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ABSTRACT   

 

 

CAPTURING THE ONSET OF SNOWMELT IN HIGH ELEVATION POST-FIRE 

LANDSCAPES 

 

 

 

In the Western United States, the increased threat of fire has impacted ecosystem health 

in high-elevation areas, as well as the associated water resources. Although fires have 

historically occurred in low-elevation forests adapted to fire conditions, in recent years, Colorado 

has experienced several high severity fires at higher elevations in areas critical to water storage. 

With much of the west relying on snow-dominated watersheds for water storage and availability, 

assessing the impacts of these fires on snowpack is critical. 

Although there has been recent research assessing snowpack trends in Colorado, remote 

sensing techniques using Sentinel-1 (S1) have had limited application. This study uses S1 

Synthetic Aperture Radar (SAR) to detect the onset of snowmelt in high severity, high elevation 

sites in the Southern Rocky Mountains of Colorado and Southern Wyoming. Sites were 

compared to assess the interannual variability of the onset of snowmelt post-fire, and a 

multivariate regression was used to determine the effect of northness and elevation on the onset 

melt dates. Results were compared to SNOTEL station closest to each fire for comparing onset 

of melt dates in relation to peak SWE. 
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 1. INTRODUCTION  

 

 

 

Across the Western United States, snow dominated watersheds provide essential water 

resources (Barnett et al., 2005; Bales et al., 2006). These montane watersheds store critical water 

sources in the form of snow, which influences water availability in the spring during snowmelt 

(Mote et al., 2005; Stewart et al., 2005; Li et al., 2017; Koshkin et al., 2022; Hale at al., 2023). 

Water from snowmelt that flows downstream is especially important during the dry summer 

months when inputs from precipitation are more variable and demand from ecosystems, people, 

agriculture, and evaporative losses are highest (Bales et al., 2006; Dozier, 2011; Mankin et al., 

2015; Mote et al., 2018;  Immerzeel et al., 2019; Elias et al., 2021). In areas like Colorado’s 

Front Range, and other urban areas of the Western United States, population increases have put 

further strain on these montane watersheds (McDonald et al., 2011; Warziniack & Brown, 2019; 

Heidari et al., 2021; Warziniack et al., 2024).   

Assessing how much water is available during prolonged dry months requires an 

understanding of snow accumulation, runoff efficiency, and timing, all of which are facing 

impacts due to climate change (Cayan, 1996; Mote, 2003;  Barnett et al., 2005, Hamlet et al., 

2005; Regonda et al., 2005; Pierce et al., 2008; McCabe & Wolock, 2009; Hammond et al., 

2018; Fassnacht et al., 2018; Fassnacht et al., 2020).With declines in peak snow water equivalent 

(SWE) and earlier onset of snowmelt in recent years (Dudley et al., 2017; Elias et al., 2021; Hale 

et al., 2023), it is becoming increasingly important to study how these dynamics are changing 

(Stewart et al., 2008; Fassnacht et al., 2018)
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Climate change is also increasing the occurrence of high elevation wildfires across the 

West, creating new post-fire landscapes, leading to changes in forest structure and snow 

retention in these areas (Higuera et al., 2021; Kampf et al., 2022; Wasserman & Mueller, 2023). 

Historically, fires in Colorado have been mainly in low elevation Ponderosa Pine forests, adapted 

to frequent low severity fires during the summer months (Kaufmann et al., 2000; Veblen et al., 

2000; Baker, 2018; Battaglia et al., 2018; Hagmann et al., 2021; Parks et al., 2023). Ponderosa 

forest fires have a recurrence of five to twenty-five years while forest communities at higher 

elevation have historically had a fire recurrence of 50-300 years, depending on the forest 

structure (Table 1.1) (Colorado State Forest Service, 2023). However, as drought conditions have 

become more frequent, fires have spread to higher elevation forests and are burning at higher 

severity over larger areas at a recurrence of less than 50 years (Stevens-Rumann et al., 2017; 

Alizadeh et al., 2021; Busby et al., 2020; Kampf et al., 2022; Davis et al., 2023). These forests 

can take hundreds of years to regenerate, leaving large areas of the mountains without canopy 

cover, an essential piece of snow energy dynamics (Mazzotti et al., 2022; Sun et al., 2022; Rutter 

et al., 2023).  

Table 1.1 Tree types and fire recurrence in Colorado 

Tree Type Fire recurrence  

Ponderosa Pine 5-25 years (Colorado State Forest Service) 

Lodgepole Pine 100-300 years (Turner et al., 2019) 

Engleman Spruce 150-300+ years (Colorado State Forest 

Service, 2025) 

Sub-alpine Fir 150-300+ years (Colorado State Forest 

Service, 2025) 

Mixed Spruce-Fir 300+ years (Colorado State Forest Service, 

2025) 
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Summer and fall of 2020 brought an unprecedented fire season for Colorado, with five 

high severity wildfires across the forests of the state (Kampf et al., 2022). The Cameron Peak 

fire, the largest in Colorado history, spanned roughly 208,000 acres, and burned in high elevation 

forests which store snowpack (McGrath et al., 2023). Fires have devastating consequences on 

watershed health, impacting water retention in soils and water quality of runoff and rivers 

(Thompson et al., 2013).  Previous studies have found changes in snow disappearance date 

(SDD) and snow duration in high elevation burn areas, specifically areas with more sun exposure 

(Kampf et al., 2022; Reis et al., 2024). Burned areas also have shown to have reduced maximum 

snow water equivalent (SWE) values, and earlier maximum SWE dates (Giovando & Niemann, 

2022). These impacts, combined with the expected decrease in snowpack in the Western United 

States (Evan, 2019; Livneh & Badger, 2020), has led to an even greater need to understand the 

spatio-temporal and interannual variability of snowmelt (Clow, 2010) in these areas. 

With snow being a critical source of water storage, the Natural Resources Conservation 

Service (NRCS) created a network of snow telemetry (SNOTEL) sites designed to estimate 

runoff volumes from snow throughout the Western United States (USDA, 2025). Although these 

sites have a long period of record, they only provide point source data, and do not cover the 

spatial variability of snowpack (Daly et al., 2000; Meromy et al., 2013). When considering the 

challenge of surveying in montane terrain, remote sensing techniques, such as satellite data, 

provide a way to analyze larger study areas for snowpack properties at a regular frequency.  

The European Space Agency's (ESA) Sentinel missions, the constellation satellites 

Sentinel-1A and 1B (S1) provide applications in snow and water resources through synthetic 

aperture radar (SAR) (ESA, 2024).  With a return interval of 5-8 days at mid-latitude depending 

on constellation availability, these satellites do not have as fine of a temporal resolution as a 
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SNOTEL site. However, the spatial resolution allows for the monitoring of larger study sites on a 

consistent schedule during the winter and spring months. Radar remote sensing, such as from 

Sentinel-1's C-band SAR, has proven useful in detecting changes in snowpack, such as the onset 

of melt, due to the sensitivity of microwave radiation (Marin et al., 2020). With SAR, liquid 

water can absorb the received signal, meaning the returned backscatter signal is very weak and 

can be differentiated from dry surface conditions, a very useful property for determining when 

versus dry snow conditions (Nagler et al., 2016; Gagliano et al., 2023). 

With changes in snow timing and properties, a combination of SNOTEL measurements 

and satellite data provides a way to increase understanding of the spatio-temporal variability of 

snow at a larger scale and more cost-effective price-point than paid services like Airborne Snow 

Observatories flights. This study aimed to assess the viability of using Sentinel-1 C-band SAR to 

determine the onset of snowmelt using the minimum backscatter date method (Marin et al., 2020, 

Gagliano et al., 2023) within 5 mid-latitude post-fire landscapes in the Southern Rocky 

Mountains. The research objectives of this project focused on: 1) using Sentinel-1 to determine 

the onset of snowmelt date for high severity post-fire pixels, 2) assess the interannual variability 

in the onset of snowmelt for high severity pixels, 3) determine the relationship between the onset 

of snowmelt and topographic features of the study areas, and 4) compare the onset of snowmelt 

to SNOTEL peak snow water equivalent (SWE) values for the period of record (2021-2025). 
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2. LITERATURE REVIEW 

 

 

 

2.1 Wildfires and Snow 

With the potential for largescale wildfire activity in the Western United States growing 

(Barbero et al., 2015; Keyser et al., 2017), the impacts which these events have on snowpack 

have been increasingly studied. Historically, wildfires in Colorado occurred in low elevation 

Ponderosa Pine forests with 30 to 40-year recurrence interval and variable severity regime 

(Sherrif & Veblen, 2007). Higher severity fires were found to have a recurrence of roughly 400 

years (Williams & Baker 2012). However, the occurrence of large-scale high severity fires has 

been increasing (Marlon et al., 2012). This is due to several factors, including changes in climate, 

forest management, and increased human interactions. In the 20th century, the fire regime was 

mainly controlled by climate (Littel et al., 2009). In a study conducted by Marlon et al. (2012), 

charcoal and fire-scar data were compared to historical fire data, and concluded that due to 

suppression and changing climate, there has been an increase in “fire deficit”, leading to a 

greater frequency of fires in a shorter time span. During the 20th century, suppression of wildfire 

led to a buildup in fuels (Agee & Skinner, 2005; Kreider et al., 2024). In addition, longer dry 

periods have increased the risk of fire as well, causing greater amounts of fuel loading and severe 

fire conditions (Gedalof et al., 2005; Westerling et al., 2006; Morgan et al., 2008; Westerling, 

2016; Keyser et al., 2017). Topography, especially aspect, slope, and elevation, can also impact 

fire growth and severity (Dillon et al., 2011; Kane et al., 2015; Estes et al., 2017; Povak et al., 

2018). Ultimately, this increase in frequency of high elevation fires at larger scale and severity is 

unprecedented considering the history of the fire regime in Colorado (Kampf et al., 2022).  



