 (excluding 2016 due to coverage issues) 
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in order to capture the full extent of the melt season at stations located within a range of 

latitudes. 

I estimated snowmelt runoff onset dates by identifying the median DOY of backscatter 

minima (Darychuk et al., 2023; Gagliano et al., 2023; Marin et al., 2020) for the pixels included 

in the 1 km2 boundary, utilizing multiple polarizations (VV and VH) and both ascending and 

descending passes. Backscatter minima is assumed to occur at the end of the ripening phase and 

the beginning of the runoff phase, when the snowpack has become saturated and isothermal, and 

melt output begins, indicated by a decrease in SWE (Dingman, 2015). It is important to note that 

melt output via SNOTEL soil moisture and melt detected by Sentinel-1 SAR can reflect different 

stages in snowpack evolution. Previous studies (Lund et al., 2022; Manickam & Barros, 2020; 

Nagler et al., 2016) have utilized Sentinel-1 SAR thresholding approaches to detect surface melt. 

I elected to use the backscatter minima approach (e.g., Marin et al., 2022, Gagliano et al., 2023) 

in this study as an estimate of snowmelt runoff onset, as this is most closely aligned with the in-

situ measurements of melt output via SNOTEL soil moisture pulses.  

Pixels containing dense vegetation cover, humanmade structures, and bodies of water 

were masked using the ESA Worldcover v100 land cover classification product at 10 m 

resolution (Zanaga, 2021). Pixels that exceeded ±100 m elevation range from the elevation of the 

SNOTEL station were further masked. To remove early/late season outliers, I defined the period 

for potential melt output as the period between the first and last instance of 50% peak SWE. 

Additional stepwise filtering was applied to remove outliers and determine a consensus 

backscatter minima DOY for each station-year: first, I ensured that each orbital pass contained 

greater than four acquisition dates and the backscatter range was greater than 1.25 dB. To 

capture potential backscatter minima DOY where melt output was possible, only backscatter 
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acquisitions with same-day SNOTEL-measured maximum air temperature > 0 °C were 

considered for the calculation of median backscatter minimum. After applying the series of 

filters for quality assurance, the result was 1,204 station-years with matching SNOTEL soil 

moisture pulse data.  
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3. RESULTS 

3.1 In-Situ Evaluation of Snowmelt Development Throughout the 2024 Melt Season 

Over the course of the 2024 melt season, I surveyed five field sites in Summit County, 

Colorado at varying elevations to assess the temporal evolution of density, temperature, and 

permittivity. The Hoosier Pass site was the control site, with snowpack measurements taken as 

close to the approximate Sentinel-1 SAR overpass time as possible. All snowpit measurements 

were taken during the ascending (approximately 18:00 MST) overpass except for the dry snow 

survey on 2 March, which was taken with the descending (approximately 06:00 MST) overpass. 

Snowpit measurements document increases in permittivity (related to density and LWC 

development) and temperature as the snowpack progresses from dry and cold to wet and 

isothermal (Figure 8). Median permittivity increased from 1.4 (dry snow) to 1.8 from pre- to 

post-soil moisture pulse. Median snowpack temperatures increased from –3.6 °C on the March 2 

(DOY 62) survey to 0 °C by the April 14 survey (DOY 105), indicating that the snowpack was 

isothermal by this date, if not before. The soil moisture pulse at the nearby Hoosier Pass 

SNOTEL station occurred on DOY 105 and lagged approximately 10 days after the first > 0 °C 

air temperature period and preceded peak SWE by 29 days. After the pulse, SNOTEL soil 

moisture increased from approximately 10% to 36% over 3 days (Figure 8a). Average snowpit 

density increased from 285 kg m-3 on March 2 to 462 kg m-3 on 1 June (Figure 8b).  
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Figure 8: SNOTEL and pit observations over the 2024 melt season at Hoosier Pass SNOTEL 
station in Summit County, CO. A) SNOTEL metrics of soil moisture (%, 5 cm depth), SWE 
(cm), and air temperature (average, °C). B) SNOTEL density (kg m-3) plotted with layer-
averaged pit densities (kg m-3) and average pit densities (red). C) Measurements of layer-
averaged pit permittivity using the A2 WISe sensor and D) pit snow temperatures (°C).  

 

Across all five field sites (Figures 8–12), the dry snow surveys (1–2 March) yielded an 

average density of 285 ± 60.7 kg m-3, an average permittivity of 1.3 ± 0.17 (0% vol. LWC), and 

an average snowpack temperature of –3.9 ± 2.8 °C. The final surveys on 1 June yielded an 

average density of 463 ± 38.1 kg m-3, an average permittivity of 2.5 ± 0.54 (3.5% vol. LWC), 

and an average snowpack temperature of 0 °C. Soil moisture pulse dates for the accompanying 

