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Abstract. Snowmelt runoff onset timing represents a critical hydrological parameter, particularly in mountainous regions 

where seasonal snow serves as a natural reservoir for downstream water resources. Despite this importance, high-resolution 

observations of snowmelt runoff onset across complex terrain are limited, due to challenges from sparse in situ monitoring 10 

networks, intermittent optical remote sensing data, and coarse passive microwave remote sensing data. To address this gap, 

we prepared a global snowmelt runoff onset timing dataset (https://doi.org/10.5281/zenodo.16953614) for the 10-year period 

spanning 2015 to 2024, with 80-meter spatial resolution and 9.25-day average temporal resolution. We created this dataset 

by identifying backscatter minima indicative of empirically associated with runoff onset in a time series of Sentinel-1 C-

band SAR images, with detection constrained by a custom MODIS-derived snow phenology dataset. We validated evaluated 15 

our dataset using in situ snow pillow estimates of runoff onset from 735 1,116 automated weather stations in across the 

Western United States, British Columbia, Norway, and Nepal, finding a median timing difference of -12.0 days and a 

median absolute deviation of 910.0 days. The local agreement between our runoff onset estimates and snow pillow runoff 

onset estimates varies with site-specific variables like forest cover fraction, SWE, and dataset temporal resolution. We 

characterized these dependencies to provide empirically-derived thresholds for quality filtering as well as guidance for 20 

interpretation and use of our products. The dataset includes global annual runoff onset products for each water year, annual 

local temporal resolution products for each water year, and 10-year composites of median runoff onset, median absolute 

deviation, and local temporal resolution. This unique combination of high spatial resolution, global coverage, and decade-

long temporal coverage provides unprecedented detail for the study of snowmelt runoff onset across snow-covered regions. 

Our snowmelt runoff onset dataset enables an improved understanding of mountain hydrological processes and informs 25 

water resource management in snow-dominated watersheds. 

1 Introduction 

Snow plays a crucial role in the global water cycle and climate system, and more than one-sixth of the world’s population 

relies on meltwater from seasonal snow and glaciers (Barnett et al., 2005). This dependence is particularly pronounced in 

mountainous regions, where seasonal snowpack acts as a natural reservoir, storing water as snow in the winter and gradually 30 

https://doi.org/10.5281/zenodo.16953614
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releasing it during spring and summer months. Critically, snowmelt runoff onset marks the beginning of increased water 

availability, initiating the annual hydrologic pulse that sustains downstream ecosystems and human water needs during the 

warmer months (Dingman, 2015). This snowpack-scale process is distinct from basin-scale streamflow generation – the 

streamflow response at basin outlets typically follows snowmelt runoff onset by days to weeks depending on basin 

characteristics such as topography, vegetation, bedrock permeability, groundwater storage capacity, soil moisture conditions,  35 

and hillslope and groundwater travel times (P. D. Brooks et al., 2025; Lowry et al., 2010). 

Beyond its hydrological significance, snowmelt timing also serves as a key indicator of regional climate change, 

potentially manifesting before other environmental indicators (Dudley et al., 2017). As a process,Because snowmelt timing 

is highly sensitive to temperature and precipitation variabilitytions, and shifts in the spatial distribution of snowmelt over 

time provide tangible evidence of changing climate conditions, with heterogeneous trends observed across climatic and 40 

geographic settings worldwide. In recent decades, climate change has driven spatially heterogeneous trends in the timing and 

spatial distribution of global snow accumulation and snowmelt that vary in direction (earlier vs. later) and magnitude across  

climatic and geographic settings (Ismail et al., 2023; Royer et al., 2021; Yang et al., 2022). These changes have far-reaching 

consequences for water security, agricultural productivity, and ecosystem health in snow-dominated regions and beyond 

(Qin et al., 2022).  45 

Traditional snowmelt monitoring methods for monitoring snowmelt, such as as in situ measurements from snow 

courses and snow pillows (Cowherd et al., 2024; Lundquist et al., 2004), provide valuable point data observations but require 

are labor-intensive collection that precludes the spatial coverage necessaryand too sparse for regional and global analysis. 

While Snow snow pillows can be used to relate decreases in SWE to melt occurrence, but they do not directly measure the 

liquid water content of the snowpack. Optical remote sensing data from platforms like Landsat, Sentinel-2, and MODIS can 50 

provide observations of fractional snow-covered area with broad spatial coverage, but these remote sensing approaches only 

indirectly indicate melt occurrence through decreases in snow cover over time, with additional challenges due to persistent 

cloud cover during critical melt periods (Awasthi & Varade, 2021). Passive microwave sensors have been used for large-

scale snowmelt detection (Mioduszewski et al., 2015; Zheng et al., 2022), but are limited by verytheir coarse spatial 

resolution, (typically 25 km,) that fails to capture snowmelt variability in the characteristically complex, mountainous 55 

mountain terrain of snow-dominated regions.  

Synthetic Aperture Radar (SAR) overcomes many of these limitations due to its all-weather imaging capability, 

high spatial resolution, and sensitivity to liquid water content in snowpack (Rott & Nagler, 1995; Tsai et al., 2019). The 

European Space Agency’s Sentinel-1 C-band SAR mission is particularly useful for snowmelt monitoring due to its global 

coverage and frequent (often 6- or 12-day) exact repeat interval. When snow is dry, C-band radar can penetrate through the 60 

entire snowpack (up to ~20 m), with backscatter dominated by the snow-ground interface (Mätzler, 1987; Nagler et al., 

2016). However, the presence of liquid water dramatically alters the dielectric properties of snow, causing greater absorption 

of C-band radiation, resulting in shallow penetration depth (~5-10 cm), and consequently, a significant decrease in 

backscatter (Lund et al., 2020; Nagler, 1996). 
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Studies of C-band SAR backscatter time series have established that the minimum backscatter amplitude coincides 65 

with the transition from the ripening phase to the runoff phase of snowmelt (Darychuk et al., 2023, 2025; Gagliano et al., 

2023; Lund et al., 2022; Marin et al., 2020). Carletti et al. (2025) establishedprovided a physical basis for this relationship 

usingmore rigorous physical understanding of the relationship between this characteristic backscatter minimum and runoff 

onset, combining high-resolution field measurements and radiative transfer modeling, showing that. They demonstrated that 

backscatter the decreases in backscatter to the characteristic minimum as rising liquid water content absorbs the C-band 70 

signal, and then recovers as is caused by signal absorption from increasing liquid water content, while the subsequent post-

minimum backscatter increase is controlled by evolving snow surface roughness evolves during the runoff phase. 

Importantly, Carletti et al. (2025) emphasized that the backscatter minimum does notthat rather than directly detecting the 

initiation of runoff,  onset, but instead emerges from the combined effects of liquid water absorption and surface 

roughnessthe backscatter minimum is caused by once the complex interplay of these factors when the snowpack is already 75 

isothermal and likely releasing water. Despite these complexities at the process scale, theis relationship between the timing 

of the backscatter minimum and runoff onset timing has been validated in diverse mountain environments against various 

reference measurements, including snow pillows at automated weather stations (Darychuk et al., 2023, 2025; Gagliano et al., 

2023; Gao & Ma, 2024; Marin et al., 2020), soil moisture pulses at automated weather stations (Detre et al., 2025), snow pit 

measurements (Lund et al., 2022; Rickenbaugh et al., 2026), a C-band SAR tower-based study (Brangers et al., 2024), and 80 

streamflow observations (Gagliano et al., 2023; Lund et al., 2022; Rickenbaugh et al., 2026; Torralbo et al., 2023). We 

therefore treat the timing of backscatter minimum as an empirically validated indicator of runoff onset rather than a direct 

measurement of meltwater outflow. 

These process-scale complexities motivateHowever, the complexities revealed by Carletti et al. (2025) highlight the 

need for improved methodological approaches that can robustly detect snowmelt runoff onset across diverse environmental 85 

conditions. In previous workGagliano et al. (2023), we developed such an approach by integrating all available Sentinel-1 

relative orbits (the distinct, regularly repeating ground tracks from which Sentinel-1 images a given location, each with a 

fixed viewing geometry and acquisition time)., demonstrating enhancedWe demonstrated that this approach provides 

enhanced  temporal resolution and improved runoff onset estimate agreement with snow pillow reference measurements 

across 10 stratovolcanoes in the Pacific Northwest of the United States (Gagliano et al., 2023). Here, we refine and scale this 90 

multi-orbit methodologyapproach  globally, combining our multi-orbit methodology – which providesits multiple 

independent observations across different viewing geometries and acquisition times – with a custom MODIS-derived snow 

phenology dataset that to constrains the temporal search window for runoff onset estimation. This integrated approach 

addresses several key challenges in snowmelt runoff onset detection, including many of those identified by Carletti et al. 

(2025): coarse temporal resolution of individual relative orbits, sensitivity to viewing geometry, false detection from isolated 95 

melt episodes, and false detection in locations or time periods where no seasonal snow exists. 

Using this refined methodology, we present a global dataset of snowmelt runoff onset timing for 2015-2024. We 

document the data processing workflow, describe the dataset structure, validate evaluate the dataset against a network of 
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automated weather stations, establish empirically-derived usage recommendations, and discuss key characteristics and 

limitations. This dataset provides unprecedented global coverage of snowmelt timing at high spatial resolution, offering 100 

valuable information for hydrological modeling, water resource management, and ecological research.  