6 

   

 

 

In addition to landscape change, recent wildfires in montane watersheds pose threats to 

watershed health (Bladon et al., 2014; Hallema et al., 2018; Rhoades et al., 2018; Hohner et al., 

2019; Robinne et al., 2019; Robinne et al., 2021; Kampf et al., 2022). Researchers have also 

found that a fire's intensity and duration, and its location in a watershed, can determine the 

severity of impacts (Ice et al., 2004). Since fires cause watershed impacts, as fires have more 

frequent occurrence in high elevation areas, snowpack is affected too. When forested watersheds 

burn at high severity, there is a large loss in canopy, which often acts as a form of interception of 

snow during the winter season (Reis et al., 2024). In turn, this allows more snow to accumulate 

(Winkler, 2011). However, this loss of canopy coverage can lead to other issues. In the years 

post fire, debris and ash from burned trees can lead to decreased snow albedo, which affects the 

amount of shortwave radiation that is absorbed by the snowpack (Gleason et al., 2013; Gleason 

& Nolin, 2016; Kampf et al., 2022; Reis et al., 2024; Surunis & Gleason, 2024). With increased 

shortwave radiation from direct sunlight and decreased longwave radiation due to lack of canopy 

cover, there is an imbalance. Lack of tree cover can also lead to more wind redistribution (Ewing 

and Fassnacht, 2007; Burles & Boon, 2011), as open spaces can create potential for more snow 

movement, leading to greater shifts in sensible and latent heat fluxes. Due to the spatial 

variability of snow, wildfire impacts on snow distribution and melt vary depending on terrain, 

climate, and vegetation (Harpold et al., 2013; Lundquist et al., 2013; Maxwell et al., 2018; 

Kampf et al., 2022).  

In the Western United States, the amount of montane area affected by fires is increasing 

(Kampf et al., 2022). With more fires occurring within seasonal snow zones, there may be 

decreases in SWE, and earlier maximum peak SWE (Giovando & Neimann, 2022).  Following 

the Cameron Peak Fire, Kampf et al. (2022) compared burned and unburned sites at varying 
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snow zones to assess changes in peak SWE and snow depth. They found that in 2021, the year 

immediately following the fire, burned sites had earlier peak SWE dates, and generally lower 

SWE throughout the season at sites where melt generally began between late April and early 

May. This indicates earlier snow loss post-fire in areas of seasonal snow, which could have long 

term impacts on water storage and availability in these areas. 

2.2 Microwave Remote Sensing and Snow 

Microwave remote sensing has been used for more than 50 years (e.g., Foster et al., 1984; 

Chang et al., 1987) to analyze SWE for shallow snowpacks. While in-situ measurements can 

provide insights into the properties of a snowpack in the area which they are collected, the high 

spatial variability of snow means these measurements are often not representative of an area as a 

whole (Meromy et al., 2013; Gascoin et al., 2019). Because of this, the implementation of 

microwave remote sensing allows for the assessment of snowpack over a larger scale, helping to 

better account for the spatial variability of snow presence and snowpack properties, especially in 

montane regions (Foster et al., 2004; Li et al., 2012). Further, unlike optical remote sensing, 

microwave remote sensing is minimally impacted by cloud cover.  

Starting with the launch of the Scanning Multichannel Microwave Radiometer (SMMR), 

passive microwave has been assessed as a method for detecting snow properties at watershed 

scale in shallow, non-wet snowpacks (Rango & Litten, 1976, Hall et al., 2006). Since the late 

20th century, it has been understood that spaceborne passive microwave has the potential to help 

in determining snow water equivalent (SWE) and the onset of snowmelt with the help of post-

processing algorithms (Chang et al., 1979; Foster et al., 1984; Dietz et al., 2012; Frei et al., 

2012). Early studies proved the viability of this methodology through comparison with in-situ 

ground measurements (Hall et al., 1991; Derksen et al., 2005; Cordisco et al., 2006; Kongoli et 
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al., 2007) and determined the limitations of passive microwave, such as vegetative cover and 

montane terrain decreasing the accuracy of returned images (Walker & Goodison, 1993; Tait, 

1998).  

With increasing availability of spaceborne satellite options, optical imagery has also been 

a widely used method in the snow community. The three main sensors used in this methodology 

are the National Aeronautics and Space Administration's (NASA) Moderate Resolution Imaging 

Spectroradiometer (MODIS) satellite, the United States Geological Survey’s (USGS) Landsat 

satellite, and the European Space Agency’s (ESA) Sentinel-2 constellation (Justice et al., 1998; 

Drusch et al., 2011; Roy et al., 2014). All three of these satellites provide the bands needed to 

calculate metrics such as Normalized Difference Snow Index (NDSI). MODIS provides daily 

returns at 500m resolution (Hall et al., 1995), Landsat-8 provides a return every 16 days at 30m 

resolution, and Sentinel-2 provides a 20m resolution with a variable return depending on location 

(Gascoin et al., 2019; Revuelto et al., 2021). Since Sentinel-2 was launched in 2015 (ESA, 

2024), it has a shorter available period of record than Landsat and MODIS but provides a finer 

scale image at a faster rate of return (Hofmeister et al., 2022). Previous studies have used coarse 

MODIS data to complete large scale data analysis of Snow Covered Area (SCA) and fractional 

snow cover (fSCA) to produce snow maps (Hall et al., 2002; Painter et al., 2009; Moore et al., 

2015; Saavedra et al., 2015; Mason et al., 2018; Hammond et al., 2018) and determine snow 

presence and persistence (Klein and Barnett, 2003; Parajka &  Blöschl, 2006; Pu et al., 2007; 

Gafurov & Bardossy, 2009). For example, in Moore et al. (2015), MODIS data was downscaled 

from 500m resolution to produce SCA images across Western North American mountain ranges 

to define elevations for intermittent, transitional, and persistent snow zones. Landsat has been 

used to generate finer scale SCA maps, but due to its longer return period has greater limitations 
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in areas with increased cloud cover (Parajka and Blöschl, 2008; Gascoin et al., 2015). To reduce 

resolution or temporal limitations, recent studies have combined MODIS and Landsat with 

Sentinel-2 imagery. In Revuelto et al. (2021), MODIS imagery was downscaled spatially using 

trained Sentinel-2 data. This improved the resolution and allowed for a longer record period than 

Sentinel-2 (Revuelto et al., 2021).  

Although spectral imagery can be highly beneficial for determining SCA and other snow 

properties, it is limited by nightfall and cloud cover. When clouds are present, no data can be 

inferred from the imagery. However, Synthetic Aperture Radar (SAR), an active microwave 

option, offers a way to fill this gap. SAR, which transmits microwave signals, returns a 

backscatter value rather than a spectral image, helping in determining the physical properties of a 

surface (ASF, 2024). SAR is especially useful in determining the presence of liquid water on a 

surface and has been used as a method to determine SWE and onset of snowmelt, as it is highly 

sensitive to liquid water content within a snowpack (Marin et al., 2020). During snow season, 

when the snow is frozen, the returned signal from SAR is from surface scattering (Matzler, 1987; 

Shi and Dozier, 1995; Nagler and Rott, 2000). However, as it gets closer to peak SWE, and 

ablation begins, the main returned signal comes from the water in the snowpack, as opposed to 

surface scattering (Shi and Dozier, 1995; Nagler and Rott, 2000). With SAR, there is an inverse 

correlation between backscatter value and liquid water content (LWC) in a snowpack. This 

means that as LWC increases during melt season, the returned backscatter value decreases, with 

the lowest backscatter value of the season being the onset of melt (Marin et al., 2020). Physical 

snowpack properties, such as depth, density and grain size, as well as terrain features and canopy 

coverage of an area, can impact the magnitude of a SAR backscatter (Liu et el., 2006; Pivot, 

2012; Darychuk et al., 2022).  
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The ESA’s Sentinel-1 constellation, which is C-band SAR with a frequency of 5.405 

GHZ, is the main spaceborne microwave imager currently used for snow. Sentinel-1 in 

Interferometric Wide swath (IW) mode, which offers dual-polarized channels (VV and VH), can 

be used to generate melting snow maps based on change detection for classification of dry versus 

wet snow (Nagler et al., 2016). Other studies have used the dual-polarization with satellite or 

derived azimuth angles to retrieve backscatter values for the detection of wet versus dry snow 

using change detection across various field sites (Li et al., 2017; Lund et al., 2020; Liu et al., 

2020; Marin et al., 2020; Liang et al., 2021; Lund et al., 2022; Tedesche et al., 2022; 

Mahmoodzada et al., 2022; Gagliano et al., 2023). Using Sentinel-1 SAR to track melt and 

diurnal cycling of snow (melt-refreeze) may be beneficial in assessing snowpack energy balance, 

as well as used in runoff forecasting and modeling (Lund et al., 2020). Different relative orbits 

and incidence angles can be used to isolate ideal wet snow incidence angles and orbits for 

specific sites and conditions (Lund et al., 2022; Drychuk et al., 2023). Multiple available 

Sentinel-1 orbits (both ascending and descending), incidence angles, and polarizations ensure 

greater temporal resolution for mid and high latitude sites (Gagliano et al., 2023). With more 

polarizations and incidence angles, the method of Galiano et al. (2023) returned reliable onset of 

melt dates for the Mount Ranier study site consistent with in-situ measurements. 