SNOTEL stations at the Hoosier Pass, Berthoud Pass (Figure 9), and Fremont Pass (Figure 10) 

sites were DOY 105, 104, and 116, respectively. All three SNOTEL stations and adjacent 

snowpit measurements are located in meadows and between 3,442–3,535 m in elevation. 
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Figure 9: SNOTEL and pit observations over the 2024 melt season at Berthoud Pass SNOTEL 
station in Summit County, CO. A) SNOTEL metrics of soil moisture (%, 5 cm depth), SWE 
(cm), and air temperature (average, °C). B) SNOTEL density (kg m-3) plotted with pit densities 
(kg m-3) and average pit densities (red). C) Measurements of pit permittivity using the A2 WISe 
sensor and D) pit snow temperatures (°C). 
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Figure 10: SNOTEL and pit observations over the 2024 melt season at Fremont Pass SNOTEL 
station in Summit County, CO. Only one survey (1 March) was conducted at Fremont Pass due 
to challenges related to site accessibility during the winter. A) SNOTEL metrics of soil moisture 
(%, 5 cm depth), SWE (cm), and air temperature (average, °C). B) SNOTEL density (kg m-3) 
plotted with pit densities (kg m-3) and average pit densities (red). C) Measurements of pit 
permittivity using the A2 WISe sensor and D) pit snow temperatures (°C). 

 

 The Grizzly Peak (Figure 11) site (at 3,387 m elevation) had a soil moisture pulse DOY 

of 148 and is located in an area with the densest forest cover of the five field sites. Due to the soil 

moisture timeseries having little to no fluctuation or discernable increase, I was not able to 

confidently detect a soil moisture pulse for the Summit Ranch (Figure 12) site. The Summit 

Ranch site is located within a deciduous forest at 2,850 m, 604 m lower on average than the other 

four field sites. Peak SWE occurred on DOY 95, while field observations showed that the 

snowpack was isothermal by DOY 93 (a minimum of 12 days earlier on average than the other 

field sites), suggesting that the soil moisture pulse date would have been the earliest of the five.  
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Figure 11: SNOTEL and pit observations over the 2024 melt season at Grizzly Peak SNOTEL 
station in Summit County, CO. The gap in field surveys is a result of challenges related to site 
accessibility during the winter. A) SNOTEL metrics of soil moisture (%, 5 cm depth), SWE (cm), 
and air temperature (average, °C). B) SNOTEL density (kg m-3) plotted with pit densities (kg m-

3) and average pit densities (red). C) Measurements of pit permittivity using the A2 WISe sensor 
and D) pit snow temperatures (°C). 
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Figure 12: SNOTEL and pit observations over the 2024 melt season at Summit Ranch SNOTEL 
station in Summit County, CO. A) SNOTEL metrics of soil moisture (%, 5 cm depth), SWE 
(cm), and air temperature (average, °C). B) SNOTEL density (kg m-3) plotted with pit densities 
(kg m-3) and average pit densities (red). C) Measurements of pit permittivity using the A2 WISe 
sensor and D) pit snow temperatures (°C). 

 

3.2 SNOTEL-Derived Estimates of Snowmelt Runoff Onset via Soil Moisture 

The majority (n = 226, 87%) of SNOTEL stations used in this study are between 2,000-

3,500 m in elevation. Stations between 2,000–3,500 m have a median soil moisture pulse DOY 

range of 91–101(1 April – 11 April). Pulse dates occurred latest at SNOTEL stations in maritime 

snowpacks (Figure 13), at an average DOY of 113 (median 116, ± 25 days), followed by boreal 

forest and tundra snow classes, occurring at an average DOY of 103 (median 101, ± 19 days) and 

101 (median 99, ± 26 days), respectively. Pulse dates occurred earliest in montane forests at an 

average DOY of 92 (median 94, ± 19 days) and prairie snowpacks at an average DOY of 96 

(median 95, ± 20 days). I did not observe strong trends related to elevation, latitude, or longitude. 
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Figure 13: SNOTEL soil moisture pulse DOY by A) latitude, B) longitude, C) elevation, and D) 
snow class. 

 

In evaluating the proximity of the SNOTEL soil moisture pulse DOY to peak SWE DOY 

(Figure 14), soil moisture pulses occurred an average of 0.8 ± 18.2 days and a median of three 

days after peak SWE. SNOTEL soil moisture pulses occur at an average of 88% (median 92% of 

peak SWE, standard deviation of ±13%) of peak SWE, which remained fairly consistent across 

all latitudes, longitudes, and elevations (Figure 15) except for the lowest elevation bin (n = 3, 

1,000–1,250 m), which saw soil moisture pulses occur at an average of 84% of peak SWE. The 

tundra snow class reported pulses occurring at the highest percentage of peak SWE at an average 

of 91% (± 12%, median of 94%), while boreal forest, prairie, and montane forest reported pulses 

occurring at averages of 89% (± 10%), 88% (± 13%), and 87% (± 14%) peak SWE, respectively, 

with a median of 92%. The maritime snow class reported the lowest percentage, with an average 

of 85% (±14%) and median of 89% peak SWE. Within the elevation range of (2,000–3,500 m), 

the median peak SWE DOY is between DOY 91 and 111 (1 April – 21 April). 
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Figure 14: Paired A) scatterplot showing the relationship between peak SWE DOY and 
SNOTEL soil moisture pulse DOY (R2 = 0.3, RMSE = 14.0 days), and B) histogram of the 
temporal offset (days) between peak SWE DOY and soil moisture pulse DOY, with 
corresponding cumulative probability curve (blue). Negative values (shaded in red) indicate soil 
moisture pulse DOY post-dates peak SWE DOY, while positive values (shaded in blue) indicate 
soil moisture pulse DOY precedes peak SWE DOY. 

