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CLIMATOLOGY

Impact of current and warmer climate conditions on
snow cover loss in burned forests

Arielle Koshkin'*, Adrienne M. Marshall', Karl Rittger2

Wildfires are increasingly burning in snow-dominated watersheds and can alter snowmelt dynamics. However, the
spatial variability of snow cover loss in burned forests has been under characterized. Here, we use remotely sensed
snow data to show that, under average winter conditions, snow melts earlier in the first year postfire in 99% of the
snow zone. Postfire snow cover loss is more extreme in relatively low-elevation, warm environments compared to
that in high-elevation, cold regions. Under +2°C of warming, 73% of the snow zone would experience more ex-
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treme earlier postfire snowmelt compared to historically average conditions. Regions with the largest shift earlier
in postfire snowmelt timing under average climate conditions also have the largest shift earlier in postfire snow-
melt under +2°C warming. The spatial variability in postfire snowmelt timing and exacerbated impact in project-
ed warmer winters affect ecosystem water availability, snow albedo feedbacks, and snowmelt runoff forecasting

essential to water resource management.

INTRODUCTION

In snow-dominated regions globally, mountain snowpacks are a vi-
tal water resource for recharging aquifers and sustaining streamflow
into the drier summer months (1). Snowmelt timing and magnitude
are major controls on reservoir storage for municipal water supply,
agricultural use, hydroelectric power generation, and flood control
(2-4). In the western US, snowmelt-derived runoff from mountain-
ous regions contributes up to 70% of total annual flow (5). However,
with projected climate warming, western US snowpacks are predict-
ed to decline by 40 to 75% by 2100 under high emissions climate
scenarios (6, 7), with substantially shorter snow cover duration in
observations (8, 9) and projections (10-12). Meanwhile, warmer
summer temperatures and increased aridification are escalating wa-
ter demands across the western US (13). Given these strains on
snow-derived water systems, our understanding of snowmelt timing
is essential to managing snow-derived water resources. Currently,
no spaceborne sensor can quantify snow water equivalent accurate-
ly. Yet, snow cover can be mapped daily, allowing for spatially com-
plete observations of annual snow disappearance date (SDD).

Simultaneously, wildfires are increasing in frequency, size, dura-
tion, and intensity (14). Fire is advancing to higher elevations, driven
by warming (15), drier summers (16, 17), and earlier spring snow-
melt timing (18). As a result, fires are more often burning in areas
where precipitation typically falls as snow. In 2020 and 2021, satellite-
observed wildfire activity in the seasonal snow zone (i.e., areas with
persistent winter snowpacks) in California was nearly 10 times greater
compared to the 2000 to 2019 period (19). Between 1984 and 2017,
the area of western forests burned in the seasonal snow zone in-
creased by up to 9% annually (19-21). The largest relative increase
in area burned since 1984 has occurred above 2500 m, well into the
seasonal snow zone in the western US (15).

In the aftermath of wildfires in the seasonal snow zone, the snow
energy balance is altered, changing the snowpack’s potential to sustain
water storage throughout the winter. Snow albedo substantially mod-
ifies net shortwave radiation, a major contributor to the snowpack
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energy balance, and, therefore, affects snowmelt magnitude and tim-
ing (22). In a postfire environment, burned vegetation and trees shed
black carbon and charred woody debris onto the snow surface, de-
creasing the snow albedo (20, 23). With decreased albedo, the snow-
pack absorbs more energy and therefore melts earlier (21, 23-25).

However, postfire snowpack energy and mass balance are also
influenced by tradeoffs between decreased canopy interception and
increased net shortwave radiation (26, 27). In an unburned forest,
canopy interception can reduce snow accumulation by up to 40%
(28-30). Trees in an unburned forest also emit longwave radiation
(29) and decrease incoming shortwave radiation (31, 32). When the
canopy is removed, longwave radiation and snow interception might,
therefore, decrease even as incoming and net shortwave radiation in-
creases. Canopy removal could also increase latent and sensible heat
fluxes by increasing wind speed at the snow surface (33, 34).

Climate also likely affects snow sensitivity to burned conditions:
Colder winter air temperatures can yield snowpacks with higher
cold content (the amount of energy required to melt a snowpack)
throughout the winter, providing a higher energy threshold needed
to melt the snow (35). High cold-content snow also has slower grain
size growth, leading to sustained higher albedo (36). These cold
snowpacks could, therefore, be less susceptible to modest changes in
energy balance from postfire net shortwave radiation changes (19).
Different postfire energy balance contributors could also vary in their
importance over the years following fire as forests shed less black
carbon and begin to regrow. The net consequences for mass and en-
ergy fluxes in burned forests, therefore, likely vary in both space and
time and depend on both weather and climate conditions.