From previous work, the use of C-band SAR for determining SWE and onset of 

snowmelt clearly has viable applications, yet most sites studied were in polar regions, on 

glaciers, or in the high alpine. These areas can provide study sites where there is less variability 

in energy inputs and less vegetative cover than forested environments.  There has been limited 

use of the Nagler et al. (2016) methodology in more mid-latitude snowpacks, especially in 

Colorado and Southern Wyoming. This could in part be due to Sentinel-1's decreased accuracy at 
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snow retrieval under dense canopy cover (Nagler et al., 2016; Lievens et al., 2022), and a less 

consistent backscattering difference from a frozen or snow-free reference (Hoppinen et al., 

2024). The Gagliano et al. (2023) study confirms that to use this backscatter minima 

methodology to define the onset of melt date, there must be less than 50% canopy coverage in a 

pixel. For the study conducted at Mount Rainier, areas were masked using a world landcover 

dataset to reduce erroneous backscatter returns.  

Although Sentinel-1's sensitivity to vegetation generally makes its applications limited in 

areas like Colorado, high severity burn areas offer a unique opportunity to use this methodology. 

In high severity burn areas, where vegetative cover has been reduced, Sentinel-1's 5.405 GHZ 

wavelength can accurately return a backscatter value for the snow within the pixel. Therefore, 

the application of the Gagliano et al. (2023) Sentinel-1 derived onset of melt is viable for these 

high severity post-fire landscapes of Colorado and Southern Wyoming. Because of the 

variability of the melt season in the Southern Rockies region, increasing temporal resolution 

using this method is beneficial, and the multi-incidence angles and polarizations defined in 

Gagliano et al. (2023) was therefore used in this study. This study will offer insight into the 

application of this methodology in high-severity post-fire landscapes at mid-latitude and provide 

a more in-depth understanding of onset of melt characteristics in these areas. 
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3. STUDY AREA 

 

 

 

This study focused on five high-elevation fires that occurred in Colorado and Southern 

Wyoming during the unprecedented fire season of 2020 (Figure 3.1, Figure 3.2). Four of these 

fires were in Colorado, with one predominantly located in Southern Wyoming. They ranged in 

size from 14,833 acres to 208,000 acres (Table 3.1). Each of these fires, unlike most previous 

fires, burned in higher elevation areas (Kampf et al., 2022). An average of 28% of each study 

area burned at MTBS differenced Normalized Burn Raio (dNBR) level 4, which has been 

defined as high severity. For this study, only areas in this highest burn severity were assessed, in 

order to align with the Sentinel-1 limited accuracy through canopy cover (Bazzi et al., 2024).  

Within the five burn perimeters, severe burns occurred in both the transitional and 

seasonal snow zones, as defined by Richer et al. (2013). This zone is critical to seasonal water 

storage in Colorado, with the seasonal snow zone storing a majority of Colorados water during 

the winter months (Pederson et al., 2013; Fassnacht et al., 2018; Hammond et al., 2021; Hale et 

al., 2024).  For each of these fires, the focus was high severity burn pixels in the seasonal snow 

zone (as defined by Richer et al., 2013; Moore et al., 2015) that retains snow throughout the 

winter season, every winter on record; although the transitional snow zone also holds snow for 

the entire winter in some years.  

The study areas ranged in elevations from 1878 m to 3546 m (Table 3.1). The Cameron 

Peak Fire had the largest range of elevations, while Mullen had the smallest elevation range 

(Figure 3.3). Elevations across the study sites were normally distributed for all study areas, 

except for Mullen (Figure 3.3). The distribution of aspect values across study sites was skewed 
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towards north-facing pixels. This is more prominently seen in the Cameron Peak and Williams 

Fork study areas (Figure 3.4).  

In addition to the five study areas, corresponding SNOTEL stations were selected based 

on distance from the burn perimeters (Table 3.2). Fires were given either 2 or 3 SNOTEL 

stations for analysis depending on station availability and distance. Some study areas, like 

Williams Fork, had SNOTEL sites within 4km of the burn perimeter, while others, such as the 

Mullen, had stations farther away (Figure 3.5).  
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Figure 3.1 Location of the five fires within the Contiguous United States. Fire perimeters are 

shown in red.  
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Figure 3.2 Maps of the five fire perimeters (shown in grey) with the high severity burn areas 

(study areas) in red.  

Table 3.1 Metadata for the five study areas. Total acreage and burn severity are for the entire fire 

perimeters, and the elevation range and dominant aspect are for severe burn areas only.  Aspect 

percentages indicate the percent of high severity pixels that fall into that aspect bin.  

Fire Total Area 

(Acres) 

Severe Burn 

(%) 

Elevation 

Range (m) 

Dominant 

Aspect 

Cameron Peak 

Fire (CPF) 

208,913 38.4 1878-3523 NW (21.3%) 

East 

Troublesome 

Fire (ETF) 

193,812 24.9 2478-3546 NW (17.5%) 

Mullen Fire 

(MF) 

176,878 26.0 2280-3157 N (19.2%) 

Middle Fork 

Fire (MFF) 

20,433 27.3 2441-3390 N (26.2%) 

Williams Fork 

Fire (WFF) 

14,833 25.8 2642-3542 NE (28.9%) 

 

Table 3.2 Metadata for selected SNOTEL sites. The closest fire and distance are included.  
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Station Name Latitude Longitude Elevation 

(m) 

Nearest 

Fire 

Distance to Fire 

(km) 

Long Draw 

Reservoir 

40.51 -105.77 3045 CPF 18.35 

Never Summer 40.4 -105.96 3139 ETF 19.18 

Zirkel 40.79 -106.6 2841 MFF 22.66 

Middle Fork Camp 39.8 -106.03 2731 WFF 4.14 

Jones Pass 39.76 -105.91 3176 WFF 11.92 

Cinnabar Park 41.24 -106.23 2947 MF 15.81 

Lost Dog 40.82 -106.75 2847 MFF 20.96 

Stillwater Creek 40.23 -105.92 2670 ETF 9.62 

Phantom Valley 40.4 -105.85 2752 ETF 23.90 

Roach 40.87 -106.05 2960 MF 32.58 

Deadman Hill 40.81 -105.77 3121 CPF 27.02 

Joe Wright 40.53 -105.89 3091 CPF 26.45 

Tower 40.54 -106.68 3234 MFF 12.72 

North French 

Creek 

41.33 -106.38 3094 MF 26.46 
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Figure 3.3 The range of elevation values for high severity pixels for all study areas. Most pixels 

fall into the 2750-3250 m range. Cameron Peak has a noticeably wider range of elevations. 
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Figure 3.4 Distribution of aspect by pixel for all study sites. There is a greater concentration of 

north-facing pixels for all fires. 
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Figure 3.5 Map of the five fires and nearby SNOTEL stations. Stations are color coded to match 

their corresponding study area. 
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4. DATA ACCESS 

 

 

 

4.1 Sentinel-1 Data 

The Synthetic Aperture Radar (SAR) data for this study are from C-band Sentinel-1 

returns. Sentinel-1 is part of the European Space Agency’s (ESA) Copernicus Program 

(https://browser.dataspace.copernicus.eu/, Accessed Oct. 7, 2025), and has been fully active 

since 2016 (ESA, 2025). The system is comprised of Sentinel-1A and Sentinel-1B, which are 

near-polar orbiting and positioned at 180 degrees apart. Sentinel-1B has been out of operation 

since December 2021.  

For this study, Sentinel-1 data were collected in Interferometric Wide Swath (IW) mode 

at 5x20m resolution and at a 250m swath. Returns occurred at approximately 6:00 and 18:00 

local time. The Sentinel-1 dataset used is a Radiometrically Terrain Corrected (RTC) dataset 

hosted as 32-bit cloud-optimized geotiffs on Microsoft's Planetary Computer 

(https://planetarycomputer.microsoft.com/dataset/sentinel-1-rtc, Accessed Oct. 7, 2025), and 

were accessed using a STAC API (Microsoft Open Source et al., 2025). This RTC dataset uses 

multiple look angles and the 30m PlanetDEM digital elevation model for terrain correction 

(Small, 2011; Planet Observer, 2017). All polarizations (vv and vh) and multiple incidence 

angles (29.1 - 46.0 degrees) were used to allow for a more frequent return over each pixel within 

the study areas (Gagliano et al., 2023). This method increases temporal resolution of Sentinel-1 

to approximately 8 days between returns when one satellite was available (starting December 

2021, only Sentinel-1A was collecting data) and approximately 5 days when both satellites in the 

constellation were operational. Using only one polarization or angle caused a decrease in the 

https://browser.dataspace.copernicus.eu/
https://planetarycomputer.microsoft.com/dataset/sentinel-1-rtc
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temporal resolution to 12 or more days (Gagliano et al., 2023), and thus both the vv and vh 

polarizations and multiple look angles were used. More returns during the melt season are 

helpful in determining a more precise onset of melt date. For the study sites, the onset of melt 

date is within a window of 5 to 8 days depending on satellite availability. 