 

2 Data and methods 

2.1 Input data sources 

2.1.1 Sentinel-1 SAR backscatter 105 

We utilized used the entire archive of Sentinel-1 C-band SAR data in Interferometric Wide mode data, available as 

radiometrically terrain-corrected (RTC) products Cloud-Optimized GeoTIFF files hosted on Microsoft Planetary Computer 

as a collection of Cloud-Optimized GeoTIFF files (Microsoft Open Source et al., 2022; Microsoft Planetary Computer, 

2022b). For each water year from 2015 to 2024, we selected all available VV-polarized scenes. We used VV polarization 

based on recent studies showing that VV-only estimates of runoff onset are more accurate than VH-only estimates 110 

(Darychuk et al., 2023, 2025; Rickenbaugh et al., 2026), and that improvements from combining VV and VH are not 

statistically significant, which have demonstrated superior performance for snowmelt runoff onset identification when 

compared to VH polarization (Darychuk et al., 2025).. Though Although the RTC images are available at 10-meter 

resolution, we leveraged used the pre-computed 80-meter overview embedded in the Cloud-Optimized GeoTIFF files in 

order to balance computation costs, accuracy, and spatial resolution. This resolution selection aligns withThe area-variance 115 

analysis of Manickam and Barros (2020) showed, who found that the spatial variance of snow backscatter is minimized at 

characteristic scales of ~100-250 m over barren terrain and grassland, and increasing to >1 km in forested and cropland 

areas.through area-variance scaling analysis that SAR backscatter measurements of snow exhibit minimum variance at 

characteristic spatial scales (~100-1000 m depending on terrain and forest cover), suggesting that our 80 m resolution 

captures wet snow spatial variability while remaining computationally efficient. An 80 m pixel is smaller than these 120 

characteristic spatial scales, ensuring that our products resolve melt-related spatial structure without mixing spatially distinct 

snowmelt behavior that coarser pixel sizes would miss. Further, aggregation to a coarser pixel size reduces radar speckle, 

stabilizing the backscatter values for more accurate time series analysis (Darychuk et al., 2025; Lievens et al., 2022). 

2.1.2 MODIS snow cover 

We used the 500-meter resolution MODIS MOD10A2 8-day maximum snow extent product (Hall & Riggs, 2021) hosted on 125 

Microsoft Planetary Computer (Microsoft Open Source et al., 2022; Microsoft Planetary Computer, 2022a) to prepare a 

custom snow phenology dataset. This product accounts for cloud cover by reporting the maximum snow extent from up to 

eight daily observations, recording snow presence if detected on at least one cloud-free day within each eight-day period. 
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2.1.3 Automated weather station network 

For in situ estimation of snowmelt runoff onset, we accessed compiled daily snow pillow measurements from four networks: 130 

in the Western U.S. from both the SNOTEL network in the Western U.S. (Fleming et al., 2023; USDA Natural Resources 

Conservation Service, 2022), and the network operated by the California Cooperative Snow Surveys program network, 

available through the California Data Exchange Center (California Department of Water Resources, 2025), the British 

Columbia Snow Survey network (BC Ministry of Environment, 2024), and the Norwegian Water Resources and Energy 

Directorate network (Stranden & Saloranta, 2021), which includes a few affiliate stations in the Nepalese Himalaya. To 135 

improve SNOTEL site geolocation accuracy, we used updated coordinates for 455 SNOTEL site locations (Detre et al., 

2025). Though the snow pillow data are often available with an hourly interval, we used daily values because they are 

quality-controlled and reduce measurement noise (Fleming et al., 2023).  

2.1.4 Forest cover fraction 

We used the forest cover fraction layer from the Copernicus Global Land Service PROBA-V land cover dataset (Buchhorn et 140 

al., 2020) to characterize how forest cover influences runoff onset detection. This global product is derived from PROBA-V 

satellite observations and ancillary datasets, and includes fractional land cover layers representing the percentage ground 

cover of 10 different land cover classes at 100-meter resolution. 

2.2 Dataset creation methodology 

We developed a workflow that integrates two complementary remote sensing datasets to detect snowmelt runoff onset 145 

reliably at a global scale (Fig. 1). First, we created a custom MODIS-derived snow phenology dataset to identify where and 

when seasonal snow exists. Within these constraints, we analyze Sentinel-1 SAR backscatter time series to detect 

characteristic minima that indicate runoff onset. This approach leverages the individual strengths of both sensors: MODIS 

provides reliable snow cover detection and timing constraints that Sentinel-1 cannot achieve alone, while Sentinel-1 offers 

superior spatial resolution, weather-independent observations, and sensitivity to liquid water content changes during 150 

snowmelt. To create the global snowmelt runoff onset dataset, we scaled this methodology using a distributed computing 

architecture that processed over 100 TB of Sentinel-1 data acquired between 2014-10-01 and 2025-03-31. 
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Figure 1. Graphical representation of the workflow used to create the global snowmelt runoff onset dataset. The MODIS-derived snow 155 
phenology dataset is initially created (top right) to guide runoff onset identification. For a given processing tile (example shows Mt. 

Rainier, WA), the Sentinel-1 RTC backscatter data and snow phenology dataset are both subset for all water years (top left). To calculate 

runoff onset for a single water year (center left), Sentinel-1 data are first grouped by relative orbit and filtered to ensure sufficient revisit 

interval. For every pixel with ≥ 56 consecutive snow days in the snow phenology dataset, the backscatter minimum within the temporal 

search window (spanning from the midpoint of the snow-covered period through 16 days after the snow disappearance date, illustrated as a 160 
white background) is identified across multiple relative orbits and the median date becomes the runoff onset estimate (bottom left inset). 

The resulting products for the tile are mosaicked to create global annual products (center right), and global composite products are created 

from the stack of annual products (bottom right).  

2.2.1 Snow phenology dataset 

Central to our methodology was the development of a custom MODIS-derived snow phenology dataset (Gagliano, 2025b) 165 

generated from the MODIS MOD10A2 8-day maximum snow extent product using the MODIS_seasonal_snow_mask 

software library (Gagliano, 2025c). Snow phenology refers to the seasonal timing of snow cover events, including snow 

appearance, persistence, and disappearance patterns (Tang et al., 2022). This snow phenology dataset provides the 

foundational spatial and temporal constraints for the runoff onset workflow by defining where (using the snow cover 

product) and when (using the snow appearance and snow disappearance date products) to search for runoff onset signals in 170 

the Sentinel-1 data for each water year. 

The MOD10A2 8-day maximum snow extent product represents the maximum snow extent observed over each 8-

day MODIS compositing period, which reduces cloud contamination compared to daily observations, yet still contains 

substantial data gaps due to clouds and polar darkness that obscure snow presence during critical transition periods. We 

applied an enhanced cloud-filling algorithm that builds on the methodology of Wrzesien et al. (2019), which assumes that 175 

snow-covered observations bracketing cloudy periods indicate continuous snow presence – an assumption that is particularly 

useful during the persistent cloud cover that coincides with the spring snowmelt season. This algorithm operates 
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continuously across all years before water year segmentation, ensuring proper capture of continuous snow periods spanning 

water year boundaries. For polar regions above ~70° latitude, we implemented additional filtering to remove false “no snow” 

classifications during polar night periods, when the ~10:30 AM local MODIS observations are unreliable due to darkness.  180 

We extracted three key variables for each pixel and water year from these cloud-filled time series: the number of 

continuous snow cover days, snow appearance date (first date of continuous snow cover), and snow disappearance date (first 

day after the last date of continuous snow cover). For pixels with multiple snow-covered periods within a single water year, 

we selected the longest continuous period. Because of the 8-day compositing of the underlying MOD10A2 8-day maximum 

snow extent product, the final reported snow appearance dates and snow disappearance dates could potentially be biased up 185 

to 7 days early or late, respectively (Hall & Riggs, 2021). This inherent limitation effectively widens rather than clips the 

temporal window used in the search for Sentinel-1 backscatter minima. These snow phenology variables were computed on 

the native 500 m MODIS sinusoidal grid and bilinearly resampled to match the 80 m global processing grid. We chose 

bilinear resampling because the snow phenology variables – continuous snow cover (days) and snow appearance and 

disappearance dates (DOWY) – are continuous quantities where averaging is meaningful. 190 

These variables constitute valuable snow phenology data for the broader scientific community – beyond serving as 

a fundamental input dataset for our runoff onset methodology, this 10-year global snow phenology dataset offers globally 

consistent characterization of high-priority observables (snow cover, snow appearance date, and snow disappearance date) 

that can inform water resource management, ecological studies, and climate change research (Gagliano, 2025b). 

2.2.2 Snowmelt runoff onset identification 195 

We limited identification of snowmelt runoff onset to pixels identified with seasonal snow cover for the respective water 

year in our snow phenology dataset. Specifically, we analyzed pixels with at least 56 days of continuous snow presence, a 

criterion that, following Wrzesien et al. (2019) for MOD10A2 data, approximatesing the 60-day threshold between 

ephemeral and seasonal snowfrom Sturm et al. (Petersky & Harpold, 2018; Sturm et al., 1995) with based on the 8-day 

temporal resolution of our phenology product. This threshold serves two purposes: it excludes ephemeral snow events with 200 

minimal hydrological impact, and it ensures sufficient time for complete snowmelt phase progression (warming, ripening, 

and runoff), which is necessary for reliable detection of the characteristic backscatter minimum associated with runoff onset  

(Carletti et al., 2025). 