While some previous studies have found that SDD occurs earlier
in postfire environments, these studies typically focus on one to three
fires in similar regions (19, 27, 37-39). Those studies that have taken
a larger scale approach have leveraged the western US-wide Snow
Telemetry (SNOTEL) network of snow pillows to investigate regional-
scale differences in postfire impacts on snow (40, 41). However, be-
cause SNOTEL sites are often placed in canopy gaps and are limited
to point data, they do not fully capture the heterogeneity of snow-
pack evolution across a landscape (42). Previous studies have es-
timated postfire SDD advances ranging from 4 to 23 days using
field observations and SNOTEL locations (14). Reasons for this
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variability have not yet been well explained, and remotely sensed
data and modern statistics have been underutilized to tackle the
problem of large-scale variability of snowpack change after fire.

Here, we provide a western US-wide analysis of wildfire impacts
on SDD. We ask: (i) How does postfire change in SDD vary region-
ally, and what variables drive these discrepancies? (ii) How long do
postfire impacts persist on SDD? (iii) What role does climate play in
postfire SDD changes, and to what extent might climate warming ex-
acerbate or mitigate postfire SDD changes? We evaluate SDD change
based on the year since fire; elevation; and climate variables includ-
ing solar radiation, winter average temperature, and seasonal snow-
fall (43).

We apply two complementary statistical approaches to enhance
confidence and assess significance of our results: In the first, we fit
linear regressions (LRs) to paired burned and neighboring unburned
pixels, estimating SDD as a function of climate inputs, and infer the
effect of fire based on the difference in residuals in the postfire pe-
riod in burned compared to unburned pixels. In the second, we use
an additive model fit over the western US to estimate SDD as a non-
linear function of annual climate conditions, topography, location,
and burn. SDD is observed using a spatially and temporally complete
(STC) dataset based on the MODIS (Moderate Resolution Imagining
Spectrometer) Snow Covered Area and Grain-size (STC-MODSCAG),
a daily fractional spectral mixture model derived from MODIS Ter-
ra surface reflectance from water year 2002 to 2022 (44, 45).

SDD

300
280
260
240
220
200
180
160

Elevation (m)

4000
3500
3000
2500
2000
1500
1000
500

RESULTS

Year since burn and elevation influence on ASDD

SDD is highly spatially variable (Fig. 1A), driven by the heterogene-
ity of elevation, winter temperatures, winter solar radiation, and es-
timated snowfall across the western US (Fig. 1, B to E). To assess the
postfire change in SDD (ASDD) on a pixelwise basis, we estimated
annual prefire SDD as a linear function of average winter tempera-
ture and estimated total seasonal snowfall for all years before the
fire. We fit separate models for each pixel that burned between 2010
and 2021 [average coeflicient of determination (R?) = 0.46]. SDD
was then predicted for every water year (WY) for each pixel in the
time series, including the postburn years. For each burned pixel, we
identified the closest unburned pixel with similar characteristics
and fit the same model over the prefire period (average R* = 0.47).
We then used these fitted linear models to predict SDD in the post-
fire period and calculated the difference between the postfire pre-
dictions and observations each year. The effect of fire on SDD based
on LR (ASDDyg) was estimated as the difference in postfire predic-
tion errors between burned and unburned pixels. Negative ASDD; g
values indicate earlier SDD following a fire.

Fire had the largest effect at low elevations and in the first 5 years
postfire (Fig. 2A). In the first winter following a fire, SDDyy ad-
vanced by a mean of 3.3 [confidence interval (CI), 3.19 to 3.40 days]
days across all elevations. These effects varied spatially, with 60% of
burned pixels having earlier SDDy g in the first year postfire. Mapped
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Fig. 1. Spatial distribution of variables used to predict SDD. (A) Mean SDD calculated from STC-MODSCAG. (B) Mean winter temperature (December to April) calcu-
lated from gridMet. (C) Mean winter solar radiation (December to April) sourced from gridMet and topographically corrected. (D) Elevation derived from Shuttle Radar
Topography Mission. (E) Mean estimated annual snowfall calculated from gridMet for days with a mean temperature below 1°C. All means were calculated over 20 years

from WYs 2002 to 2022.
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Fig. 2. Estimates of ASDD, y by elevation and year since burn. (A) Points indicate the mean ASDDg, and bars indicate the 95% confidence intervals (Cls) for each winter since
the burn. Year 1 is the first winter after the fire. (B) Maps of ASDD, by year since burn. These data points were resampled to a coarser resolution to improve the clarity of the figure.