4.2 In-Situ Data 

In-situ data from the SNOTEL network were used to determine peak SWE dates to 

compare to the Sentinel-1 onset of snowmelt maps. The National Resource Conservation Service 

(NRCS) maintains the SNOTEL network, which contains over 800 active sites in the Western 

United States for monitoring mountain snowpack conditions (Fleming et al., 2023; USDA 

NRCS, 2025: https://wcc.sc.egov.usda.gov/nwcc/tabget). Daily SWE values were downloaded 

for each station for the 2021-2025 snow years and filtered to isolate the onset of melt season and 

find peak SWE.   

4.3 Terrain Data 

A 10m (1/3 Arc Second) United States Geological Survey (USGS) digital elevation 

model (DEM) was accessed through the National Map Data Download Application 

(https://www.usgs.gov/the-national-map-data-delivery/gis-data-download, Accessed Oct. 7, 

2025). This DEM was used to obtain elevation data, and compute slope, aspect, and diurnal 

anisotropic heating (DAH) for the study areas.  

4.4 Burn Severity Data 

Burn Severity maps for the fires in this study were accessed from the Monitoring Trends 

in Burn Severity (MTBS) program. This is an interagency program dedicated to assessing 

landscape and forest conditions post fire (MTBS, 2025). Burn severity maps were developed by 

https://wcc.sc.egov.usda.gov/nwcc/tabget
https://www.usgs.gov/the-national-map-data-delivery/gis-data-download
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calculating the differenced normalized burn ratio (dNBR) for pixels within a fire and assigning 

thematic class values to them (MTBS Mapping Methods, 2025). MTBS dNBR maps were 

downloaded from the MTBS data portal ( https://mtbs.gov/direct-download, Accessed Oct. 7, 

2025).  

Table 4.1 Remotely sensed data sources with their units, resolution, and final resolution for this 

study. The USGS DEM and MTBS dNBR rasters were resampled to the S1 SAR 20m resolution 

for analysis. 

Source Type Units Resolution Resolution after 

resampling 

Sentinel-1 SAR Backscatter HZ 20m 20m 

USGS 

DEM 

Digital Elevation 

Model 

Meters 10m 20m 

MTBS dNBR Numerical 30m 20m 

 

 

 

 

 

 

 

 

 

 

 

https://mtbs.gov/direct-download
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5. METHODOLOGY 

 

 

 

5.1 Sentinel-1 Processing  

To calculate runoff onset date, the methodologies outlined in Marin et al. (2020) and 

Gagliano et al. (2023) were used. These methods identify the date of backscatter minima by 

iterating through SAR returns within each melt season period (defined as March 01-June 30 to 

ensure at least 8 returns were captured). Backscatter minima, which is when the most signal from 

Sentinal-1 is attenuated, occurs when the backscatter is dominated by water, rather than frozen 

snow, in the return. Because of this, it can be used to determine the first day where liquid water 

is present in a pixel (onset of melt). In polar environments, seasonal backscatter differencing 

thresholds between vv and vh polarizations, and a frozen snow reference have been used instead 

of backscatter minima (Tedesche et al., 2022). However, with larger variations in diurnal 

temperature fluctuations in the Southern Rocky Mountains, a consistent threshold from a 

reference “frozen image” had greater variability, and thus the date of backscatter minima was 

chosen.  

Sentinel-1 radiometrically terrain corrected data were queried using the Microsoft Azure 

ML platform (https://ml.azure.com/, Accessed Oct. 7, 2025), which allows access to Microsoft's 

RTC S1 dataset. Each year of interest was analyzed separately (2021-2025) using the current 

version of the Gagliano et al. (2022) Sentinel-1 toolbox 

(https://github.com/egagli/sar_snowmelt_timing, Accessed Oct. 7, 2025).  This code accesses 

Microsoft's S1 RTC data using the STAC API and iterates through each year (for the purpose of 

this study, years 2021-2025 melt seasons were assessed) to determine the date of backscatter 

https://ml.azure.com/
https://github.com/egagli/sar_snowmelt_timing
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minima for each pixel within a defined bounding box. A yearly raster is produced with each 20-

m resolution pixel as a Julian day of year (DOY) value for the onset of melt. These onset-of-melt 

rasters were then downloaded for subsequent analysis. 

5.2 Sentinel-1 Analysis  

The first step of analyzing the DOY rasters was to clip the rectangular bounding boxes  

defined for querying the Sentinel data for a specific extent from the online platform to the 

irregular polygonal shape of each fire using the polygon shapefiles of each fire produced by 

MTBS (https://mtbs.gov/direct-download, Accessed Oct. 7, 2025), which were projected into the 

coordinate reference system (CRS) WGS UTM Zone 13N (EPSG 3216) using ArcGIS Pro. After 

clipping each raster to the extent of the corresponding fire, the raster was then filtered to only 

include pixels with a burn severity of 4, the MTBS thematic indicator for severe burn. Then, 

each raster was masked by a USGS Digital Elevation Model (DEM), which was resampled from 

the 10-m native resolution to the 20-m S1 resolution using cubic resampling. From this DEM, 

the slope, aspect, and northness (sine slope x cosine aspect) (Fassnacht et al., 2012) were 

calculated for each pixel.  

Elevation, northness, and Diurnal Anisotropic Heating (DAH) (Cristea et al., 2017) were 

the three main variables assessed in this study. Elevations can be used as an assessment of 

precipitation (Dingman et al., 1988), SWE (Fassnacht et al., 2003), and temperature. When 

considering melt dynamics, greater amounts of snow require greater energetic inputs to begin 

melting (Hock, 2003). At higher elevation, temperatures are also colder, meaning onset of melt is 

delayed (Fassnacht et al., 2017; Harder et al., 2021). For this study, this is an important metric, as 

temperature is one driver of the onset of snowmelt that can be isolated using elevation. Aspect 

https://mtbs.gov/direct-download
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and slope can be used to calculate northness, which assesses how north facing a pixel is (Cristea 

et al., 2017). This is important for understanding solar radiative inputs, which play a critical role 

in the onset of snowmelt in the Southern Rocky Mountains (Marsh et al., 2021; Fassnacht et al., 

2017; Reis et al., 2024). Using the onset of melt DOY values along with the terrain variables, 

each pixels yearly DAH was calculated as a metric for quantifying the amount of solar radiation 

received by each pixel (Bohner & Antonic, 2009) on the onset of melt date.  This calculation has 

been used previously to better understand the influence of solar radiation in snowmelt timing 

(Cristea et al., 2017), and for the purposes of this study, was calculated at the 20m resolution of 

the onset of melt datasets.  

Fires were then grouped by year for the assessment of the variability of the onset of 

snowmelt. To isolate the influence of topographic factors, the data were then aggregated by pixel 

location to median values across the 5-year period to isolate terrain effects and assess interannual 

variability. This removes the interannual climate variability and allows for the focus to be 

specifically on topographic controls. The resulting dataset was then used for further analysis with 

individual univariate regressions and a multivariate linear regression to examine individual and 

collocated factors. From the regressions, Pearson coefficients were calculated, as well as 

unstandardized regression coefficients, which were used to assess the change in onset of melt 

date per 100 unit increase in elevation or northness.  

In addition to completing a regression analysis, spatial autocorrelation was also used to 

assess spatial timing of the onset of melt. Study areas were filtered to 5,000 pixels using random 

sampling and then standardized using a z-score for comparison across all fires and years. The 

Pairwise Euclidean distances between pixel centroids were then calculated, and pixels were then 

binned into elevation bins. Moran’s I values were then calculated for a 500 m distance lag. 



26 

   

 

 

Decorrelation distance was then calculated by finding the first distance at which Moran’s I 

dropped below the 0.1 threshold.  

Melt synchrony across years was assessed using Pearson correlation, and K-means for 

spatial clustering. Pixels were grouped in a location-by-year matrix to find locations where there 

was the same onset of melt DOY across multiple years. Grouped pixels were randomly sampled 

from each study area. Then, their DOY value and the distance between the two pixels were used 

to calculate the Pearson correlation between their DOY timeseries. K-means were then used to 

assess timing patterns based on geographic location and temporal differences. Coordinates and 

onset of melt DOY were both normalized to a 0-1 scale.  

To assess the covariability of elevation and onset of melt date across spatial distance, 

covariograms for each fire and year were plotted. Traditional variograms assess the spatial 

autocorrelation of a single variable. Covariograms allow two different variables to co-vary 

together spatially. This allows for the spatial structure of elevation and onset of melt DOY to be 

assessed together. Elevation and DOY were both standardized using z-scores to allow for 

comparison across fires, and distances were binned for consistency. Pixel pairs and the 

separation distance between them were calculated and used to determine a cross-product of the 

standardized values. Covariance can then be used to indicate a direct or inverse relationship 

between elevation and the onset of melt.  