For pixels meeting this seasonal snow presence criterion, we analyzed the temporal evolution of Sentinel-1 VV-

polarized backscatter to identify snowmelt runoff onset. Our preprocessing workflow included quality filtering to removed 205 

all VV backscatter values below -30 dB. This single threshold removes both physically unrealistic backscatter values and 

residual Sentinel-1 border noise artifacts, the latter of which appear along scene edges as anomalously low-intensity values 

introduced during product generation unrealistically low backscatter values (VV backscatter < -30 dB) and border noise 

artifacts (Ali et al., 2018)., followed by temporal filtering using our snow phenology dataset to restrict analysis to the 

appropriate temporal detection window for each pixel and water year.  210 



8 

 

We processed each Sentinel-1 relative orbit independently to account for systematic backscatter differences 

between viewing geometries caused by varying incidence angle and azimuth orientation (Darychuk et al., 2025; Gagliano et 

al., 2023). Each relative orbit maintains consistent viewing geometry while providing regular temporal sampling of the same 

location, typically every 6 or 12 days, with overpass times in the early morning for descending relative orbits (~6 AM local) 

and early evening for ascending relative orbits (~6 PM local). We excluded relative orbits with any temporal gap exceeding 215 

30 days (i.e., two or more missed acquisitions for a 12-day repeat orbit) within the snow-covered period to reduce the risk of 

missing the backscatter minimum (Torralbo et al., 2023).To ensure adequate temporal sampling, we did not consider relative 

orbits that had any gap exceeding 30 days between consecutive acquisitions within the snow-covered period.  

For each valid relative orbit, we identified the timing of minimum backscatter for a given pixel , searching from the 

midpoint of the snow-covered period through 16 days after the snow disappearance date (two additional 8-day MODIS snow 220 

cover periods). We used this constrained temporal search window to reduce the likelihood of false detections from early-

season diurnal melt-refreeze cycles and rain-on-snow episodes, which can create temporary backscatter minima unrelated to 

sustained runoff onset. (2025) We extended the temporal search window 16 days beyond the MODIS snow disappearance 

date to reconcile The 16-day extension of the temporal search window accounted for the spatial scale difference between 

MODIS (500 m) and Sentinel-1 (80 m) data, as residual patches of snow cover within may have persisted within the coarser 225 

MODIS pixel may persist for weeks beyond , even when the MODIS products indicated the apparent snow disappearance 

date from MODIS, especially in regions with heterogeneous topography and vegetation (Boudreau, 2025; Crumley et al., 

2020; Pflug et al., 2024). This search window approach is consistent with the findings of Darychuk et al. (2025), which 

showed that constraining backscatter minima detection with MODIS-derived snow presence data reduced Sentinel-1 

snowmelt runoff onset estimation errors by more than 50% relative to unconstrained approaches. 230 

For each pixel, we calculated the median date across all valid minimum backscatter estimates for available relative 

orbits to produce a single robust estimate for that pixel and water year. This multi-orbit aggregation approach serves dual 

purposes: (1) mitigating differences due to viewing geometry and orbit-specific artifacts, and (2) effectively increasing the 

temporal resolution by combining observations from multiple relative orbits (Gagliano et al., 2023). The resulting annual 

runoff onset products represent our primary data products within the global snowmelt runoff onset dataset, providing pixel -235 

wise runoff onset timing estimates with global coverage for water years 2015 to 2024. We also estimated the annual average 

temporal resolution for all pixels with runoff onset timing estimates, calculated by dividing the length of the valid 

observation window in days by the number of Sentinel-1 observations contained within that period. This metric represents 

the effective local sampling interval across all combined relative orbits rather than the revisit interval of any single relative 

orbit, and is therefore typically finer than the 6- or 12-day exact repeat of an individual relative orbit. 240 

We report all runoff onset dates as day of water year (DOWY), with the water year starting on October 1st of the 

previous year in the northern hemisphere and April 1st of the current year in the southern hemisphere (Aguayo et al., 2021; 

Cortés & Margulis, 2017).  
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2.2.3 Processing and scaling 

The global scope of this analysis, spanning 10 water years across all seasonal snow on Earth, necessitated the development 245 

of a scalable, distributed computing approach capable of efficiently processing >100 TB of Sentinel-1 data. To ensure 

computational feasibility, data integrity, and reproducibility, wWe implemented an open-source, cloud-based processing 

architecture to ensure computational feasibility, data integrity, and reproducibility. 

We partitioned the global domain into 23,520 seamless tiles, each covering 2048 ✕ 2048 pixels (~1.47° ✕ 1.47°, or 

~164 ✕ 164 km at the equator). We then pre-allocated a global Zarr data store (Abernathey, 2024) with this global array 250 

structure and optimized chunking in order to support parallel processing, where each worker could independently process 

individual tiles and write results directly to the final data structure without conflicts. This "embarrassingly parallel” app roach 

allowed us to seamlessly scale from small regional processing to full global coverage. 

Of the 23,520 total tiles, we limited processing to the 4,453 tiles that contained both seasonal snow and the relevant 

Sentinel-1 RTC data. Our processing workflow leveraged the Dask computing library, utilizing Dask’s lazy evaluation and 255 

distributed computing capabilities to coordinate parallel processing across Coiled cloud computing infrastructure (Dask 

Development Team, 2016). We implemented a multi-stage chunking strategy to optimize memory-bandwidth tradeoffs 

across distributed workers, applying spatial chunking for I/O-heavy operations to maximize throughput, and temporal 

chunking for computationally intensive time-series calculations. 

We deployed and monitored computing resources in the Microsoft Azure West Europe region, co-located with the 260 

relevant Planetary Computer datasets. We predominantly processed tiles in batches of 10, with 60 workers per batch (32 GB 

memory, 4 cores each), requiring a median of ~4.7 CPU core-hours per tile, totaling ~24,300 CPU core-hours for all tiles. 

2.2.4 Generation of 10-year composite products 

To aid in the interpretation of the annual snowmelt runoff onset products, wWe created three additional composite products 

for pixels with at least three years of valid annual data to aid the interpretation of the annual snowmelt runoff onset products. 265 

We calculated the median snowmelt runoff onset date across all available years, creating a 10-year median snowmelt runoff 

onset composite product. To estimate interannual variability, wWe then created a 10-year snowmelt runoff onset median 

absolute deviation composite product to estimate interannual variability. Finally, we created a 10-year local median temporal 

resolution composite product to capture the temporal resolution of these composites. These complementary products can be 

used for detailed study of the characteristic snowmelt runoff onset date and variability for any given pixel in the dataset, 270 

providing a better understanding of the influence of fixed geographic controls (i.e., elevation, aspect, latitude) and 

environmental forcing (i.e., temperature and precipitation) on observed snowmelt runoff onset variability (Gagliano, 2025a;, 

Gagliano et al., in prep).  
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2.3 Dataset evaluation methodology 

We employed a two-stage evaluation approach, comparing our snowmelt runoff onset estimates against independent runoff 275 

onset estimates from a distributed network of in situ snow water equivalent (SWE) measurements acquired by snow pillows 

at 946 1,210 automated weather stations across the Western U.S. (including Alaska), British Columbia, Norway, and Nepal. 

Throughout this paper, we characterize seasonal snowpack magnitude around the time of runoff onset using the water year 

maximum SWE – the highest daily value recorded at each station within that water year. For our dataset evaluation, we first 

characterized how forest cover fraction, SWE, and temporal resolution affect agreement between our runoff onset estimates 280 

and snow pillow runoff onset estimates using pixel-level residuals aggregated across all stations and water years, and then 

used these insights to apply appropriate quality filters for station-level evaluation. 

For snow pillow runoff onset estimates, we first applied quality filters to daily SWE time series at each station, 

removing observations with negative SWE values and physically unrealistic apparent daily change (>20 cm/day, Dawson et 

al., 2016). Further, we excluded water years with less than 10 cm SWE, less than 60 days of continuous snow cover, or data 285 

gaps exceeding 10 days, resulting in a total of 7,9169,570 water- years observations of snow pillow time series across 946 

1,210 stations. Using the filtered time series, we calculated snow pillow runoff onset as the day when SWE decreased below 

95% of the water year maximum (or the day of the last occurrence for seasons with multiple SWE decreases below the 95% 

threshold). We chose tThis timing builds on established work linking runoff onset to the departure from maximum snow 

pillow SWE (Darychuk et al., 2023, 2025; Dingman, 2015; Fassnacht et al., 2014; Gao & Ma, 2024; Marin et al., 2020), 290 

while also including a 5% tolerance toinstead of directly selecting the timing of maximum SWE in order to account for SWE 

decreases due to wind redistribution and/or sublimation, as well as to mitigate issues in scenarios where maximum SWE 

occurs early in a season, and persists but doesn’t significant melt does not occursignificantly until later in the season 

(Darychuk et al., 2025) (Dingman, 2015; Fassnacht et al., 2014). Figure A1 illustrates the snow pillow runoff onset 

determination and the SAR backscatter minimum determination for two representative water years at a SNOTEL station, 295 

showing how both estimates are obtained under favorable high-SWE conditions and more ambiguous low-SWE conditions. 