values indicated that, in the first year postfire, ASDD; g was the most
negative across Northern California, the Pacific Northwest, and Idaho,
with more positive ASDDyy values in Colorado and Utah (Fig. 2B).
Below 2000 m, ASDDr was a mean of 3.8 days earlier (CI, 3.62 to
3.97 days) 1 year postfire. Above 3000 m and below 1500 m, rela-
tively wide CIs could be due to wider variety in effects or the smaller
sample sizes at these elevation extremes (table S1).

Fire effects declined over time and started to show signs of recov-
ery at mid-elevations: By 10 winters postfire, SDD only advanced
0.4 days earlier across all elevations, indicating that, in many cases, the
effect of fire diminished over that period (Fig. 2). Above 1500 m, the
ASDDyr was positive by five to nine winters following the fire, but,
at high elevations (above 3000 m), this recovery period was as short
as two winters postfire. At mid to high elevations (>2500 m), CIs
were consistently above zero by five winters postfire, indicating that
fire predominantly delays SDD at the highest elevations (Fig. 2A).
Low elevations (<1500 m) did not show strong evidence of recovery
until about eight winters postfire.

Solar radiation and temperature effects on ASDD
The magnitude of ASDD estimated using either method varied with
elevation and climate (Fig. 3). Positive ASDDyy values emerged at
higher elevations, 5 to 10 years after a fire, especially in moderate- to
high-solar-radiation conditions (Fig. 3A). The ASDD; r at moderate
to high elevations under high-solar conditions became positive after
four winters, while it took 10 winters for ASDD to approach zero
under low-solar conditions at low to mid elevations (Fig. 3A). Low
elevations and the first 4 years following fire have relatively homoge-
neous ASDD; p estimates indicating 0 to 5 day earlier SDD.

In addition to the regression-based results, we fit an additive mod-
el across the western US to provide a more generalized assessment of
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fire effects on snow, rather than estimating pixel-specific effect sizes.
In this model, SDD was estimated as a nonlinear function (using
thin-plate splines and tensor terms) of years since burn, spatial coor-
dinates, elevation, winter temperature, snowfall, and shortwave radi-
ation, with the effects of temperature and shortwave radiation fit
separately for burned and unburned pixels. The model form was se-
lected to minimize the root mean square error (RMSE) of a 10-fold
cross-validation and avoid spatial patterns in the residuals. ASDD in
the additive model (ASDD,y) is estimated by making model predic-
tions for given climate conditions for hypothetical burned and un-
burned cases and subtracting the predicted SDD values for each pixel.
Model results indicated that, under average burned or unburned con-
ditions, SDD persisted latest in low to moderate solar conditions with
cool temperatures, demonstrating the influence of both incoming
shortwave radiation and temperature on snowmelt timing (Fig. 3, B
and C). Inferred burn effects in the first year postfire were qualitatively
similar to those of the LR approach, with the largest postfire ASDD
in warmer temperatures and relatively low-solar-radiation conditions
(Fig. 3D). Cold and sunny conditions allowed snow to persist lon-
ger in burned areas compared to unburned areas (Fig. 3D). Despite
qualitative similarities between statistical approaches, the effect sizes
estimated using the AM were larger than those estimated with the LR
approach (Fig. 3, A and D).

Regional variation in ASDD under historical

climate variability

To understand how interannual climate variability and climate change
could alter ASDD, we used the additive model to examine predicted
SDD in hypothetical burned and unburned conditions for a clima-
tologically average winter for the first winter following the fire
(Fig. 4A). Under these average historical climate conditions, snow in
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Fig. 3. Modeled winter temperature and solar radiation effects on ASDD g and ASDDjy, to facilitate comparison among the two methods. (A) ASDD estimated
as a function of mean winter temperatures and mean winter solar radiation across elevation bands and years since fire in the LR. (B) SDD in unburned and (C) burned
pixels 1-year post fire across the western US using the additive model (AM). (D) ASDDay as a function of winter temperature and solar radiation.
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Fig. 4. Modeled ASDDuy across the Western US. Modeled ASDDpy for the first year following fire under (A) average conditions, (B) cool conditions, (C) warm conditions,
(D) +2°C warming relative to average, and (E) the difference between +2°C warming and average conditions. (F) Distribution of ASDDay under average conditions
and +2°C warming by elevation band.