5.3 SNOTEL Comparison 

The SNOTEL stations nearest to each study area were chosen for comparison to Sentinel 

results. Peak SWE was selected from the SNOTEL SWE data to compare to the Sentinel-1 onset 

of snowmelt. Although no SNOTEL sites were not located within the burn areas themselves, 
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they provide information about snow persistence and ablation at the elevation zone that they are 

in. Many pixels within the high severity burn were at elevations between 2500-3500 m, which is 

within the elevation zone where most SNOTEL stations are located. The SNOTEL 

corresponding onset of melt was then compared to S1 derived onset of melt within 100 m of each 

SNOTEL elevation for each of the five study years. 
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RESULTS 

 

 

 

6.1 Yearly Onset of Melt Distribution and Variability 

6.1.1 Melt Distribution 

There is defined yearly variability in the distribution of onset of melt dates within each 

study area (Figure 6.1). Cameron Peak, the largest study area, had moderate variation in the 

median onset of melt date for the years 2021-2025, with median values ranging between the 99th 

DOY in 2025 and 111th DOY in 2021. The distribution of onset of melt dates were similar for 

the years of 2022 and 2025, where data was slightly right skewed, whereas 2021, 2023, and 2024 

were slightly left skewed or close to normally distributed.  

The East Troublesome Fire, the second largest study area, had less variation in median 

onset of melt date than Cameron Peak, with median DOY ranging from 108th DOY in 2021 and 

2025, to 114th DOY in 2022. All years except for 2023 and 2024, which had a slight left skew, 

had a slight right skew to the distribution of the data. The Middle Fork Fire across all years 

tended to have a more consistent distribution than the other fires, with most years having a 

normal or only slightly left skewed distribution. The median onset of melt date varied between 

115th DOY and 127th DOY, making it the study area with the greatest variation in median onset 

of melt date.  

The Mullen Fire had less consistency in distribution count across years, with 2025 

standing out as a very right skewed onset of melt. Despite distribution appearing varied, average 

onset of melt only varied between the 104th DOY and the 113th DOY. Williams Fork fire, the 

smallest study area, had similar onset of melt date distributions for the 2021 and 2022 melt 
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seasons, and the 2023 and 2024 melt seasons. The 2025 melt season stands out as a very right 

skewed distribution. Distributions were normal for the 2021, 2022, and 2023 seasons. The 

median onset of melt date varied between the 99th DOY and 114th DOY (Appendix Table 1).  

 

Figure 6.1 Annual histograms of the distribution of onset of melt for all study areas. Bins are 

color-coded to their study site, and median onset of melt are shown as red dashed lines. The 2 or 

3 nearest corresponding SNOTEL station peak SWE dates are shown as dashed blue lines. The 

x-axis is area in km2, and the y-axis is day of year.  

 

6.1.2 Interannual Onset of Melt Variability 

The interannual variability of the onset of melt for Cameron Peak, East Troublesome, 

Mullen, and Williams Fork fires were all similar across years (Figure 6.2). The Middle Fork fire 

stands out consistently as having later onset of melt dates than the other study sites, with median 

values closer to the 140th DOY (shown in blue). From all the fires, 2025 stands out as having an 
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earlier onset of melt across pixels. This most notable earlier median onset of melt dates in 2025 

can be seen in the Cameron Peak, Middle Fork, and Williams Fork study sites (indicated by red 

pixels).  

 

Figure 6.2 Annual onset of melt values for pixels within the high severity areas of each study 

site. Values ranged from the 60th DOY to the 150th DOY. Earlier onset of melt dates are shown 

in red, and later onset of melt dates are shown in blue. The Mullen, Cameron Peak, and East 

Troublesome study areas appear to have less variability from the 5-year median for all years 

(Figure 6.3).  
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Figure 6.3 Annual differenced rasters between the yearly onset of melt values and the 5-year 

median for all study sites. Red indicates an earlier, and blue indicates a later onset of melt for 

that year than the 5-year median.  

While there appears to be a visual trend in the onset of melt over the 5-years and the 

Theil-Sen slope is negative, the Mann-Kendall test shows the decreasing trend to be not 

significant in the data (Table 6.1). Median DOY values for all fires ranged from the 110th DOY 

to the 128th DOY (Figure 6.1). Middle Fork Fire consistently has a later median onset of melt for 

all years, while Cameron Peak had the earliest. When looking at interannual variability, Williams 

Fork had the most, with a deviation of 6.4 days over the period (Table 6.1).  

Table 6.1 Results from interannual variability test using Theil-Sen slope and Mann-Kendall p-

values. Based on the results from this analysis, there is no trend in onset of melt over the 5-year 

period. 

Fire Theil-Sen Slope Mann-Kendall 

p-value 

Trend Median 

DOY 

std dev 

CPF 0.25 1.00 not significant 110.0 2.39 

ETF -0.25 1.00 not significant 

 

113.0 2.39 



32 

   

 

 

MFF -0.63 0.81 not significant 

 

128.0 4.83 

MF -0.83 0.221 not significant 

 

111.0 2.59 

WFF 1.00 0.81 not significant 

 

112.0 3.39 

6.2 Topographic Controls on The Onset of Melt 

6.2.1 Elevation 

When considering terrain variables, elevation had the most correlated effect on the onset 

of melt dates. Higher elevations have later onset of melt dates across study sites (Figure 6.4a). 

Per-fire elevation–DOY scatterplots for all pixels are provided in Appendix Figure 2. The range 

of onset of melt lapse rates for the univariate regression was 2.91 (Cameron Peak Fire) to 5.42 

(Mullen Fire) days per 100m of elevation gain, with variations between the study sites. Cameron 

Peak Fire, which had the greatest elevation range out of all of the study sites, had the smallest 

effect size at only 2.91 days per 100m of elevation gain (Figure 6.4b). The impact of the 

temporal resolution of Sentinel-1, i.e., 5 to 8 day returns, can be seen through the sinuous lines of 

the violin plots (Figures 6.4c and 6.4d). While there was a correlation between higher elevation 

and later onset of melt DOY, results from the linear regression indicate weak R2 coefficients 

across all study areas, with values ranging from 0.034 (Mullen Fire) to 0.13 (Middle Fork Fire). 
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Figure 6.4 Correlation between onset of melt date and elevation as (a) all pixels and median per 

elevation band versus onset of melt date, (b) mean onset of melt date increases per 100m 

increase in elevation with R2 value, (c) distribution of onset of melt date per fire, and (d) 

distribution of onset of melt date per elevation zone (Appendix Table 3) across all fires .    

 6.2.2 Northness 

When considering “northness” through a univariate regression, the correlation between 

onset of melt and aspect is less clear, with only the Middle Fork, Williams Fork, and East 

Troublesome fires illustrating a noticeable correlation. Increased northness leads to later onset of 

melt date (Figure 6.5). When considering the distribution of aspects within study areas, this 

weaker correlation becomes more apparent (Figure 6.5). When looking just at the 0.00 to 1.00 

northness values, a more consistent correlation can be seen across bins, with values closer to 1.00 

having a later onset of melt dates (Figure 6.7).   
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Figure 6.5 Distribution of northness versus onset of melt date, from a univariate regression. (a) 

Raw relationship (not elevation-adjusted): median onset of melt DOY by northness band, per 

fire, with the interquartile range shaded. (b) Elevation-adjusted companion panel: DOY residual 

after removing each fire’s own elevation–DOY trend (per-fire linear fit), binned the same way. 

The northness effect visible in (a) is not purely an elevation artifact — a comparable northness 

gradient (roughly −10 to +5–10 residual days from south- to north-facing) persists in (b) after 

elevation is accounted for.  

6.2.3 Diurnal Anisotropic Heating 

Strong multicollinearity was found between DAH and northness (Figure 6.6). This 

indicates an inverse relationship, i.e., where northness increases; DAH decreases. A weak 

correlation can also be seen between slope and DAH. For remaining analysis, only northness was 

considered an independent variable to remove the multicollinearity and preserve the statistical 

validity of the regression.  
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Figure 6.6 Northness and DAH are directly correlated, with consistent trends across all fires. To 

a smaller extent, DAH and slope are also related.  

6.2.4 Multivariate Regression Analysis 

The coupled impact of elevation and northness on the onset of melt date is that the onset 

of melt date occurs latest at high elevations on north facing slopes. The combined multivariate 

regression has a higher performance than both of the individual univariate regressions, indicating 

coupled impacts from topographic conditions. Middle Fork Fire had the highest model 

performance, with an R2 value of 0.480. When looking at elevation controlling for northness, the 

effect size of elevation varies between 3.17 to 5.81 days per 100m of elevation gain, a different 

result from the univariate elevation regression. When assessing northness and controlling 

elevation, the effect size varies between 15.65 and 24.58 days per unit increase in northness 

(scale of –1 to 1) (Table 6.2). 

Table 6.2 Results from the multivariate linear regression. Non-normalized coefficients for 

elevation and northness, as well as standard deviation and sample size, are displayed. Significant 

values (p < 0.05) are denoted with an asterisk (*). 