 

 

Figure 15: Percent (%) peak SWE on SNOTEL soil moisture pulse DOY by A) latitude, B) 
longitude, C) elevation, D) snow class. 
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PDD and snow density were evaluated on the soil moisture pulse DOY for each station-

year. For all SNOTEL stations, the median number of PDD on the soil moisture pulse DOY was 

81 (mean = 67 PDD, ± 55 PDD), and the median density was 355 kg m-3 (mean = 364 kg m-3, ± 

73 kg m-3). The median number of PDD on soil moisture pulse DOY decreased as elevation 

increased, with a median of 170 PDD at the lowest elevation (1,000–1,250 m) SNOTEL stations 

and a median of 20 PDD at the highest elevation (3,500–3,750 m) SNOTEL stations (Figure 

16c). The PDD number on soil moisture pulse dates increased to the west and to the north 

(Figure 16a-b). Snow density on soil moisture pulse dates followed a similar pattern, with higher 

elevation SNOTEL stations seeing lower median densities (319 kg m-3) than low elevation 

SNOTEL sites (444 kg m-3). Median densities similarly increased to the west and north (Figure 

17a-b). Stations in the northernmost latitude (48–49°) had a median density of 466 kg m-3, while 

those in southernmost latitude (35–36°) had a median density of 319 kg m-3. Stations in 

easternmost longitude (-105°; continental climate) had a median density of 316 kg m-3, while 

stations located in the westernmost longitude (-123°; maritime climate) had a median density of 

437 kg m-3. SNOTEL stations within the maritime snow class exhibited the highest median PDD 

(Figure 16d) and densities (Figure 17d) with 135 and 480 kg m-3, respectively. Prairie (364 kg m-

3, 65 PDD), montane forest (349 kg m-3, 67 PDD), boreal forest (341 kg m-3, 46 PDD), and 

tundra (314 kg m-3, 23 PDD) snow classes had lower median densities and PDD on soil moisture 

pulse DOY. 
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Figure 16: Median PDD on SNOTEL soil moisture pulse DOY by A) latitude, B) longitude, C) 
elevation, D) snow class.  

 

 

Figure 17: Median density (kg m-3) on SNOTEL soil moisture pulse DOY by A) latitude, B) 
longitude, C) elevation, D) snow class.  
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3.3 Sentinel-1 SAR-Derived Estimates of Snowmelt Runoff Onset 

Sentinel-1 SAR snowmelt runoff onset occurred an average of 0.76 ± 25.3 days and a 

median of 3 days after SNOTEL soil moisture pulses (Figure 18), which, to add context, 

improved from an average of 2.2 days with the original unfiltered data (Figure 19). The range of 

median temporal offset between Sentinel-1 SAR melt output and SNOTEL soil moisture pulses 

was within 3 days for SNOTEL stations at elevations between 1,250–3,000 m, whereas higher 

elevation (3,000–3,750 m) and the lowest elevation (1,000–1,250 m) stations exhibited an overall 

range in median temporal offset of 7–20 days, and 8 days, respectively (Figure 20).  

 

 

Figure 18: A) Scatterplot showing the relationship between Sentinel-1 SAR estimate of 

snowmelt runoff onset DOY and SNOTEL soil moisture pulse DOY (R2 = 0.2, RMSE = 18.4 

days), and B) histogram of the temporal offset (days) between Sentinel-1 SAR estimate of 

snowmelt runoff onset DOY and soil moisture pulse DOY, with corresponding cumulative 

probability curve (blue). Negative values (shaded in red) indicate soil moisture pulse DOY post-

dates Sentinel-1 SAR estimate of snowmelt runoff onset DOY, while positive values (shaded in 

blue) indicate soil moisture pulse DOY precedes Sentinel-1 SAR estimate of snowmelt runoff 

onset DOY. 
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Figure 19: Sentinel-1 snowmelt runoff onset DOY plotted against SNOTEL soil moisture pulse 

DOY, showing the difference between the original, unfiltered dataset (red) and the filtered 

dataset (black). Temporal offset between SNOTEL soil moisture pulses and Sentinel-1 SAR 

estimates of snowmelt runoff onset improved from an average of -2.2 (median = 2, standard 

deviation = 26.1) with the original unfiltered data, to an average of 0.76 (median = 3, standard 

deviation = 25.29) with the filtered dataset. 

 

 

Figure 20: Temporal offset between Sentinel-1 SAR estimates of snowmelt runoff onset DOY 
and SNOTEL soil moisture pulse DOY, binned by A) elevation and B) snow class. Temporal 
offset was calculated by subtracting SNOTEL soil moisture pulse DOY from Sentinel-1 SAR 
estimates of snowmelt runoff onset DOY, negative values indicate Sentinel-1 SAR estimate of 
snowmelt runoff onset DOY precedes SNOTEL soil moisture pulse DOY, while positive values 
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indicate SNOTEL soil moisture pulse DOY precedes Sentinel-1 SAR estimate of snowmelt 
runoff onset DOY. 