To characterize how forest cover fraction, SWE, and temporal resolution affect agreement between the runoff onset 

estimates, we computed pixel-wise residuals between our annual runoff onset products and snow pillow estimates within a 

1000-meter radius of each station for each of the 10 years in our dataset. We then binned all pixel-wise residuals across all 

stations and water years by each pixel’s respective forest cover fraction (bilinearly resampled from the native 100 m grid to 300 

the 80 m grid of our runoff onset product), water year maximum SWE (maximum SWE recorded at the respective snow 

pillow for that water year), and temporal resolution (the pixel-wise temporal resolution for that water year as recorded in the 

annual temporal resolution product). We calculated the median of each bin to quantify bias, as well as the median absolute 

deviation of each bin to quantify the spread of the residuals. 

For station-level evaluation, we applied quality filters derived from this analysis (forest cover fraction ≤ < 0.5, > 20 305 

cm water year maximum SWE, temporal resolution < 14 days; see Sect. 4.1) in order to extract a representative and robust 
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runoff onset estimate for each station and water year. Specifically, for each station and water year, we extracted the median  

runoff onset date of valid pixels (forest cover fraction <≤ 0.5, temporal resolution < 14 days) within the 1000-meter radius of 

each station, and excluded water years with <10% valid pixel coverage or where water year maximum SWE did not reach 

exceed 20 cm. This resulted in a total of 4,7637,294 water- years observations with valid runoff onset estimates, spanning 310 

across 735 1,116 of the 1,210 stations (stations were excluded only when no water years passed the filters)stations. 

For these water years and stations, we computed the timing difference between this representative runoff onset 

estimate from our annual runoff onset products and the snow pillow runoff onset estimate. To characterize the runoff onset 

estimate agreement for each water year across all stations, wWe quantified the bias and spread of the timing differences for 

each water year across all stations by computing the median and the median absolute deviation of the residuals. 315 

3 Dataset description 

3.1 Dataset overview 

The global snowmelt runoff onset dataset contains five groups of products organized in a cloud-optimized Zarr store 

designed for efficient distributed access, processing, and analysis. The dataset spans the global domain from 180°W to 

180°E longitude and 60°S to 81.1°N latitude, encompassing almost all seasonal snow on Earth. All products are provided in 320 

geographic coordinates (decimal degrees), using the WGS84 ellipsoid as the horizontal coordinate reference system 

(EPSG:4326). Pixel spacing is approximately 7.2 ✕ 10-4 degrees, corresponding to 80 meters at the equator. Although 

longitudinal ground distance per pixel decreases at higher latitudes (e.g., ~40 m at 60°N), the effective spatial resolution of 

the dataset remains 80 meters across all latitudes because the 80-meter Sentinel-1 RTC overviews were used as input (Sect. 

2.1.1). The temporal dimension spans 10 water years (2015-2024), All products share spatial dimensionsresulting in a 325 

complete dataset structure with dimensions (water_year: 10, latitude: 195970, longitude: 499998) for annual products, and  

(latitude: 195970, longitude: 499998), but only the  annual products add a leading water_year dimension spanning the 10 

water years from 2015 to 2024for the 10-year composite products. Though the original values are integer or floating point 

numbers, all values are stored as signed 16-bit integers with relevant scaling and offset parameters stored in the metadata, 

with no-data values of -9999. 330 

3.2 Dataset variables 

3.2.1 Annual runoff onset products 

The “runoff_onset” variable contains integer day of water year (DOWY) representing runoff onset date estimates for each 

individual water year from 2015 to 2024, stored as a 3-dimensional array with dimensions (water_year, latitude, longitude). 

All DOWY dates are relative to their respective hemispheres’ start of water year, discussed further in Sect. 2.2.2. Valid 335 

DOWY values range from 1 to 366.  
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3.2.2 Annual local temporal resolution products 

The dataset also includes an accompanying “temporal_resolution” variable to document the average local temporal 

resolution of the dataset at each pixel for each individual water year (water_year, latitude, longitude). These 

“temporal_resolution” values are in units of decimal days, with a precision ofrounded to the nearest 0.1 days. 340 

3.2.3 10-year composite products 

The “runoff_onset_median” variable stores the 10-year median runoff onset composite values as integer DOWY values, 

useful for understanding typical runoff onset timing (Fig. 2a, Fig. 3),. while tThe “runoff_onset_mad” variable contains 

stores the 10-year median absolute deviation composite values inas decimal days (rounded to the nearest 0.1 days), with a 

precision of 0.1 days providing a measure of interannual variability in runoff onset timing  (Fig. 2b). More specifically, this 345 

composite quantifies the dispersion of valid annual runoff onset timing estimates at each pixel and should not be considered 

a proxy for retrieval uncertainty. The “temporal_resolution_median” variable stores the 10-year local median temporal 

resolution composite values in as decimal days (rounded to the nearest 0.1 days), with a precision of 0.1 days summarizing 

typical local observation frequency during the study period (Fig. 2c). These 2-dimensional (latitude, longitude) composite 

products are useful for understanding typical runoff onset timing, interannual variability of runoff onset timing, and the 350 

typical local temporal resolution of the dataset, respectively. As described in Sect. 2.2.4, these composite products are only 

calculated at pixels that have 3 or more water years of valid data, as described in Sect. 2.2.4. 
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Figure 2. Global snowmelt runoff onset composite products. (a) 10-year median snowmelt runoff onset, (b) 10-year median absolute 355 
deviation, and (c) 10-year local median temporal resolution. 

 

Figure 3. Polar stereographic projection of 10-year median snowmelt runoff onset date for the Northern Hemisphere. See Fig. A2 for polar 

stereographic maps of all three composite products. 
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 360 

3.3 Spatial coverage and temporal resolution 

The spatial coverage of our global snowmelt runoff onset dataset is constrained by the availability of Sentinel-1 

Interferometric Wide mode data. Sentinel-1 acquires data over Antarctica and much of the Arctic in Extra Wide mode, so our 

dataset does not include ~1.6 million km2 of seasonal snow over the ice-free areas of Antarctica, Greenland, the Canadian 

Arctic Archipelago, and the Russian Arctic Islands (S. T. Brooks et al., 2019; Liston & Sturm, 2021).  365 

The spatial coverage and temporal resolution of our dataset vary by region and water year (Table 1, Fig. A3, Fig. 

A4). There are three distinct phases of temporal resolution, largely controlled by the number of active satellites in the 

Sentinel-1 constellation. Water years 2015 and 2016 have the smallest spatial coverage (8.7-9.8 million km2, 234-268% of 

observable global seasonal snow extent) and coarsest average temporal resolution (16.1-18.216.5  days). Water years 2017-

2021 have expanded spatial coverage (31.6-35.5 million km2, 837-904% of observable global seasonal snow extent) and 370 

improved temporal resolution (8.62-9.75 days). Water years 2022-2024 have intermediate spatial coverage (15.7-17.5 

million km2, 414-486% of observable global seasonal snow extent) and temporal resolution comparable to water years 2017-

2021 (8.57-10.69 days).  

Across all water years, the overall area-averaged global temporal resolution was 9.52 days, with the 10-year median 

runoff onset composite covering 36.8 million km2 (904% of observable global seasonal snow extent). Fig. A4 shows the 375 

number of water years with valid runoff onset estimates used to prepare the 10-year composites. 

Table 1. Global snowmelt runoff onset dataset spatial coverage, observable global seasonal snow extent, percent coverage of observable 

global seasonal snow extent, and average temporal resolution for each water year and the 10-year composites. Spatial coverage represents 

the total area with valid runoff onset estimates. Observable Global seasonal snow extent is the annual seasonal snow extent from the 

MODIS-derived snow phenology dataset, excluding including regions without Sentinel-1 Interferometric Wide mode coverage (i.e., ice-380 
free areas of Antarctica, Greenland, the Canadian Arctic Archipelago, and Russian Arctic Islands). See Fig. A3 for annual maps of 

coverage and temporal resolution. 