Fire Sample 

Size 

R² Elevation 

Std 

Northness 

Std 

Intercept Elevation 

Effect 

Days per 

100m 

Days per Unit Increase 

in Northness 
 

CPF 641299 0.325 * 6.52 2.46 13.97 3.17 * 15.65 * 
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ETF 468050 0.341 * 5.83 2.89 8.75 3.41 * 17.44 * 

MF 321374 0.305 * 5.29 1.35 -53.18 5.81 * 19.86 * 

MFF 56897 0.480 * 4.83 3.75 22.45 3.40 * 17.40 * 

WFF 40583 0.454 * 5.59 5.74 10.38 2.90 * 24.58 * 

 

6.2.5 Spatial Autocorrelation and Clustering 

There was limited consistency in spatial autocorrelation across years, with correlation at 

500m ranging from 0.045 to 0.288 (Figure 6.7). Mean decorrelation distance varied by study 

area, from 725m (Williams Fork) to 1,312m (Mullen), with Cameron Peak, East Troublesome, 

and Middle Fork all averaging roughly 1,075–1,125m (Appendix Figure 3). Looking at cell 

clustering for onset of melt trends indicates weak correlation for all fires at 500 m spatial 

distance (Table 6.3). Looking at the variability of the average onset of melt across clusters, the 

average varied from 42 to 64 days, indicating that there was variability in onset of melt dates of 

pixels within clusters. The range of DOY values within each cluster varied between 11 days and 

24 days (Table 6.3). 

Table 6.3 Results from the onset of melt synchrony analysis. Decorrelation distances, Pearson 

coefficients, timing ranges, and the mean interannual variability all indicate limited spatial 

autocorrelation across all study sites. 

Fire Mean 

Autocorr 

500m 

Std 

Autocorr 

500m 

Mean 

Decorr 

Distance 

m 

Mean 

Synchrony 

Median 

Synchrony 

N 

Significant 

Pairs 

Mean 

Cluster 

Timing 

DOY 

Timing 

Range 

Across 

Clusters 

Mean 

Interannual 

Variability 

CPF 0.165 0.089 1125 0.073 0.109 397 107 18 61 

ETF 0.127 0.060 1075 0.025 0.034 402 111 16 60 

MF 0.122 0.056 1312 0.048 0.067 344 110 17 64 

MF

F 

0.178 0.038 1075 0.241 0.310 2281 123 11 54 

WF

F 

0.165 0.063 725 0.220 0.281 3055 108 24 42 

While Moran’s I value indicate a weak spatial autocorrelation based on pixel location, 

covariograms for elevation and onset of melt date confirm that the relationship between elevation 
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and onset of melt date is consistent across study areas. At short distances (0-500m) there is a 

positive covariance value, indicating a strong elevation-onset DOY coupling at a local scale. At 

farther spatial distances, covariance stays positive, but smaller covariance values indicate a 

weaker relationship (Figure 6.8). At the farthest spatial distances (5000m) covariance reaches 

zero or becomes negative, meaning that changes in elevation no longer predict changes in onset 

of melt DOY (Figure 6.8). Some study areas, such as the Middle Fork and Williams Fork, saw a 

consistent decay in covariance over spatial distance for all years, while others, such as the 

Mullen study area which had a slower decay and a less consistent covariance value based on the 

year (Appendix Figure 10).  

 

Figure 6.7 Gridded matrix of spatial autocorrelation at 500m for all study areas across years. 

Colors correspond to Morans I values, with greater autocorrelation shown in red, and no or 

limited autocorrelation is shown in yellow.  
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Figure 6.8 Covariograms of elevation-DOY covariance across study areas for each year 2021 to 

2025.  

6.3 SNOTEL Comparison 

For the Cameron Peak Fire, onset of melt dates at pixels near Hourglass Lake were 

consistently earlier than peak SWE (median OM DOY 105–111 vs. peak SWE DOY 83–120), 

while pixels near Joe Wright showed onset of melt occurring near or after peak SWE (median 

OM DOY 117–132 vs. peak SWE DOY 97–132). Melt lag varied by station and year, reflecting 

local differences in elevation and snow accumulation (Table 6.4). The 5-year mean comparison 

of S1-derived onset of melt against SNOTEL peak SWE for all five fires is shown in Appendix 

Figure 9. Note that the SNOTEL peak SWE dates in Figure 6.11a span a wider range (roughly 60 

days across stations and years) than the S1-derived onset of melt dates (roughly 15–20 days). 

This is expected rather than anomalous: each SNOTEL point is a single station-year 

measurement, while each plotted OM date is the median across several thousand pixels for that 

fire-year, and medians of large samples are inherently less variable than individual point 

observations; Sentinel-1’s multi-day revisit interval further discretizes the OM dates. The two 
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series are therefore not expected to have comparable spread even where the underlying melt 

timing is well matched. 

Figure 6.11 Scatterplot of Sentinel-1 derived onset of snowmelt date versus SNOTEL station 

peak SWE date, melt lag timeseries, and onset melt versus peak SWE bar chart comparison.   

Table 6.4 Sentinel-1 derived filtered median onset of melt dates versus corresponding SNOTEL 

site peak SWE dates. Onset of melt pixels have been filtered to only include cells that are located 

within 100 m (+ or -) elevation of the corresponding SNOTEL sites. This elevation- and buffer-

matched comparison is currently only produced by the pipeline for the Cameron Peak Fire 

(matched to Hourglass Lake and Joe Wright); rows for the other four fires have been removed 

from this table because they can no longer be regenerated under the current focus-station 

configuration (see Section 6.3 methods).For Cameron Peak Fire, pixels were matched to 

Hourglass Lake and Joe Wright stations within a 2000 m spatial buffer and ±100 m elevation 

window.  

Fire Year Median Onset of 

Melt DOY 

SNOTEL Station Name SNOTEL Peak 

SWE DOY 

Cameron Peak  

2021 

 
115 

Long Draw Reservoir 119 

Deadman Hill 119 

Joe Wright 118 

2022 108 

Long Draw Reservoir 109 

Deadman Hill 125 

Joe Wright 129 

2023 110 

Long Draw Reservoir 95 

Deadman Hill 119 

Joe Wright 118 

2024 112 
Long Draw Reservoir 100 

Deadman Hill 132 
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Joe Wright 131 

2025 105 

Long Draw Reservoir 96 

Deadman Hill 95 

Joe Wright 95 
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7. DISCUSSION AND CONCLUSION 

 

 

 

7.1 Onset Melt Distribution and Interannual Variability 

The results of this study show variability in the distribution of the onset of melt date 

across the five high burn severity study sites and all years (Figures 6.1 and 6.2). Several fires 

exhibited similar onset of melt distributions, such as more left skewed distributions for the 2025 

ablation season (Figure 6.1). This is indicative of an earlier trend in the onset of melt, with the 

East Troublesome, Mullen, and Williams Fork fires seeing the greatest change in distribution. 

Across all fires, the median onset of melt ranged from the 99th DOY to the 127th DOY (Appendix 

Table 1). These differences in median onset of melt date are indicative of yearly differences in 

snowmelt timing, and the variability of onset of melt timing across the study sites. 

Looking further into the interannual variability of onset of melt confirms that yearly 

changes in environment have an impact on snowmelt dynamics in these study sites. When 

comparing the variability across the study areas, 2025 stands out as consistently deviating from 

the 5-year median for all study sites (Figure 6.3). This is particularly notable for the Cameron 

Peak, Middle Fork, and Williams Fork fires, with the 2025 median showing a decrease in onset 

of melt date across pixels (red pixels in differenced rasters). Williams Fork fire saw the greatest 

interannual variability overall, which could be due to it being the smallest study area, with even 

small variation leading to a larger change in median values. Based on the 5-year median, there is 

a slight trend in earlier onset of melt dates across all study sites (Table 6.1). While this is not a 
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long enough period to be statistically significant, it could be an indicator of changes in the start 

of ablation season occurring in the Southern Rockies region.  

7.2 Impact of Topographic and Geographic Controls 

Based on the multivariate analysis, elevation was the greatest topographic driver on the 

onset of snowmelt for all the study areas and across all years (Table 6.2). The smaller range of 

the unstandardized regression coefficients confirms a consistent trend in onset of snowmelt 

across elevations, with an average 3.81 days of delay per 100m elevation gain for all sites 

(Figure 6.6). This consistent relationship between elevation and onset of melt date is likely 

related to known correlation between temperature and elevation, and more so the relationship 

between precipitation and elevation. At higher elevations, there is an increased in precipitation, 

leading to earlier and longer accumulation of snowpack. This leads to a later onset of melt during 

the spring months.  

While there was a clear relationship between elevation and onset of melt, the relationship 

between northness and onset of melt date was less clear (Figure 6.7, Table 6.2). There was more 

variability in the effect of northness on onset of melt date, with a range between 15.65 and 24.58 

days per unit increase in northness2. This may be due to the nature of each study site having a 

different range of aspects, with some sites, like Cameron Peak and Middle Fork, having a greater 

percentage of north-facing pixels within the study areas (Figure 6.5). This would lead to a pixel 

distribution with a bias towards north facing pixels which could be causing greater variability in 

onset of melt response due to the uneven distribution of aspects within the study areas.  