 

For elevations between 2,250–3,750 m, SNOTEL soil moisture pulses preceded Sentinel-

1 SAR snowmelt runoff onset. SNOTEL stations between 1,250–2,250 m varied in reporting 

SNOTEL soil moisture pulses preceding and post-dating Sentinel-1 SAR snowmelt runoff onset, 

but the total range of median temporal offset was within 1–3 days. Stations located at the lowest 

elevation (1,000–1,250 m) saw SNOTEL soil moisture pulses post-date Sentinel-1 SAR 

snowmelt runoff onset. In comparing the offset between ascending (evening) and descending 

passes (morning), in 34% of cases ascending passes occurred first, whereas in 31% of cases 

descending passes occurred first (no available comparison for remaining 35%). I did not observe 

any significant differences in snowmelt runoff onset timing between the descending and 

ascending Sentinel-1 overpasses (Figure 21).  

 

Figure 21: No significant diurnal differences in snowmelt runoff onset timing between 

descending and ascending passes were observed.  
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In comparison to peak SWE DOY, Sentinel-1 SAR snowmelt runoff onset occurred an 

average of 1.5 ± 24.1 days and a median of 6 days later (Figure 22). All elevation bins with the 

exception of 1,000–1,250 m reported SNOTEL peak SWE DOY preceding Sentinel-1 SAR 

snowmelt runoff onset DOY. The overall range of median temporal offset between Sentinel-1 

SAR melt output and SNOTEL peak SWE for elevations between 1,500–2,750 m and 3,500–

3,750 m was within 7 days. SNOTEL stations within elevation bin 1,000–1,250 m had a median 

temporal offset of 21 days, reporting SNOTEL peak SWE DOY post-dating Sentinel-1 SAR 

snowmelt runoff onset DOY, while elevation bin 1,250–1,500 m reported a median temporal 

offset of 14 days with SNOTEL peak SWE DOY preceding Sentinel-1 SAR snowmelt runoff 

onset DOY. SNOTEL stations at higher elevations (2,750–3,500 m) had a median temporal 

offset of 8–11 days.  

 

Figure 22: Paired A) scatterplot showing the relationship between Sentinel-1 SAR estimate of 

snowmelt runoff onset DOY and SNOTEL peak SWE DOY (R2 = 0.2, RMSE = 14.9 days), and 

B) histogram of the temporal offset (days) between Sentinel-1 SAR estimate of snowmelt runoff 

onset DOY and SNOTEL peak SWE DOY, with corresponding cumulative probability curve 

(blue). Negative values (shaded in red) indicate SNOTEL peak SWE DOY post-dates Sentinel-1 

SAR estimate of snowmelt runoff onset DOY, while positive values (shaded in blue) indicate 

SNOTEL peak SWE DOY precedes Sentinel-1 SAR estimate of snowmelt runoff onset DOY. 
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4. DISCUSSION 

4.1 Uncertainty, Limitations of Analyses 

4.1.1 Differences in Spatial Scales 

This study evaluates and compares snowmelt runoff onset at two different spatial scales. 

SNOTEL station-derived snowmelt runoff onset via soil moisture pulse is at the point scale, 

while Sentinel-1 SAR estimates of snowmelt runoff onset are averaged over a 1 km2 area of 

representative pixels to improve the strength of the snow signal. However, the coarseness of the 

1 km2 area smooths small-scale effects that local topography may have on melt progression, 

which act on the snowpack in the vicinity of the SNOTEL station that contributes to melt output 

picked up by the soil moisture sensor. A similar approach is used by Lievens et al. (2019) to 

improve the accuracy of snow depths derived from Sentinel-1. The progression of snowmelt in 

complex mountainous terrain is not homogeneous, as various topographic controls on melt 

distribution, like solar radiation (Cline, 1997; Marks & Dozier, 1992) and spring intra-snowpack 

meltwater flow (Webb et al., 2022) are associated with high degrees of spatial variability. While 

point measurements have been used in the past to estimate the spatial distribution of SWE over 

larger areas (Harshburger et al., 2010; Jörg-Hess et al., 2014), it is important to mention that 

studies have observed significant variability in measurements of SWE and snow depth from the 

point to area scale in the vicinity surrounding SNOTEL stations (Meromy et al., 2013; Molotch 

& Bales, 2005). SNOTEL stations tend to be located in small meadows within flat, forested 

areas, which often fail to fully represent the broader heterogeneity of complex topography in 

mountainous regions, and biases should be considered when using these stations for validation 

(Gleason et al., 2017).  
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4.1.2 Sentinel-1 SAR Orbital Repeat Period 

The Sentinel-1 mission originally was planned as a two-satellite constellation. Sentinel-

1A launched in April 2014 and provided 12-day orbital repeat coverage until the launch of 

Sentinel-1B in April 2016, when the orbital repeat period reduced to 6-days. After the 

decommissioning of Sentinel-1B in August of 2022 after a power issue experienced in December 

of 2021, only Sentinel-1A remained operational. As a result, the orbital repeat period increased 

to approximately 12 days from the same orbital plane for imagery after December 2021, 

decreasing the number of total observations throughout the melt season. Coarsening the temporal 

resolution to almost two weeks between image acquisitions adds substantial temporal 

uncertainty. The increase in soil moisture that is associated with melt output from the snowpack 

and detected by the SNOTEL soil moisture pulse occurs rapidly for most sites and could be 

missed with a 12-day orbital repeat period, with the fastest pulses occurring during a single day, 

although this output is the culmination of snowpack moistening and ripening that occurs over a 

period of days to weeks. Currently, most automated stations do not include LWC nor snow 

temperature observations, but both of these would provide valuable information on snowpack 

evolution leading up to SNOTEL and Sentinel-1 observations of melt output.  