Water year Spatial coverage 

[km2] 

Observable sGlobal 

seasonal snow extent [km2] 

Coverage 

[%] 

Average temporal 

resolution [days] 

2015 9,779,036 35,396,53337,059,659 27.626.4% 18.216.5 

2016 8,690,212 35,762,38237,425,507 24.323.2% 18.216.1 

2017 35,539,625 37,692,05239,355,177 94.390.3% 9.49.5 

2018 31,639,543 35,897,17137,560,297 88.184.2% 9.59.7 

2019 31,818,050 36,517,66538,180,790 87.183.3% 8.89.1 
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2020 32,028,753 35,992,49937,655,625 89.085.1% 9.09.6 

2021 32,430,436 36,003,90037,667,025 90.186.1% 8.28.6 

2022 16,006,632 36,317,45137,980,576 44.142.1% 9.88.9 

2023 17,542,407 36,634,90238,298,028 47.945.8% 8.78.5 

2024 15,702,889 36,043,74537,706,870 43.641.6% 10.910.6 

10-year 

composites 

36,761,636 39,200,21440,863,365 93.890.0% 9.29.5 

 

Regional variations in temporal resolution are pronounced across the global domain (Fig. 2c). The finest 10-year 

median temporal resolution was observed over mainland Europe, with median temporal resolution of 4 days or finer, 385 

improving to 2 days or finer in northern Europe. In contrast, the coarsest temporal resolution is observed in northwest North  

America and northern Asia, with 10-year median temporal resolution of around 12 days. Most other regions fall between 

these extremes, with 10-year median temporal resolution typically ranging from 6-10 days (Fig. 2c). The temporal resolution 

varies not only by region, but also locally within regions, reflecting both Sentinel-1 data availability and our pixel-wise 

processing methodology.  390 

In addition to the 10-year median temporal resolution (Fig. 2c), it is important to consider the spatial variability in 

the total number of years with valid observations (Fig. A4). Despite coarser temporal resolution, northwest North America 

has 10 years of valid runoff onset observations, which is similar to northern Europe, while large swaths of northern Asia only 

have 3-4 years of valid observations. In these regions with fewer years of valid observations, the 10-year composite products 

are less robust. 395 

4 Dataset evaluation 

4.1 Effects of forest cover fraction, SWE, and temporal resolution 

The pixel-wise analysis reveals that forest cover fraction, SWE, and temporal resolution systematically affect the bias 

(median) and spread (median absolute deviation) of residuals between runoff onset estimates from our annual products and 

the in situ snow pillow sensors computed using the full, unfiltered set of residuals across the complete range of each variable 400 

(Fig. 4).  

Forest cover fraction emerges as the dominant control on the bias and spread of residuals. Bias increases with 

increasing forest cover fraction; for areas with forest cover fraction greater than 0.5, our products generally show runoff 
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onset occurs 5-20 25 days earlier than corresponding snow pillow estimates, compared to bias of less than 5 days in areas 

with forest cover fraction less than 0.5. The spread of residuals is higher (105-25 days) for forest cover fraction greater than 405 

0.5, compared to 5-15 days for forest cover fraction below 0.5. 

SWE also influences the bias and spread of residuals, with better agreement in areas with higher observed water 

year maximum SWE. Bias and spread decrease markedly above approximately 20-30 cm SWE for forest cover fraction 

below 0.5, with this apparent SWE threshold increasing with forest cover fraction. For forest cover fraction below 0.5 and 

SWE between 10 and 20 cm, bias approaches 30 15 days with a spread of up to 21 25 days, while for SWE between 30 and 410 

40 cm, bias decreases to near 0 and spread is reduced to less than 7 5 days. Generally, Above above ~20 cm SWE, bias and 

spreadresiduals continue to decrease with increasing SWE, but with diminishing magnitude. 

Increased temporal resolution, evaluated at fixed values of forest cover fraction and SWE, shows moderate but 

consistent effects, with both the bias and spread decreasing with improving temporal resolution. This effect is most 

pronounced between forest cover fraction of 0.4 and 0.7, with spread improving from 21 20-25 days for pixels with >14 day 415 

temporal resolution, to 14 10-15 days for pixels with 7-14 day temporal resolution. This relationship holds for forest cover 

fraction below 0.4, albeit weaker in strength.  

Based on these empirical results, we applied quality filters for the station-level analysis that follows, restricting 

analysis to pixels with a forest cover fraction below 0.5 and temporal resolution below 14 days, and, at the station level, 

water years with a maximum SWE greater than 20 cm. 420 
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Figure 4. Agreement between our runoff onset estimates and snow pillow runoff onset estimates as a function of forest cover fraction, 

SWE, and temporal resolution. Top row shows the median of residuals (our product minus snow pillow, used to assess bias), middle row 

shows median absolute deviation of residuals (used to assess spread), and bottom row shows pixel counts per bin. Metrics are binned for 

different combinations of forest cover fraction (x-axis), water year maximum SWE (y-axis), and temporal resolution (columns: <7 days, 7-425 
14 days, >14 days). Note increase in the median and median absolute deviation values for forest cover fraction values above 0.5 (vertical 

dashed lines), water year maximum SWE values less than 20 cm (horizontal dashed lines), and temporal resolution coarser than 14 days 

(third column). 

4.2 Automated weather station evaluation results 

After applying the quality filters identified in Sect. 4.1, The the evaluation of runoff onset estimates from our annual 430 

products and the in situ snow pillow sensors revealed generally good agreement with notable temporal and spatial patterns 

across the Western U.S.evaluation network (Fig. 5). Across all water years, the bias, represented by the median residual (our 

product minus snow pillow), was -21.0 days and the spread, represented by the median absolute deviation of residuals, was 
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109.0 days. In other words, 50% of the runoff onset residuals were within 109 days of the median, which is similar to the 

dataset temporal resolution for Western North America, where the majority of our evaluation network resides (Fig. 2c). 435 

The spread of residuals varied over the study period (Fig. 5b5a), though bias remained relatively low in all years 

except the sparsely sampled 2015 (n=297). Early years (2015 and 2016) with coarser temporal resolution (9.910.4-10.6 7 

days for the evaluated stations, compared to the ~1816.5-day global average in Table 1) exhibited a larger spread in residuals 

(MAD in Fig. 5b5a). The spread of residuals decreased with With finer temporal resolution (4.10-5.66.8 days) through 

through water years 2017 to 2021, the spread of residuals decreased. From water year 2022 onward, the average temporal 440 

resolution at the stations was 7.63-7.98.0 days, with a similar spread of residuals.  

The spatial distribution of residual bias revealed distinct regional patterns (Fig. 5c5b). Stations with the largest bias, 

where runoff onset estimates from our annual products occurred up to 30 days earlier than the snow pillow estimates, were 

concentrated in the southern Rocky Mountains east of the North American continental divide, where greater forest cover 

fraction coincides with lower SWE. Conversely, stations with smaller bias (< 7 10 days) were located in regions with lower 445 

forest cover fraction and higher SWE, such as the Sierra Nevada, Colorado Plateau, and the southern Rockies west of the 

North American continental divide. 
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Figure 5. Evaluation of runoff onset estimates from our annual products and 1,116735 automated weather station snow pillow 

observations for the 10-year period spanning 2015 to 2024. (a) Distribution of all directly comparable snowmelt runoff onset estimates for 450 
each water year. (b) Accompanying histograms Distribution of residuals (our product minus snow pillow) for each water year. Text 

annotations show residual statistics: number of stations (n), average temporal resolution of our annual runoff onset products across 

evaluated stations (res), median of the residuals (median), and median absolute deviation of the residuals (MAD) of the residuals. (bc) 

Median of 2015-2024 residuals (our product minus snow pillow) for each station. At each station, positive values (blue) indicate that the 

runoff onset estimate from our products usually occurs after the snow pillow estimate, and negative values (red) indicate the runoff onset 455 
estimate from our products usually occurs before the snow pillow estimate.  

5 Discussion 

5.1 Variations in spatial and temporal coverage 

This global high-resolution snowmelt runoff onset dataset represents a significant advancement in snow hydrology 

monitoring, providing unprecedented  finer spatial detail and temporal broader geographic coverage than existing snowmelt 460 
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datasetsacross Earth’s seasonal snow-covered regions. With 80-meter resolution, it bridges a critical observation gap 

between coarse passive microwave products (typically ~25 km) and sparse, point-scale in situ networks (1 station per ~1280 

km2 in mountain regions of the Western U.S.), while offering a consistent, reproducible methodology applied globally over a 

decade-long record. This resolution improvement is illustrated in Fig. 6, which compares our annual runoff onset product to 

the enhanced resolution (6.25 km) passive microwave melt onset product from Pan et al. (2021) over the Alaska Range for 465 

water year 2020. Our annual runoff onset products resolve fine-scale snowmelt variability across complex terrain that is not 

captured by the passive microwave results, even with enhanced resolution. 

Though a comprehensive scientific analysis of our global runoff onset dataset is presented in a complementary 

study, preliminary examination of the annual products reveals coherent geographic patterns consistent with theoretical 

expectations of snowmelt across diverse snow environments. Across all continents and latitudes, we observe relatively 470 

smooth elevation gradients in snowmelt runoff onset timing – the earliest runoff onset occurs at lower elevations, with runoff 

onset occurring progressively later at higher elevations. 

 

 

Figure 6. Comparison of snowmelt timing over the Alaska Range for water year 2020 between the ABoVE: Passive Microwave-derived 475 
Annual Snowpack Main Melt Onset Date products (Pan et al., 2021) at 6.25 km resolution (top center) and our Sentinel-1 SAR-based 

annual runoff onset product at 80 m resolution (bottom center). The difference map (top right) and histogram (bottom right) show a 

median difference of 2.67.8 days (our product minus passive microwave), with a median absolute deviation of 18.422.2 days. Despite 

similar median timing, our runoff onset product reveals spatial heterogeneity that is unresolvable at the passive microwave scale, 

particularly across complex terrain.  480 

However, dataset spatial coverage and temporal resolution vary systematically across space and time due to the 

evolving Sentinel-1 constellation and observation plan. The 10-year median temporal resolution composite (Fig. 2c) shows 
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how typical temporal resolution varies from the most frequently observed regions (2-4 days in mainland Europe) to the least 

frequently observed regions (12+ days in northwest North America and northern Asia). Similarly, dataset spatial coverage 

and temporal resolution vary by water year, with three distinct temporal phases reflecting the evolving constellation 485 

configuration. Water years 2015-2016 represent the early single-satellite period with Sentinel-1A alone, resulting in limited 

global coverage and coarse temporal resolution. Water years 2017-2021 coincide with the two-satellite constellation 

following Sentinel-1B’s launch in April 2016, enabling more frequent observations that substantially improved spatial 

coverage and temporal resolution. Water years 2022-2024 reflect single-satellite observations after Sentinel-1B’s failure in 

December 2021, though spatial coverage and temporal resolution remain significantly better than the initial period due to 490 

modifications to the Sentinel-1A observation plan (Potin et al., 2022). As we will detail in the following sections, these 

variations in temporal resolution introduce spatial variability in the agreement between our runoff onset estimates and snow 

pillow runoff onset estimates.  