Koshkin et al., Sci. Adv. 11, eadt9866 (2025)

17 September 2025

40f10

GZ0Z ‘9T 4800120 U0 BI0°30US 105" MMM//:SANY WO.) PapeojuMoq



SCIENCE ADVANCES | RESEARCH ARTICLE

99% of pixels across the western US melted earlier after a burn com-
pared to predicted unburned conditions with 60% melting out more
than 5 days earlier. However, these postfire effects varied regionally
and temporally. More pixels in maritime snowpacks [Pacific Northwest
(PNW) and Northern California] experienced snow disappearing
more than 5 days earlier postfire compared to continental snow-
packs in the Intermountain West (Colorado, Utah, Wyoming). At
higher elevations in the Intermountain West where conditions are
relatively sunny and cold (Fig. 1, C and D), only 34% of pixels showed
burned areas melting out more than 5 days earlier than nonburned
areas under average climate conditions (Fig. 4A). In contrast, at lower
elevations in the PNW, where solar radiation is low and tempera-
tures are warm (Fig. 1, C and D), 95% of pixels melted out more than
5 days earlier postfire under average conditions. In California, al-
though sunnier and warmer than the PNW and with a larger eleva-
tion gradient across the Sierra Nevada, 88% of burned pixels melted
out more than 5 days earlier than unburned pixels.

We also estimated postfire ASDDay for the coldest (Fig. 4B) and
warmest (Fig. 4C) winters on record for each pixel. Across the west-
ern US, under cold conditions, 98% of pixels experienced snow dis-
appearing later in burned areas compared to nonburned areas, but
only 58% experienced more than 5 days later. However, in Colorado,
20% of pixels under cold conditions melted out more than 5 days
earlier, compared to 85% of pixels in the PNW (Fig. 4C). In contrast,
under warm conditions, the phenomenon of snow disappearing later
in burned areas was concentrated in high-elevation, relatively low-
solar conditions (Fig. 4C). Under warm conditions, 73% of pixels
melted more than 5 days earlier across the western US, while only
53% of pixels in Colorado, Utah, and Wyoming melted more than
5 days earlier in burned areas under warm conditions (Fig. 4C). In
Oregon, California, Washington, and Idaho, 90% of pixels had more
than a 5 day advance in SDD postfire under warm conditions.

Fire impacts on SDD under +2°C

We estimated ASDD ) under a simple warmer climate scenario in
which the average winter temperature for each pixel from a historic
period of 2002 to 2022 was increased by 2°C to mimic a plausible
mid-century mean climate under a wide range of emissions scenarios
(46). The precipitation fraction falling as snow was also modified ac-
cordingly. In this warmer scenario, the median ASDD ) advanced
an additional 0.9 days on average compared to average conditions
across the western US (Fig. 4, D and E), suggesting that the impact of
fire on earlier snowmelt could be exacerbated in warmer climate con-
ditions, but impacts would vary regionally. In the 4-2°C scenario, 71%
of the burned pixels had an additional advance in melt timing of
5 days or more relative to average conditions; 75% had had a more
negative ASDD,y than they did in the average scenario.

Impacts of warming on ASDDy varied regionally: Oregon ex-
perienced the largest shift earlier in ASDDay in burned areas, with
2.4 additional days of earlier melt under this warmer climate sce-
nario, followed by California (1.3 days earlier) and Idaho (1.2 days
earlier) (Fig. 4E). Washington, Oregon, and California have large nega-
tive ASDDjy; under historical average conditions (WA, —7.6 days;
OR, —7.7 days; and CA, —6.7 days), and California and Oregon each
experienced the largest additional advance in melt in the +2°C sce-
nario. In the Intermountain West, ASDDay; shifted earlier by more
than 5 additional days at 35% of pixels under 4+2°C of warming com-
pared to historically average conditions (Fig. 4E). Utah, Wyoming,
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and Colorado had relatively small ASDD,y under historical average
conditions and had some of the smallest additional advances in ASDD
in the +2°C scenario, averaging 0.5 additional days of earlier melt.