 

4.2 Context Within the Western U.S. 

4.2.1 Quality of SNOTEL Soil Moisture Pulse 

By nature of the measurement approach, the SNOTEL soil moisture observation captures 

the start of the runoff phase, where water is released from the snowpack and into the subsurface. 
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While the pulse indicates the beginning of melt output, it is a snapshot of the endmember state of 

the snowpack and cannot characterize or measure the length of the ripening or runoff phases. 

Preferential flow paths can also develop throughout the snowpack and result in the high spatial 

variability of distribution of liquid water, which could impact the timing and location of melt 

output (Webb et al., 2018, 2022), in addition to the quality of the soil moisture pulse. 

Snowpacks in continental zones had the highest percentages of Grade 1 pulses, with 

Colorado reporting the highest percentage of Grade 1 pulses (74%), along with Wyoming (56%). 

These snowpacks are characterized as cold and dry prior to melt onset (Mock & Birkeland, 2000; 

Trujillo & Molotch, 2014), which is conducive to producing a distinct pulse corresponding to a 

sharp increase in soil moisture as liquid water leaves the snowpack. While Grade 1 pulses were 

found across all elevations except for the lowest (1,000–1,250 m), they accounted for the vast 

majority of pulses in high elevation (2,750–3,750 m) sites, which commonly correspond to 

continental snow regimes (Trujillo & Molotch, 2014).  

Conversely, while Grade 2 and Grade 3 pulses were found across all elevations, both 

were found in greater numbers at lower elevations (1,000–1,500 m). Grade 2 pulses, 

characterized by a more gradual pulse, often associated with a smaller magnitude pulse occurring 

prior to a larger magnitude pulse, were well-distributed throughout the intermountain and 

maritime snow zones. Intermountain snowpacks are typically shallower than those in maritime 

regions and deeper than continental snowpacks, and experience warmer climates than continental 

snowpacks, but are colder in climate compared to maritime regions (Evan & Eisenman, 2021; 

Trujillo & Molotch, 2014). Snowpacks in the maritime zone (California, Oregon, Washington) 

had the highest percentages of Grade 3 pulses (44%), which are characterized by little to no 

fluctuation or discernable increase in the soil moisture timeseries throughout the melt season. 
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Maritime regions experience warmer temperatures and greater precipitation (Gray & Male, 1981; 

Trujillo & Molotch, 2014; Sturm et al., 1995), commonly undergo mid-winter melt (Nolin & 

Daly, 2006; Sproles et al., 2013), and lack cold content compared to colder, drier regions 

(Jennings et al., 2018). Drier snowpacks in continental regions remain below 0 °C throughout the 

winter and early spring and are too cold to contain liquid water, whereas snowpacks in 

intermountain and maritime regimes that are warmer and remain close to isothermal for a longer 

period of time during the melt season can be wet and intermittently output liquid water (Jennings 

et al., 2018; Katz et al., 2023), thus diminishing the clarity of soil moisture pulse signal. As a 

result of intermittent water output into the soil, soil moisture conditions do not exhibit a 

comparably sharp increase indicative of the beginning of the runoff phase, resulting in a Grade 3 

pulse.  

 

4.2.2 Timing of SNOTEL Soil Moisture Pulse 

Soil moisture pulse dates occur latest in snowpacks classified as maritime, which tend to 

accumulate deep (>300 cm SWE) and dense snowpacks (Sturm & Liston, 2021; Trujillo & 

Molotch, 2014), but do not show strong trends related to elevation, suggesting that local 

climatology, terrain features, and vegetation structure have a stronger influence on snowmelt 

runoff onset. Soil moisture pulses occur earliest in montane forest and prairie snowpacks. In 

montane forests, canopy cover and structure combined with intermittent periods of melt and 

refreezing throughout the spring dictate snow distribution and melt (Bonner et al., 2022), 

whereas snowpacks in prairie environments are susceptible to wind redistribution and snow 

cover is more ephemeral (Sturm & Liston, 2021; Webb et al., 2020). In relation to peak SWE, we 

found that SNOTEL soil moisture pulses on average post-dated peak SWE (Figure 5). On 
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average, soil moisture pulses occur at an average of 88% of peak SWE, which is fairly consistent 

across latitudes, longitudes, elevations, and snow classes, though the timing of peak SWE differs 

across latitudes, longitudes, elevations, and snow classes (Figure 23). 

 

Figure 23: Locations of 260 SNOTEL stations across the western U.S. with points colored by A) 
median peak SWE DOY, and B) the difference (days) between the median soil moisture pulse 
DOY and peak SWE DOY. Negative difference (days) indicates the soil moisture pulse precedes 
peak SWE, while positive difference (days) indicates the soil moisture pulse post-dates peak 
SWE. Snow classifications (Sturm & Liston, 2021) are also shown in panel B).  