5.2 Controls on runoff onset estimate agreement 

The three factors identified earlier – forest cover fraction, SWE, and temporal resolution – collectively influence the 495 

agreement between our runoff onset estimates and snow pillow runoff onset estimates. Forest cover fraction was the 

dominant control. Where 

The physical interpretation of SAR backscatter minima can be complex in certain environments, particularly where 

backscatter change may not be fully attributable to snowmelt dynamics. When pixels contain mixed land cover, backscatter 

change types – including snow, vegetation, bare ground, structures, or other features – the SAR backscatter may be 500 

dominated by non-snow scatterers, and rather than the snowpack itself, especially for shallow or patchy snow cover. This 

challenge is most pronounced in forested regions, where C-band SAR represents an integrated response from the forest 

canopy, the underlying snowpack, and ground surface (Bonnell et al., 2024; Gao & Ma, 2024).  

Accordingly, we found that forest cover fraction was the dominant control on runoff onset estimate agreement degrades with 

increasing with snow pillow estimates, with reduced agreement for greater forest cover fraction,. This relationship exhibits 505 

with an approximate inflection point around forest cover fraction values of 0.5 (Fig. 4), below which residuals show minimal 

bias and spread, and above which both bias and spread increase markedly with greater forest cover fraction. Notably, other 

SAR-based analyses of snow, such as ∆SWE estimation from L-band InSAR (Bonnell et al., 2024) and snow depth 

estimation from C-band volume scattering (Hoppinen et al., 2024), also observe a degradation in algorithm performance 

around forest cover fraction of 0.5, suggesting that this value may represent a fundamental physical threshold for SAR 510 

penetration through forest canopies to underlying snowpack at ~5-25 cm wavelengths. Above this threshold, the annual 

runoff onset products indicate runoff onset 5-20 days earlier than snow pillow estimates. Thisis systematic early degradation 

in agreementbias occurs  arises because because dense forest canopies fundamentally limit C-band SAR penetration to the 

underlying snowpack, causing backscatter changes to instead reflect canopy-driven processes including forest disturbance 

and canopy structural change (Kurum, 2015), tree sway (Raleigh et al., 2022), tree temperature (Bonnell et al., 2024; 515 
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Lemmetyinen et al., 2022), tree water content (Steele-Dunne et al., 2012), and potentially intercepted snow melting in the 

canopy (Bonner et al., 2022). Additionally, densely forested areas with warmer winters tend to have frequent winter melt, 

further complicating runoff onset identification (Lundquist et al., 2013). Other SAR-based analyses of snow, such as ∆SWE 

estimation from L-band InSAR (Bonnell et al., 2024) and snow depth estimation from C-band volume scattering (Hoppinen 

et al., 2024), also observe a degradation in algorithm performance around forest cover fraction of 0.5, suggesting that this 520 

value may represent a fundamental physical threshold for SAR penetration through forest canopies to underlying snowpack 

at ~5-25 cm wavelengths. While forest cover fraction provides a practical means of identifying challenging conditions for 

our methodology, itForest cover fraction is therefore a useful but coarse predictor, capturing the first-order canopy effect, but 

not remains an imperfect proxy – simple, static forest cover metrics cannot capture the full complexity of SAR interactions 

with time-variable time-varying canopy factors properties such as such as canopy structure, canopy disturbance, tree species 525 

composition, branch density, and and vertical canopy heterogeneity, which govern how the SAR signal actually interacts 

with the canopy and underlying snowpack. 

We found that SWE also represented an important control on runoff onset estimate agreement with snow pillow 

estimates, with a critical threshold near 20 cm, below which snowmelt runoff onset could not be reliably detected (Sect. 4.1). 

While the snow pillow instrument measurement accuracy and precision may themselves also degrade below ~20 cm of SWE 530 

when no longer thermally insulated by overlying snowpack (Johnson & Schaefer, 2002), the observed degradation in runoff 

onset estimate agreement for less than ~20 cm of SWE primarily reflects the physical limits of C-band SAR detection.  

The physical mechanisms underlying this apparent SWE threshold are complex. Fundamentally, detection of 

snowmelt runoff onset is a signal-to-noise problem: the depends on whether the associated characteristic backscatter 

minimum can only be identified when  be distinguished from the background backscatter variability: that is, whether the 535 

backscatter drop atduring runoff onset exceeds the background dry-snow backscatter variability (i.e., whether the signal-to-

noise ratio is sufficient for detection). The underlying ground surface properties, particularly soil moisture and surface 

roughness, serve as the primary backscatter source when a snowpack is dry (Mätzler, 1987; Nagler et al., 2016)..  Stronger 

ground surface backscatter during dry-snow conditions results in a more pronounced backscatter minimum when the 

snowpack transitions to runoff onset, as signal absorption due to meltwater presence reduces the penetration depth, 540 

eliminating the backscatter contribution of the ground surface. Deeper snowpacks with greater SWE contribute additional 

dry-snow backscatter through enhanced volume scattering (Brangers et al., 2024), increasing the dry-snow backscatter and 

subsequentlyfurther increasing the backscatter contrast during at runoff onset, while. Additionally, shallower snowpacks 

with lower SWE have less cold content and experience more frequent melt-refreeze events that complicate, complicating 

identification of runoff onset. Interestingly, limited C-band penetration depth in wet snow suggests that snow beneath the top 545 

~5-10 cm of the snowpack should not directly influence the backscatter response once the surface is wet (Lund et al., 2020; 

Nagler, 1996). Yet deeper snowpacks consistently show improved snowmelt runoff onset detection (e.g., Fig. A1), indicating 

that SWE likely serves as a useful proxy for the environmental conditions that influence the identification of the 

characteristic backscatter minimum. In this context, improved runoff onset estimate agreement with greater SWE likely 
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reflects two compounding effects: degraded runoff onset estimate agreement in shallow snowpacks with low cold content, as 550 

well as improved agreement in deeper snowpacks, where enhanced dry-snow volume scattering increases the backscatter 

contrast at runoff onset. Finally, the observed dependence of the SWE threshold on forest cover fraction also supports this 

signal-to-noise interpretation: dense forest canopies introduce additional background backscatter variability, requiring 

progressively more dramatic backscatter decreases during runoff onset to produce a backscatter minimum detectable above 

background backscatter variability.  555 

Temporal resolution affected agreement between our runoff onset estimates and snow pillow runoff onset estimates 

as wellshowed moderate but consistent effects, with decreased bias and spread in the residualsdecreasing as observation 

frequency improved,. This relationship  suggestings that low observation frequency may not fail to capture the characteristic  

SAR backscatter minimum, especially during rapid snowmelt transitions. Notably, theThis effect of temporal resolution was 

most pronounced at forest cover fraction between 0.4 and 0.7, where forest canopy-driven increases background backscatter 560 

variability, making makes observation frequency more critical. . 

Besides Beyond the effect of improved observation frequency alone, pixels with finer temporal resolution 

typicallylikely combinebenefit from the aggregation of multiple viewing geometries in our methodology, as they tend to 

have coverage from multiple independent relative orbits,. and thus multiple viewing geometries, some of whichThis might 

explain the reduced spread of residuals observed in the most densely forested areas (forest cover fraction exceeding 0.7) 565 

when temporal resolution is finer than 7 days. Different SAR viewing geometries may interact with forest canopies and 

underlying snowpack at varying incidence angles, potentially allowing some geometries to achieve better canopy penetration 

through canopy gaps or reduced canopy interference compared to other viewing geometries. This aggregation likely explains 

the reduced spread of residuals observed even in the most densely forested areas (forest cover fraction exceeding 0.7) when 

temporal resolution is finer than 7 days.In other words, areas with finer temporal resolution, which benefit from both high 570 

observation frequency and multiple viewing geometries, have improved runoff onset estimate agreement with snow pillow 

estimates, even in challenging densely forested environments. 