When thinking about what could be causing this increase in north-facing pixels within the 

high severity burn pixels of these fires, available fuels could be the cause. In normal years, north-
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facing areas get the benefit of reduced solar exposure and ample precipitation, allowing for lots 

of vegetative growth. However, in anomalous years like 2020, prolonged drought periods could 

turn all of this vegetative growth into fuels. Increase in fuels could lead to a higher severity burn, 

and therefore a greater distribution of north-facing pixels classified as high severity by MTBS.  

Changes in spring conditions year to year could also be impacting the effects of northness 

on the onset of melt date. Sunnier spring conditions (as opposed to a rainy and cloudy spring) 

could also lead to a greater difference in solar input between north and south facing pixels. In a 

spring where cloudier conditions persist, this difference may not be as pronounced. 

Because of the less consistent relationship between the onset of snowmelt and pixel 

northness (Figure 6.7), there was a less clear relationship between onset of melt and diurnal 

anisotropic heating, even though solar radiation is a known driver of snowmelt in this region. 

Northness and DAH were found to be directly multicollinear, further confirming why the 

relationship between elevation and DAH was limited (Appendix Figure 1). For further 

multivariate analysis, DAH was excluded to account for this direct correlation. While later onset 

of melt dates within study areas did seem to be related to greater DAH values, this is likely due 

to seasonal changes in daylight, with days occurring later into the spring/summer months being 

longer and the sun being higher in the sky, surfaces receive more solar radiation.  

7.3 Local Timing Patterns 

Looking at more localized spatial trends, the results of the cluster and spatial 

autocorrelation analysis show that some localized areas may have more similar onset of melt 

trends than others, but that spatial autocorrelation is limited across all study areas and years 

(Figure 6.9). Clustering correlation varied across all fires, with Cameron Peak seeing the least 



44 

   

 

 

variability, and Mullen fire the most (cluster locations and per-cluster DOY distributions for each 

fire are shown in Appendix Figures 4–8). This could be due to the location of the clusters 

selected randomly by the algorithm, or due to not all the severely burned pixels within each area 

being connected. Clusters were also selected from the entirety of the study area, as opposed to 

being binned by elevation and aspect, which could further increase the spatial variability.  

Despite strong topographic controls on the onset of melt (Table 6.2), spatial 

autocorrelation for individual years at the 500m scale was modest, with fire-level means ranging 

from 0.12 to 0.18 and individual fire-years reaching as high as 0.29 (Figure 6.9). Autocorrelation 

was lowest in 2022 (mean 0.08 across fires) and highest in 2023 and 2024 (mean 0.20 in both 

years) rather than immediately after the fires; this year-to-year pattern does not track a simple 

post-fire recovery trajectory and warrants further investigation. The result of this analysis 

indicates that while topography can create a fixed spatial relationship for onset of melt patterns, 

inter-annual variability created by weather conditions creates substantial stochasticity, leading to 

reduced spatial autocorrelation.  

While Moran’s I result indicates weak spatial autocorrelation across study areas and 

years, the covariogram analysis confirms the relationship between elevation and the onset of melt 

date across changes in spatial distance. With increases in elevation, the corresponding increase in 

the onset of melt date can accurately be predicted. While rate of decay varied by study area, the 

direct relationship between elevation and onset of melt remains true (Figure 6.10). This shows 

that topography can help in determining, in a relative sense, if a year has an early or late onset of 

melt. However, weather-specific information could provide an understanding of onset of melt 

trends in an absolute sense, accounting for both topographic and climatic conditions.   
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7.4 SNOTEL Comparison 

Based on the comparison between the study areas and nearby SNOTEL sites, there was 

variability in the difference between S-1 derived onset of melt and SNOTEL recorded peak SWE 

dates. Several fires had median onset of melt dates later than the nearby peak SWE dates. 

However, Cameron Peak saw the opposite effect, with median onset of melt date occurring 

before peak SWE at SNOTEL locations. This variability is likely due to study sites covering a 

wide range of pixels across aspects and locations, while the SNOTEL sites return point data for 

one location. SNOTEL stations located at lower elevations in relation to their respective study 

site, such as those close to the East Troublesome and Williams Fork Fires, had a greater 

difference between the date of peak SWE, and the median onset of melt date.  
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Figure 6.12 Five-year SWE and precipitation traces for Hourglass Lake (water years 2021–
2025). Vertical lines mark peak SWE, Sentinel-1 onset-of-melt (median DOY for OM raster 

pixels matched to this station), and melt-out (first date the station’s raw SWE record drops below 

1.0 cm following peak). Melt-out is now computed from the raw SWE series rather than the 

smoothed series used to detect peak and onset, so the marker aligns with where the plotted curve 

visually reaches zero. 
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Figure 6.13 Five-year SWE and precipitation traces for Joe Wright (water years 2021–2025), 

constructed identically to Figure 6.12. 

The differences between median onset of melt and peak SWE dates may also indicate that 

while the SNOTEL network is an excellent source of point data, it may not be representative of 

the greater area that the station is located in. This may also be due to weather patterns during 5-

years within the study period, especially when considering localized trends. Further assessment 

into the weather conditions that occurred during the study period could give insight into the 

dynamics of spring conditions at the sites each year.  
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One further point of interpretation is warranted regarding this lag. It should not be read as 

the time required for the snowpack to reach an isothermal, “ripe” state after peak SWE: field 

observations at these sites indicate the snowpack is typically isothermal, or nearly so, well before 

peak SWE is reached, and SWE itself typically begins to decline once meltwater output is 

already occurring — i.e., once the pack is already ripe. Two factors tied to how the comparison 

is constructed, rather than to a physical ripening delay, more plausibly explain the observed lag. 

First, S-1 onset of melt is compared here to the SNOTEL station’s peak SWE date rather than to 

the station’s own melt-onset date; peak SWE marks the end of accumulation, not a melt or 

ripening event, so some positive offset between it and a later-detected melt signal is expected by 

construction. Second, the Sentinel-1 onset-of-melt algorithm depends on a C-band backscatter 

change that requires liquid water content to exceed a detection threshold and persist through the 

diurnal freeze-thaw cycle, rather than responding to the first appearance of meltwater; because 

nightly refreezing can continue for some weeks after the pack becomes isothermal, the satellite-

detectable signal can lag true internal wetting for reasons unrelated to ripening. Spatial 

representativeness also contributes: each fire’s S-1 median in Figure 6.11 is computed across 

pixels spanning a range of elevations and aspects, while each SNOTEL station is a single point, 

so part of the apparent lag reflects higher-elevation, later-melting pixels entering the fire-wide 

median rather than a lag at any single co-located location. This also explains the apparent 

inconsistency between Figure 6.11a and Figure 6.11b: the station-year pairs in panel (a) are noisy 

and not uniformly above the 1:1 line (Pearson r = 0.12, RMSE = 20.6 days), while panel (b) plots 

the mean lag across matched pairs for each fire-year, which smooths over that scatter. The 

consistently positive appearance of panel (b) is therefore a property of averaging, not evidence 

that every individual comparison lies above the 1:1 line. 
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7.5 Future Work 

The next steps of this project could focus on upscaling analysis to further look at the 

predictive nature of terrain features on the onset of melt through a machine learning algorithm, 

such as RandomForest. This will allow for a more dynamic approach to assessing the statistical 

power of elevation and northness on the onset of melt in these study areas. Study areas will be 

divided into smaller subsections to assess local variability and accuracy of the algorithm.  

This methodology could also be expanded to other high elevation post-fire study areas to 

assess geographic, as well as localized differences, in the onset of snowmelt. While this study 

solely focused on post-fire areas within the Southern Rocky Mountains region, areas within other 

regions, such as the Northern Rocky Mountains, may also benefit from a similar analysis. With 

the accessibility of Sentinel-1, this methodology could easily be applied to other areas of interest. 

In addition to implementing further statistical techniques, the use of additional remotely 

sensed data to assess the entirety of the snow season could be implemented. Using an optical 

satellite such as Sentinel-2 or MODIS would be beneificial for assessing the start of snow 

persistence and the snow disappearance date for these study areas. In the early stages of this 

project, the viability of Sentinel-2 optical for the start of snow persistence (SSP) and SDD was 

assessed and was found to be inaccurate on its own due to cloud cover during the start of 

accumulation and the end of the ablation seasons, leading to far earlier or later dates than 

expected. However, utilizing methodology as defined in Revuelto et al., 2021 and Kollert et al., 

2024, MODIS, which has a finer temporal resolution, could be downscaled to the spatial 

resolution of S2 for compatibility with the resolution of these study areas while providing more 

reliable SSP and SDD dates.  
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Lastly, while the MTBS dNBR rasters have been widely used to assess burn severity and 

were beneficial for filtering to only areas with reduced vegetative cover for this study, there are 

limitations to this methodology. In future, gaps in the canopy, or canopy edge, could be used to 

define areas of interest using products such as Landsat or S-2 derived Normalized Difference 

Vegetation Index (NDVI) metrics. This provides a clear understanding of where there is no 

vegetative cover and increases the accuracy of pixel selection. This methodology has been 

implemented using airborne LiDAR, which also can offer a finer spatial resolution than 

spaceborne derived products like MTBS dNBR.  