 

Assessing climatological conditions in which SNOTEL soil moisture pulses occur across 

the western U.S. provides an important frame of reference for conditions that corroborate 

snowmelt runoff onset in varying terrain. We found that both median PDD and densities on 

SNOTEL soil moisture pulse DOY increased to the west and north. Similarly, maritime 

snowpacks experienced the most cumulative PDD and highest median densities on the soil 

moisture pulse DOY. The deeper maritime snowpacks, found in the mountains California and the 

Pacific Northwest, are products of a wet and relatively warmer and higher humidity climate 

(Sturm & Liston, 2021; Trujillo & Molotch, 2014) than intermountain and continental regions 
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and experiences increased and faster rates of compaction and densification (Sturm & Holmgren, 

1998).  

Both median PDD and densities decreased with increasing elevation, showing that snow 

at high elevations is less dense and experiences fewer warm days when it begins to output melt 

than snow at lower elevations, where temperatures are colder relative to low elevations 

(Wetlaufer et al., 2016) and precipitation mainly occurs as snow (Biggs & Whitaker, 2012; Yu et 

al., 2024). Snowpacks in the southern Rocky Mountains were less dense than their northwestern 

maritime counterparts, and experienced fewer cumulative PDD on the soil moisture pulse DOY. 

As the distance from Pacific sources of moisture increases, the snowpack becomes colder, drier, 

and shallower (Mock & Birkeland, 2000), corresponding with lower density snow than maritime 

regions. Boreal forest and tundra snowpacks reported the lowest median densities and fewest 

PDD at higher elevations. Boreal forest and tundra snow typically exist in environments that are 

cold enough to produce stratigraphy with low-density facets and depth hoar that comprise a 

larger proportion of the snowpack (Sturm & Liston, 2021; Zhao et al., 2023), and experience 

slower densification than snowpacks located in warmer and wetter climates (Mizukami & Perica, 

2008; Sturm & Holmgren, 1998). 

 

4.2.3 Timing of Sentinel-1 SAR Estimates of Snowmelt Runoff Onset 

Sentinel-1 estimates of snowmelt runoff onset occurred earliest in snowpacks classified 

as maritime and at lower elevations (1,000–1,250 m). This makes sense, as maritime climates are 

warmer and wetter than those in intermountain regions (Gray & Male, 1981; Trujillo & Molotch, 

2014; Sturm et al., 1995), and warmer temperatures (Hunsaker et al., 2012; Mote et al., 2005; 
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Musselman et al., 2017) and rain-on-snow events (Juras et al., 2021; Morán-Tejeda et al., 2016) 

are more common at lower elevations. Sentinel-1 estimates of snowmelt runoff onset occurred 

latest in snowpacks classified as boreal forest and tundra, where forest canopy structure 

(Metcalfe & Buttle, 1998; Roth & Nolin, 2017; Webb et al., 2020) and wind transport and 

landscape features (Benson & Sturm, 1993; Liston & Sturm, 2002; Pomeroy et al., 2006) dictate 

snow distribution and melt processes, respectively, and at high elevations with colder 

temperatures and precipitation mainly occurring in the form of snow (Biggs & Whitaker, 2012; 

Gagliano et al., 2023; Yu et al., 2024). 

SNOTEL stations between 1,250–3,000 m and within montane forest and prairie snow 

classes reported the lowest temporal offset (median = 3 days) between Sentinel-1 SAR estimates 

of snowmelt runoff onset and SNOTEL soil moisture pulses, which is in part due to the increased 

occurrence of Grade 1 pulses. We found that 68% of Grade 1 pulses occur in montane forests 

and 10% occur in the prairie class. Grade 1 pulses account for 52% of total pulses within the 

montane forest snow class, and 60% of the prairie snow class. In these environments, Sentinel-1 

SAR does a fairly good job of detecting snowmelt runoff onset that has a closely associated, 

distinct physical signal. In locations with a greater temporal offset between SNOTEL soil 

moisture pulses and Sentinel-1 SAR estimates snowmelt runoff onset, automated station 

networks and day-of and hour-of records of SWE, air temperature, and density can help monitor 

melt progression and output, providing context to late or early signals of melt from spaceborne 

platforms (Lund et al., 2022).   

 

4.2.4 Sensitivity of Snowmelt Runoff Onset Signals to Local Climatology 
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We found that SNOTEL soil moisture pulse signal quality and timing is sensitive to both 

local and regional climatologies. Stations located in drier and colder regimes produced a clearer 

and higher quality soil moisture pulse (e.g., Grade 1 pulses), while soil moisture pulses are often 

less distinct in wetter and warmer snow regimes. In the case of Sentinel-1 SAR, when the 

backscatter minimum is reached, the snow is saturated and the signal attenuates (Marin et al., 

2020), meaning that snowmelt onset and runoff begin. Shallower snowpacks are more sensitive 

to diurnal changes in temperature relative to deeper snowpacks (Burns et al., 2014). Our findings 

were consistent with this, as we saw that deeper snowpacks with higher peak SWE often 

correlated with more stable backscatter timeseries and more distinct backscatter minima.  