Areas with a combination of high forest cover fraction, low SWE, and coarse temporal resolution represent the most 

challenging conditions for reliable snowmelt runoff onset detection, often resulting in bias and spread of up to 320 days and 

spread exceeding 30 days. Conversely, in areas with forest cover fraction <below 0.5, greater than> 20 cm SWE, and 575 

temporal resolution of less than< 14 days, runoff onset estimate agreement with snow pillow estimates is optimal, as bias 

approaches 0 and spread approaches the temporal resolution of the underlying observations. Importantly, even when one of 

these factors is sub-optimal – such as moderately high forest cover but adequate SWE and finer temporal resolution, or 

coarse temporal resolution but sparse forest cover and adequate SWE – the runoff onset estimates typically display 

acceptable agreement with snow pillow estimates with bias of up to 7 10 days and spread of 7-145-20 days.  580 

Finally, the controls examined here are not exhaustive, and other factors likely affect runoff onset estimate accuracy 

and precisionagreement, such as terrain complexity, snow grain size evolution, land cover type and change, soil moisture and 

roughness, and local meteorological conditions.  
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5.3 Evaluation and comparison challenges 

Our comprehensive evaluation using 735 1,116 automated weather stations across the Western U.S., British Columbia, 585 

Norway, and Nepal demonstrates strong agreement between runoff onset estimates from our annual products and in situ 

snow pillows, with an. The overall evaluation metrics – a median difference of -21.0 days and a median absolute deviation of 

109.0 days (50% of residuals fall within 9.0 days)  – – indicate minimal systematic bias and a spread that approaches the 

temporal resolution of the original Sentinel-1 observations. This evaluation network samples all major classes of the global 

seasonal snow classification of Sturm & Liston (2021), though sampling density is highest in the Montane Forest class and 590 

lowest in the Tundra and Prairie snow classes (Fig. A5).  

The spatial distribution of station-level bias (Fig. 5b) follows the controls identified in Sect. 4.1: early bias where dense 

forest cover coincides with low SWE, and minimal bias elsewhere, between our runoff onset estimates and snow pillow 

estimates reveals systematic regional patterns that are consistent with our controls analysis. Stations with the largest biases – 

where our estimates occurred up to 30 days earlier than snow pillow estimates – were concentrated in the southern Rocky 595 

Mountains east of the continental divide, confirming that our empirically-derived thresholds provide effective guidance for 

optimal usage of our dataset.where dense forest cover coincides with low SWE. This regional clustering of large bias reflects 

the compounding effects of high forest cover fraction and low SWE. On the other hand, regions showing minimal bias 

correspond to sparse forest cover and high SWE, confirming that the annual runoff onset products perform well under the 

conditions we identified. This evaluation demonstrates that while forest cover fraction, SWE, and temporal resolution do 600 

create systematic regional spatial patterns in runoff onset estimate agreement with snow pillow estimates, our empirically -

derived thresholds provide effective guidance for optimal usage of our products. 

It is important to emphasize that both our product and snowmelt runoff onset estimates from snow pillow estimates 

of runoff onset measurements detect snowpack-scale processes – when water drains from the snowpack – rather than basin-

scale streamflow response. The timing that we report represents meltwater availability for subsurface infiltration and 605 

eventually streamflow contribution, not the arrival of water at stream gauges, which can lag by days to weeks depending on 

basin characteristics (Frisbee et al., 2011; Lowry et al., 2010).  

HoweverFurthermore, the two approaches detect different physical processes related to runoff onset, introducing 

natural timing offsets that complicate direct comparison. Snow pillows measure mass change in the snowpack and can 

register SWE reductions from various processes that may precede or follow actual meltwater outflow, while our SAR 610 

methodology aims to identify a characteristic backscatter minimum associated with changes to liquid water content and snow 

surface roughness that accompany the transition to the runoff phase. For example, sublimation and wind redistribution can 

modify SWE without changing the liquid water content in a snowpack, potentially leading to snow pillows indicating earlier 

runoff onset than our productearlier snow pillow estimates. Conversely, diurnal melt-freeze cycles, rain-on-snow events, and 

isolated warm periods may temporarily increase liquid water content and alter snow surface roughness before continuous 615 

runoff begins, potentially leading to our product indicating earlier estimates from our productrunoff onset than the snow 
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pillows (Carletti et al., 2025; Darychuk et al., 2025). Though our methodology attempts to minimize these early false 

positive runoff onset estimates by restricting the temporal search window to begin at the midpoint of the snow-covered 

period (Sect. 2.2.2), we cannot guarantee the removal of false positive runoff onset estimates later in the season. Figure A1 

illustrates how these challenges are compounded in shallow snowpack conditions, where snow pillow runoff onset timing 620 

becomes highly sensitive to small SWE fluctuations near the 95% maximum SWE threshold, and the signal -to-noise ratio of 

the SAR backscatter minimum is reduced, leading to larger timing offsets between the two methods. These challenges are 

further complicated by the episodic nature of snowmelt itself – snowpacks often cycle repeatedly between melt phases, 

potentially leading to multiple discrete instances of runoff onset in a single season (Dingman, 2015; Lund et al., 2022). 

Despite such dynamic melt seasons, our median aggregation of runoff onset estimates across multiple individual relative 625 

orbits provides robustness against such variability. Accordingly, the reported runoff onset dates from our annual runoff onset 

products are best understood as a robust characterization of the seasonal transition to sustained meltwater release rather th an 

a precise timestamp of a single discrete event. 

Beyond these fundamental measurement differences, several methodological constraints introduce additional 

uncertainty into the evaluation effortitself. First, the two methods have different temporal sampling: the snow pillow 630 

measurements have daily intervals, while the SAR observations occur at intervals ranging from 6 to 24 days depending on 

the Sentinel-1 observation plan.  This difference in temporal sampling manifests in the distribution of runoff onset estimates 

by water year (Fig. 5a). The bimodal distribution of daily snow pillow estimates reflects the influence of discrete synoptic-

scale weather-related melt events in distinct Western U.S. maritime and continental snowmelt timing regimes (Musselman et 

al., 2021), whereas the coarser and spatially variable temporal resolution of our products yields more normal distributions. 635 

AdditionallySecond, snow pillow measurement errors, such as meltwater pooling on the instrument surface, can distort the 

timing of SWE reduction (Webb et al., 2017). Finally, snow pillow and SAR geolocation uncertainty, as well as scale 

differences between point-based snow pillow measurements and the 80-meter SAR pixels within the 1000-meter station 

radius, contribute to additional timing differences in between the methods. Local spatial variability in SWE and snowmelt 

timing around these stations can be substantial over short distances, introducing uncertainty in representativeness (Meromy 640 

et al., 2013). However, statistical aggregation over the 7,2944,763 water- years observations across 735 1,116 stations 

ensures that these local effects do not compromise the overall conclusions of the evaluation. 

Despite these challenges, the overall agreement between our runoff onset estimates and snow pillow estimates 

confirms that our methodology can reliably detect snowmelt runoff onset across diverse landscapes, and. The observed the 

temporal evolution (Fig. 5b5a) further suggests that agreement between our runoff onset estimates and snow pillow estimates 645 

is primarily constrained by observation frequency rather than fundamental methodological issues.  

5.4 Recommendations for dataset users 

Though we discuss the physical underpinnings and compound effects of forest cover fraction, SWE, and temporal resolution 

in Sect. 5.2, here we provide more direct recommendations for users of our dataset.  
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For optimal usage of our annual runoff onset products, users should limit analysis to areas with forest cover fraction 650 

below 0.5, SWE above ~20 cm, and temporal resolution less than 14 days. Under these combined conditions, users can 

expect near-zero systematic bias and spread approaching the temporal resolution of the underlying observations. When only 

one factor is sub-optimal, the products typically remain useful, though users should avoid using the products in areas where 

multiple challenging conditions coincide. Users should consider the local temporal resolution when interpreting runoff onset 

dates for a given water year (see Fig. A3). In practice, tThese thresholds are best interpreted as approximate guidelines, as 655 

the underlying relationships are complex, and conditions just outside the recommended ranges may still yield useful 

estimates. To estimate expected retrieval quality for a given study area, users with independent SWE measurements can use 

local forest cover fraction together with the annual temporal resolution product to identify the expected bias and spread from 

the relationships shown in Fig. 4. These relationships provide practical quality guidance but should not be interpreted as 

formal per-pixel uncertainty estimates, particularly in snow regimes that are not well represented by the evaluation network. 660 

Additionally, in extreme high-elevation regions above 5000 m (~5% of the global seasonal snow area covered by 

our dataset), particularly in the tropical Andes and parts of High Mountain Asia, sublimation can often surpass snowmelt as 

the primary snow ablation mechanism (Ayala et al., 2023; Gascoin et al., 2013; Réveillet et al., 2020). The physical 

interpretation of backscatter minima in sublimation-dominated environments remains poorly understood, so we caution 

against the use of our snowmelt runoff onset dataset in such locations, especially if site-specific validation is not possible. 665 

Finally, our snow phenology dataset inherits known MODIS snow product limitations, including false positive 

snow presence identification in a small number of geographic settings – near turbid water bodies (e.g., on the Tibetan 

Plateau), over salt flats (e.g., in the Atacama Desert), and in regions with near-permanent cloud cover where cloud-snow 

misclassification is common (primarily the eastern slopes of the tropical Andes) (Hall & Riggs, 2021; Saavedra et al., 2017). 

These inherited false positive snow presence values can cause our algorithm to search for runoff onset where no snowpack 670 

existed, resulting in spurious estimates in the annual runoff onset products. Users with study areas in these specific settings – 

adjacent to turbid water bodies, over salt flats, or on the eastern slopes of the tropical Andes – are therefore encouraged to 

consult ancillary land cover data or independent snow cover data to verify snow presence in suspect pixels. 