7.6 Conclusion 

This study provided insight into onset of snowmelt trends in five high elevation study 

areas of the Southern Rockies post wildfire. The methodology used in this study confirms the 

viability of Sentinel-1 to identify the onset of melt date in high severity post-fire landscapes at 

mid-latitude sites. The Sentinel-1 processing library developed by Gagliano et al. (2023) allowed 

for the access of data for multiple years and polarizations, expanding the amount of available 

data, even when only one satellite in the constellation was operational.  

Results indicate a strong relationship between the onset of melt and elevation in these 

study areas, with higher elevations consistently having later onset of melt dates across all fires 

and years. While study areas covered different ranges in elevation, this trend held consistent 

across all five locations, indicating a consistent topographic relationship. This was confirmed 

through a multivariate linear regression and covariogram analysis, where as elevation increased, 

onset of melt date was delayed. There was also notable variability in onset of melt dates year-to-

year, indicating interannual variability impacting onset of melt patterns. 
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APPENDIX 

 

 

 

Figure 1. Multivariate linear regression results. Coefficients of determination, as well as effect 

size for elevation and northness are shown as bar charts for each fire.  

Figure 2. Elevation versus DOY linear regression results. Scatterplots of pixels for each fire are 

shown.  
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Figure 3. Results from spatial autocorrelation analysis. Gridded matrix, as well as decorrelation 

distance and sample size, are shown.  

Figure 4. Coordinate clusters used in k-means analysis for Cameron Peak. Cluster locations and 

DOY value distribution are shown.  
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Figure 5. Coordinate clusters used in k-means analysis for East Troublesome. Cluster locations 

and DOY value distribution are shown. 

Figure 6. Coordinate clusters used in k-means analysis for Middle Fork. Cluster locations and 

DOY value distribution are shown. 

Figure 7. Coordinate clusters used in k-means analysis for Mullen. Cluster locations and DOY 

value distribution are shown. 
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Figure 8. Coordinate clusters used in k-means analysis for Williams Fork. Cluster locations and 

DOY value distribution are shown. 

Figure 9. Sentinel-1 derived median onset of melt dates versus SNOTEL median peak SWE for 

the 5-year period.  
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Figure 10. Covariograms for elevation-DOY correlation. Fires are separated into their own 

figures for comparison between years.  

Table 1. Median onset of melt date values for each study area by year.  

Fire Year Median DOY Value 

CPF 2021 113 

CPF 2022 108 

CPF 2023 107 

CPF 2024 110 

CPF 2025 111 

ETF 2021 108 

ETF 2022 114 

ETF 2023 113 

ETF 2024 113 

ETF 2025 111 

MFF 2021 122 

MFF 2022 129 

MFF 2023 130 

MFF 2024 128 

MFF 2025 119 

MF  2021 113 

MF  2022 108 

MF  2023 112 

MF  2024 111 

MF  2025 107 

WFF 2021 107 
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WFF 2022 114 

WFF 2023 112 

WFF 2024 116 

WFF 2025 111 

Table 2. Elevation bins for multivariate regression analysis with northness. Elevations were 

binned by pixel medians. 

Fire Min Elevation (m) Max Elevation (m) Mean Elevation 

(m) 

Median 

Elevation (m) 

Std 

Elevation 

(m) 

CPF 2400 3522 2902.54 2913 224.65 

ETF 2478 3544 2980.01 2967 186.31 

MFF 2442 3392 2932.93 2937 149.05 

MF 2400 3136 2745.13 2741 131.23 

WFF 2642 3541 3092.01 3092 192.78 

Table 3. Elevation bins for spatial autocorrelation analysis. Each study area was separated into 

20 bins for grouping clusters.  

Fire Bin Number  Elevation Min 

(m) 

Elevation Max (m) Bin Width (m) 

CPF 1 2399 2456 57 

CPF 2 2456 2512 56 

CPF 3 2512 2568 56 

CPF 4 2568 2624 56 

CPF 5 2624 2681 56 

CPF 6 2681 2737 56 

CPF 7 2737 2793 56 

CPF 8 2793 2849 56 

CPF 9 2849 2905 56 

CPF 10 2905 2961 56 

CPF 11 2961 3017 56 

CPF 12 3017 3073 56 

CPF 13 3073 3129 56 

CPF 14 3129 3185 56 

CPF 15 3185 3242 56 

CPF 16 3242 3298 56 

CPF 17 3298 3354 56 

CPF 18 3354 3410 56 

CPF 19 3410 3466 56 

CPF 20 3466 3522 56 

ETF 1 2477 2531 54 

ETF 2 2531 2585 53 

ETF 3 2585 2638 53 
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ETF 4 2638 2691 53 

ETF 5 2691 2745 53 

ETF 6 2745 2798 53 

ETF 7 2798 2851 53 

ETF 8 2851 2904 53 

ETF 9 2904 2958 53 

ETF 10 2958 3011 53 

ETF 11 3011 3064 53 

ETF 12 3064 3118 53 

ETF 13 3118 3171 53 

ETF 14 3171 3224 53 

ETF 15 3224 3278 53 

ETF 16 3278 3331 53 

ETF 17 3331 3384 53 

ETF 18 3384 3437 53 

ETF 19 3437 3491 53 

ETF 20 3491 3544 53 

MFF 1 2441 2490 48 

MFF 2 2490 2537 48 

MFF 3 2537 2585 48 

MFF 4 2585 2632 48 

MFF 5 2632 2680 48 

MFF 6 2680 2727 48 

MFF 7 2727 2775 48 

MFF 8 2775 2822 48 

MFF 9 2822 2870 48 

MFF 10 2870 2917 48 

MFF 11 2917 2965 48 

MFF 12 2965 3012 48 

MFF 13 3012 3060 48 

MFF 14 3060 3107 48 

MFF 15 3107 3155 48 

MFF 16 3155 3202 48 

MFF 17 3202 3250 48 

MFF 18 3250 3297 48 

MFF 19 3297 3345 48 

MFF 20 3345 3392 48 

MF 1 2399 2437 38 

MF 2 2437 2474 37 

MF 3 2474 2510 37 

MF 4 2510 2547 37 
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MF 5 2547 2584 37 

MF 6 2584 2621 37 

MF 7 2621 2658 37 

MF 8 2658 2694 37 

MF 9 2694 2731 37 

MF 10 2731 2768 37 

MF 11 2768 2805 37 

MF 12 2805 2842 37 

MF 13 2842 2878 37 

MF 14 2878 2915 37 

MF 15 2915 2952 37 

MF 16 2952 2989 37 

MF 17 2988.8 3026 37 

MF 18 3026 3062 37 

MF 19 3062 3099 37 

MF 20 3099 3136 37 

WFF 1 2641 2687 46 

WFF 2 2687 2732 45 

WFF 3 2732 2777 45 

WFF 4 2777 2822 45 

WFF 5 2822 2867 45 

WFF 6 2867 2912 45 

WFF 7 2912 2957 45 

WFF 8 2957 3002 45 

WFF 9 3002 3047 45 

WFF 10 3047 3092 45 

WFF 11 3092 3136 45 

WFF 12 3136 3181 45 

WFF 13 3181 3226 45 

WFF 14 3226 3271 45 

WFF 15 3271 3316 45 

WFF 16 3316 3361 45 

WFF 17 3361 3406 45 

WFF 18 3406 3451 45 

WFF 19 3451 3496 45 

WFF 20 3496 3541 45 

Table 3. Numerical bins used in the multivariate regression analysis for trends in onset of melt 

and elevation across fires. Results were displayed as a violin plot in the results chapter.  

Fire Elevation 

Category 

Min 

Elevation 

(m) 

Max 

Elevation 

(m) 

Mean 

Elevation 

(m) 

Median 

Elevation 

(m) 

Std 

Elevation 

(m) 

Bin 

Width 

(m) 
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CPF Low 2400 2696 2577 2588 81.55 296 

CPF Mid-Low 2697 2851 2778 2779 44.80 154 

CPF Mid 2852 2975 2914 2914 35.55 123 

CPF Mid-High 2976 3104 3038 3037 37.20 128 

CPF High 3105 3522 3209 3188 83.71 417 

ETF Low 2478 2813 2727 2738 62.17 335 

ETF Mid-Low 2814 2917 2869 2871 29.63 103 

ETF Mid 2918 3023 2969 2968 30.75 105 

ETF Mid-High 3024 3155 3086 3085 37.88 131 

ETF High 3156 3544 3252 3241 67.94 388 

MFF Low 2442 2809 2721 2755 86.32 367 

MFF Mid-Low 2810 2893 2853 2854 24.27 83 

MFF Mid 2894 2984 2938 2938 27.15 90 

MFF Mid-High 2985 3065 3025 3024 22.91 80 

MFF High 3066 3392 3131 3118 50.96 326 

MF Low 2400 2642 2567 2575 55.93 242 

MF Mid-Low 2643 2713 2680 2681 20.48 70 

MF Mid 2714 2769 2742 2742 16.22 55 

MF Mid-High 2770 2846 2797 2793 19.38 76 

MF High 2847 3136 2942 2929 65.64 289 

WFF Low 2642 2916 2823 2842 72.58 274 

WFF Mid-Low 2917 3037 2979 2981 34.05 120 

WFF Mid 3038 3142 3092 3093 30.66 104 

WFF Mid-High 3143 3272 3201 3198 37.81 129 

WFF High 3273 3541 3368 3360 63.87 268 
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