As an illustration of this interannual variability in SWE and soil moisture pulse, we show 

an example from the Monitor Pass SNOTEL station (CA_633, elevation = 2,533 m) for a low 

snow year (2015; 30% of median peak SWE) and a high snow year (2019; 176% of median peak 

SWE; Figure 24). The low snow year (Figure 24a) has a backscatter timeseries with limited 

variability and no clear minima, while the high snow year (Figure 24b) exhibits multiple orbits 

that each show a clear backscatter decrease before reaching a minimum and subsequently 

increasing again as runoff begins and SWE decreases.  
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Figure 24: Backscatter timeseries for Monitor Pass SNOTEL station (CA_633) showing A) a 
low snow year in 2015 versus B) a high snow year in 2019. Top panels for both A) and B) show 
VV timeseries, while bottom panels show VH timeseries. There were no available VH 
acquisitions for snow year 2015. The grey dotted horizontal line shows SNOTEL air temperature 
at 0 °C. 50% peak SWE represents the period for potential melt output as the period between the 
first and last instance of 50% peak SWE. 

 

4.3 Implications for the Remote Sensing of SWE Using Radar-Based Methods 

4.3.1 Using In-Situ Snowpack Metrics to Inform L-Band SWE Retrievals 
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With the launch of NISAR in 2025, global L-band (1.25 GHz) radar coverage will be 

available at a 12-day repeat interval. L-band InSAR SWE-change retrievals are sensitive to the 

presence of LWC in the snowpack, which slows radar wave velocity given the high dielectric 

permittivity of water relative to dry snow and ice (Bradford et al., 2009) and can lead to 

uncertain estimates of SWE (Bonnell et al., 2021; Roy et al., 2017; Schwank & Naderpour, 

2018). It is important to note that despite spatial and temporal challenges, methods for evaluating 

snowpack conditions do not operate in isolation – the fusion of a variety of methodologies is 

essential to facilitate a greater understanding of snowpack conditions and evolution throughout 

the melt season. Automated stations provide point observations with a wide variety of metrics 

that can be used to inform conditions that corroborate snowmelt development. However, most 

automated stations are not equipped to measure LWC or snow temperature, and more work is 

required to obtain a better understanding of LWC magnitudes and spatial variability throughout 

the melt season via detailed field observations. While the spatial footprint of Sentinel-1 SAR is 

comparatively large, backscatter thresholding approaches can help identify LWC presence in the 

snowpack (Lund et al., 2022; Nagler et al., 2016) on a spatial scale more relevant to NISAR 

snow hydrology applications. Despite the lack of sensitivity of the SNOTEL soil moisture pulse 

and Sentinel-1 SAR backscatter minima methodologies to the earlier moistening and ripening 

phases, we know that once melt output begins and the snowpack becomes saturated, L-band 

retrievals of SWE will not be accurate. Thus, the onset of the runoff phase can be used as a 

spatial and temporal mask for future NISAR SWE retrievals.  

 

4.3.2 L-Band Sensitivity to Local Climatology 
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Understanding the climatological regime of the region being studied by consulting 

existing multi-year records from automated station networks and field observations of air 

temperature, PDD, density, creates a basis for how the snowpack may behave at different points 

throughout the accumulation and melt season. The 12-day repeat interval of NISAR matches the 

current temporal resolution of Sentinel-1, meaning that NISAR retrievals could be subject to 

similar uncertainties and challenges surrounding spatial and temporal resolution, and local and 

regional climatological sensitivity. A NISAR-derived estimate of snowmelt runoff onset using 

the backscatter minima methodology would likely be feasible, as signal attenuation by liquid 

water is dependent on signal frequency (Bradford et al., 2009), which points to L-band having 

better penetration in wet snow conditions than C-band, as the C-band wavelength is more 

sensitive to the formation of ice lenses and melt-freeze crusts (Brangers et al., 2024; Ruiz et al., 

2022). Findings in this study demonstrate that we cannot necessarily assume a snowpack as dry 

or wet depending on the timing of the backscatter minima, SNOTEL soil moisture pulse, or peak 

SWE. To do so would ignore complex and dynamic melt processes and metamorphism that can 

occur within short periods of time in environments of complex terrain and at varying elevations 

(Colbeck, 1982; Laska et al., 2016).  
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5. FUTURE WORK 

Given the trajectory of warming trends and projected changes in snowmelt timing and 

decrease in snowpack storage, the ability to accurately quantify SWE at high spatiotemporal 

scales across the globe is critical. Directly building off of the Sentinel-1 SAR backscatter minima 

approach for detecting snowmelt runoff onset presented in this thesis would be using backscatter 

change detection/thresholding methodologies to identify the presence of LWC in superficial 

layers of the snowpack (Lund et al., 2022; Manickam & Barros, 2020; Nagler et al., 2016). L-

band SWE retrievals are challenged by the presence of LWC in the snowpack, which can occur 

before the runoff phase begins. Pairing snowmelt runoff estimates with estimates of surface layer 

melt via backscatter change detection/thresholding approaches would allow for the creation of a 

temporal window of uncertainty regarding L-band SWE retrievals, where runoff onset would 

indicate low accuracy in SWE retrievals and surface melt events would indicate periods of 

uncertainty in SWE retrievals.  

The field campaign conducted throughout the 2024 melt season in Summit County, 

Colorado at multiple SNOTEL stations with varying elevations and topographical characteristics 

allows for paired analyses with automated stations and Sentinel-1 SAR estimates of snowmelt 

runoff onset that are novel and exciting. Repeated field campaigns in future years following a 

similar methodology would allow for a more robust comparison between estimates of runoff 

onset and snowpack evolution derived from automated stations and spaceborne platforms. 