5.5 Applications and future work 

This global snowmelt runoff onset dataset enables diverse applications across multiple disciplines. The annual runoff onset 675 

timing products can provide critical retrospective information on the location and timing of snowmelt for hydrological 

applications. This information can enable the study of the relationship between the spatial distribution of snowpack 

properties (e.g., snow depth and SWE) and downstream runoff timing and runoff volume. These insights could ultimately 

inform streamflow forecasting, especially in snow-dominated watersheds and watersheds lacking in situ observations. 

We demonstrate the scientific potential of this dataset in a complementary study that examines systematic 680 

relationships between geographic, topographic, and climatic factors governing snowmelt timing across diverse mountain 

environments, providing insights into the fundamental drivers of global snowmelt variability (Gagliano, 2025a, Gagliano et 
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al., in prep). We also consider the global population exposure to snowmelt timing variability through basin-scale evaluation 

of observed runoff onset timing anomalies across snow-dependent watersheds, revealing potential population vulnerability to 

interannual variability in runoff onset timing (Gagliano et al., in prep).  685 

Our dataset also offers broader insights into the spatial and temporal variability in snowmelt timing, which 

represents a sensitive indicator of climate change impacts in mountain environments. As the satellite record continues, 

researchers can analyze longer-term trends in snowmelt timing, as well as the relationships between snowmelt patterns and 

improved climate forcing data, potentially revealing teleconnections between large-scale atmospheric patterns and regional 

snowmelt dynamics. The capability of this dataset to detect anomalously early or late melt timing makes it particularly 690 

valuable for examining snowmelt responses to climate anomalies. 

More specialized scientific applications include investigating the coupled snow-fire system, where early snowmelt 

promotes more severe wildfire (Balik et al., 2026), and wildfire in turn modifies subsequent snowmelt timing (MacDonald et 

al., 2022; Rickenbaugh et al., 2026). Other scientific applications include examining the influence of light-absorbing 

particles and radiative forcing on spatial patterns of snowmelt timing (Skiles et al., 2018), quantifying the effect of forest 695 

properties on snowmelt timing (Lundquist et al., 2013), investigating the effects of forest management on snowmelt timing 

(Christopher-Moody, 2025), and examining the phenological responses to snowmelt across complex mountain terrain (John 

et al., 2020; Matias et al., 2024). Beyond these scientific applications, our dataset could enhance snowpack and hydrological 

model performance in data assimilation systems (Mirza et al., 2025), and can also help define the optimal spatial and 

temporal windows for reliable snow property retrievals from complementary remote sensing approaches – including 700 

Sentinel-1 volume scattering methods for snow depth estimation (Hoppinen et al., 2024; Lievens et al., 2022), and L-band 

InSAR ∆SWE estimation relevant to the recently launched NISAR mission (Alabi et al., 2025; Bonnell et al., 2021; Kaur et 

al., 2026; Palomaki & Sproles, 2023; Tarricone et al., 2023). 

Recent and Future future improvements in the temporal and spatial coverage of satellite SAR measurements could 

enhance the quality and coverage of future datasets created using our methodology. With tThe launch of Sentinel-1C (in 705 

December 2024) and restored the Sentinel-1 constellation to two operational satellites, and Sentinel-1D (launched in 

November 2025), and the conclusion of Sentinel-1A’s . operational mission in June 2026, the Sentinel-1 constellation now 

operates in a two-satelliteWhen Sentinel-1D becomes fully operational, it will replace the aging Sentinel-1A, ensuring long-

term continuity of the two-satellite configuration, ensuring long-term data continuity. For global snowmelt runoff onset 

applications, this a sustained two-satellite configuration offers a favorable balance of broad spatial coverage, fine temporal 710 

resolution, and strong runoff onset estimate agreement with snow pillows, as demonstrated by the 2017-2021 period in this 

datasett, yields superior spatial coverage, temporal resolution, and runoff onset estimate agreement with snow pillow 

estimates relative to single-satellite operations. The The recently launched L-band NISAR L-band SAR mission offers 

potential to extend snowmelt detection beneath dense forest canopies due to greater penetration through vegetation than the 

C-band Sentinel-1 data. Though limited by proprietary data policies and spatial coverage, rapidly expanding commercial 715 

SAR constellations offer sub-daily revisit capabilities and very high spatial resolution, which could enable even more precise 
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estimation of snowmelt timing. These advances in satellite SAR, combined with continued algorithm refinements and 

expanded validation evaluation efforts across different geographic regions and climate zones, will enhance future dataset 

versions and broaden their applicability across an even wider range of scientific and applied contexts. 

6 Data and code availability  720 

The global snowmelt runoff onset dataset is available at https://doi.org/10.5281/zenodo.16953614 (Version 1.1.0, Gagliano 

et al., 2026), and the software used to generate it is available at https://github.com/egagli/global_snowmelt_runoff_onset 

(Gagliano, 2026). The MODIS-derived snow phenology dataset is available at https://doi.org/10.5281/zenodo.15692530 

(Gagliano, 2025b), and the software used to generate it is available at 

https://github.com/egagli/MODIS_seasonal_snow_mask (Gagliano, 2025c). 725 

7 Conclusions 

This global snowmelt runoff onset dataset provides the first comprehensive high-resolution characterization of snowmelt 

timing across Earth’s seasonal snow-covered regions. By combining multiple orbital geometries of Sentinel-1 C-band SAR 

with a custom MODIS-derived snow phenology dataset, we developed a robust methodology for detecting the characteristic 

backscatter minimum associated with snowmelt runoff onset, producing a global 80-meter snowmelt runoff onset record 730 

spanning water years 2015 to 2024. 

A comprehensive evaluation of our dataset using 735 1,116 automated weather stations in across the Western U.S., 

British Columbia, Norway, and Nepal over a 10-year period confirmed the reliability of our methodology, with a median 

difference of -12.0 days and a median absolute deviation of 109.0 days compared to in situ snow pillow measurements. We 

performed a systematic analysis to understand the effects of forest cover fraction, SWE, and temporal resolution on runoff 735 

onset estimate agreement with snow pillow estimates. Forest cover fraction emerged as the dominant control, with strong 

agreement below forest cover fraction of 0.5. We identified a critical threshold of ~20 cm of SWE, below which snowmelt 

runoff onset could not be reliably detected. Finally, we observed improved agreement with finer temporal resolution.  

This open dataset and associated open-source tools can support a wide range of applications in hydrology, climate 

science, ecology, and water resource management. The methodological framework and empirically-derived usage 740 

recommendations provide guidance for appropriate dataset application and may inform future SAR satellite mission 

requirements for snow observations. Together, this dataset and methodology add to the growing body of observations needed 

to better understand and monitor global snowmelt in the coming decades.  

https://doi.org/10.5281/zenodo.16953614
https://github.com/egagli/global_snowmelt_runoff_onset
https://doi.org/10.5281/zenodo.15692530
https://github.com/egagli/MODIS_seasonal_snow_mask
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Appendix A 

 745 

 

Figure A1. Snow pillow runoff onset and Sentinel-1 SAR backscatter minimum timing at Virginia Lakes Ridge SNOTEL station in 

California (846_CA_SNTL) for a high-SWE water year (WY 2017, left column) and a low-SWE water year (WY 2021, right column). 

Top panels show daily in situ snow pillow SWE measurements, horizontal dashed line marks 95% of maximum measured SWE for the 

water year, and red vertical line with triangle indicates the snow pillow runoff onset date – the day when SWE decreased below the 95% 750 
threshold (Sect. 2.3). Middle panels show Sentinel-1 backscatter time series for each relative orbit (blue solid lines). Green and purple 

dashed vertical lines indicate snow appearance and disappearance dates, respectively, from the MODIS-derived snow phenology dataset. 

The shaded blue region denotes the temporal search window for the backscatter minima determination (Sect. 2.2.2), dotted vertical lines 

with colored triangles show the per-orbit timing of backscatter minima, and the bold black vertical line with triangle shows the median 

timing of the per-orbit backscatter minima – the SAR-derived runoff onset date used for the water year. Bottom panels summarize the 755 
signed timing difference between the two runoff onset estimates (SAR minus snow pillow). In the high-SWE year, a well-defined SWE 

maximum and a pronounced, unambiguous backscatter minimum yield close agreement between methods (-6 days). However, in the low-

SWE year, a shallower snowpack leads to a less distinct melt onset signal in both records: SWE near the 95% threshold persists over a 

broad period, and the backscatter minimum is less pronounced, together introducing ambiguity into both runoff onset estimates and 

resulting in a larger offset between the two methods (-18 days). 760 
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Figure A2. Global snowmelt runoff onset composite products with polar stereographic projection for the Northern Hemisphere. (a) 10-

year median snowmelt runoff onset, (b) 10-year median absolute deviation, and (c) 10-year local median temporal resolution composite 

product.  

 765 
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Figure A3. Snowmelt runoff onset (day of water year) and temporal resolution (days) for each water year. 
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Figure A4. Per-pixel count of water years with valid annual snowmelt runoff onset estimates. The variable density of 770 

temporal coverage is largely determined by the number of operational satellites in the Sentinel-1 constellation and data 

acquisition plans. 
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Figure A5. Evaluation network representativeness. (a) Locations of the evaluation stations overlaid on the global seasonal 775 

snow classification of Sturm & Liston (2021). (b) Number of 80 m sampled pixels within 1000 m radius of evaluation 

stations used in our pixel-wise analysis (Sect. 4.1, Fig. 4) by seasonal snow class. 
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