Including automated stations located within different regions of the western U.S., like maritime 

or intermountain regions, that experience markedly different climatic conditions during the melt 

season than colder and drier Colorado snowpacks would make this comparison richer and lead to 

a broader understanding of snowpack evolution across varying climatic regimes and 
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climatological conditions. Additionally, adapting existing automated station networks to include 

snowpack temperature and LWC sensors would enable a more accurate and detailed assessment 

of melt progression throughout the season and more closely simulate the measurements collected 

manually in snowpits during field surveys, as SNOTEL soil moisture sensors alone do not 

provide metrics of intra-snowpack melt processes. The U.S. Geological Survey (USGS) has 

made significant progress in deploying a new, updated network of meteorological stations called 

the Next Generation Water Observing System (NGWOS) across the western U.S., which 

currently consists of 14 stations distributed throughout the Upper Colorado River Basin (U.S. 

Geological Survey, 2021). The NGWOS stations will include additional metrics, including snow 

temperature and LWC, and presents an exciting opportunity for future analyses once the network 

becomes fully operational.  

  



48 
 

6. CONCLUSION 

In this study, I integrated field measurements, 260 automated stations, and Sentinel-1 

SAR estimates of snowmelt runoff onset to assess how snowpack characteristics evolve prior to 

and after Sentinel-1 SAR-derived snowmelt runoff onset. I developed an algorithm to detect the 

observed rapid increase in soil moisture, defined as the “pulse”, associated with meltwater output 

from the snowpack to the ground surface to serve as a proxy for snowmelt runoff onset at 

SNOTEL stations.  

This research demonstrates that snowmelt runoff onset detected via SNOTEL soil 

moisture pulses post-dates peak SWE by a median of 3 days (± 18.2 days) and occur at 88% 

(median 92%, ± 13%) of peak SWE on average, which remains consistent across all sampled 

latitudes, longitudes, and elevations. When considering the different snow classes, tundra snow 

class pulses occurred at a median 94% peak SWE, boreal forest, montane forest, and prairie 

pulses occurred at a median 92% peak SWE, and maritime pulses occurred at a median 89% 

peak SWE. SNOTEL densities and number of PDD on soil moisture pulse dates increased with 

latitude and longitude and decreased with elevation. Soil moisture pulse dates occurred latest in 

maritime snowpacks, characterized by short accumulation seasons resulting in large 

accumulations of dense snow (Sturm & Liston, 2021; Trujillo & Molotch, 2014) and earliest in 

montane forest/prairie snowpacks, where snow distribution and melt are dictated by canopy 

cover combined with intermittent periods of melt and refreezing throughout the spring, and wind 

distribution and less stable snow cover, respectively. 

Through comparing 260 paired SNOTEL soil moisture pulses and Sentinel-1 SAR 

estimates of snowmelt runoff onset, I found that SNOTEL soil moisture pulses preceded 

Sentinel-1 SAR estimates of snowmelt runoff onset by a median 3 days (± 25.3 days). Sentinel-1 
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estimates of snowmelt runoff onset occurred earliest in snowpacks classified as maritime and at 

lower elevations and latest in snowpacks classified as boreal forest and tundra. SNOTEL stations 

between 1,250–3,000 m and within montane forest and prairie snow classes reported the lowest 

temporal offset (median = 3 days) between Sentinel-1 SAR estimates of snowmelt runoff onset 

and SNOTEL soil moisture pulses. Montane forest and prairie snowpacks both had majority 

Grade 1 pulses, likely contributing to the low temporal offset. In locations with a greater 

temporal offset between SNOTEL soil moisture pulses and Sentinel-1 SAR estimates, automated 

station networks and day-of and hour-of records of SWE, air temperature, and density can help 

monitor melt progression and output, providing context to late or early signals of melt from 

spaceborne platforms.  

For both Sentinel-1 SAR-derived estimates of snowmelt runoff onset and SNOTEL soil 

moisture pulses, I found that local climatological conditions had a strong impact on snowmelt 

runoff onset signal quality and timing. The progression of snowmelt in complex mountainous 

terrain is not homogeneous, as various topographic controls on melt distribution, like solar 

radiation (Cline, 1997; Marks & Dozier, 1992) and spring intra-snowpack meltwater flow (Webb 

et al., 2022) are associated with high degrees of spatial variability. The accuracy of InSAR SWE 

retrievals is highly sensitive to the presence of liquid water, given its high dielectric permittivity 

compared to dry snow, and with the upcoming launch of NISAR, continued research focused on 

snowpack evolution, specifically LWC development and spatial variability, throughout the melt 

season will be required to improve the accuracy of radar-based SWE retrievals. By analyzing 

snowpack conditions leading up to the runoff phase and comparing snowmelt runoff onset 

estimates from SNOTEL stations and Sentinel-1 SAR, my research provides important insights 

into the variability in the progression of snowmelt and timing of the runoff phase across different 
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climatic regimes in the western U.S., which can be used to improve future NISAR SWE 

retrievals. Improving the accuracy of spaceborne SWE retrievals will allow water managers to 

make more informed decisions regarding water resource management given the trajectory of 

warming trends and projected changes in snowmelt timing and decrease in snowpack storage. 
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