DISCUSSION

Our results indicate that snow predominantly melts earlier after
fires, but the magnitude and direction of change in SDD following a
fire are strongly influenced by years since burn, elevation, winter
temperature, and solar radiation. The persistence of ASDDyy in the
years following a fire is elevation-dependent, with evidence of delayed
SDD postfire for 5 to 6 years at middle elevations (2000 to 3000 m)
(Fig. 2). The Pacific Northwest and northern Sierra Nevada are most
vulnerable to snow disappearing up to 2 weeks earlier after a fire
(Fig. 4). Additionally, California and Oregon have the largest addi-
tional change in the effect of fire on SDD under +2°C of warming,
while the Intermountain West (Colorado, Utah, and Wyoming) ex-
periences small additional earlier melt (Fig. 4). In warmer environ-
ments, snow disappearance due to postfire energy balance changes
can even occur in midwinter, disrupting the anticipated timing of
snowmelt runoff (19).

Most prior literature uses in situ plot scale or distributed SNOTEL
observations and emphasizes the importance of increased net short-
wave radiation as a driver of postfire SDD changes (21, 23, 37, 40, 41).
However, our results indicate that other energy balance components
could play larger roles than previously thought. Because low-elevation,
warmer snowpacks are persistently near 0°C and are already vulner-
able to climate warming, a small change in the snowpack energy
balance from decreased albedo (41) can exacerbate the changes in
SDD postfire. In contrast, higher-elevation, low-solar, and colder
Intermountain West snowpacks are more insulated from fire effects
on SDD, with negligible or even positive ASDD post fire (Fig. 4).
Cold, dry snowpacks produce higher cold content that may insulate
these areas from severe postfire changes. Therefore, in high-cold-
content snowpacks, the increase in net shortwave postfire may not
be enough energy to decrease the cold content and initiate markedly
earlier melt. As a result, these cold snowpacks have only slightly ear-
lier melt and, in some cases, at the highest elevations, especially in
Wyoming, Utah, and Colorado, persist slightly later postfire, poten-
tially due to the increase in snow depth from lack of canopy inter-
ception postburn (20, 39, 40, 47).

Elevation, temperature, and incoming solar radiation are strong
predictors of changes in SDD postfire and provide important con-
text for why existing literature shows such a large range (4 to 23 days)
in SDD advance postfire across the western US (14). This spatial
variability is also apparent in how long the effects of fire last; par-
ticularly in high-elevation and cold environments, the effects may
be relatively small and last for a shorter period than the previously
established 10 years (Fig. 3) (20, 40). By five winters after a fire, mid-
high elevations (>2000 m) showed a delay in SDD in burned areas
(Fig. 2A). At this point, the burned trees still standing may no longer
shed black carbon on the snow surface, limiting the reduced albedo
effect. These areas may instead experience increased snow accumu-
lation and decreased incoming longwave radiation due to lack of can-
opy interception. On the basis of our results, we hypothesize that, in
the short term, changes in albedo drive postfire SDD, but, in the
longer term, SDD is governed by altered canopy structure. Preburn
vegetation composition is also highly variable across the western US
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and could influence the variability in postfire snowmelt timing. Fu-
ture studies should consider the interactions between climate condi-
tions and forest composition.

The two statistical methods used in this study complement each
other with similar qualitative results but differing quantitative effect
sizes. Both illustrate regional spatial variability in postfire SDD across
the western US. The effect sizes estimated by the AM were substan-
tially larger than those estimated by the LR. We speculate that this
difference could be due to the averaging of LR results across eleva-
tion categories and climate conditions after model fitting. The quali-
tative similarities reinforce confidence in our results, while the
quantitative differences imply that structural differences in statisti-
cal approaches can affect estimated effect sizes in large-scale statistical
studies. Understanding the spatial variability in postfire ASDD is es-
sential for evaluating where these snowpack changes will affect water
resource management and flood forecasting. Because snow contrib-
utes a large fraction of streamflow across the western US, earlier
SDD can reduce late spring runoff, decreasing streamflow during
warmer summer months (48). The loss of snow cover is also a major
cause of declining annual flows in large river basins due to enhanced
evapotranspiration when snow melts (49). While postfire streamflow
can increase water yield in the short term (50) because of decreased
evapotranspiration (51, 52), the impacts of fire on snow loss could
complicate these changes. Earlier SDD can lead to slower snowmelt
when SDD shifts toward a time of year when incoming shortwave
radiation is low (53). In relatively warm areas, this shift could de-
crease snowmelt runoff due to increased deep percolation and sub-
sequent evapotranspiration, while, in colder areas, slower snowmelt
could increase runoff (54, 55). The snow regimes with earlier SDD
following wildfires (PNW and Northern California) may also be more
susceptible to loss of water yield due to earlier SDD (Fig. 4). All
these factors contribute to a disruption in the quantity and timing of
water availability derived from snowmelt, especially in the PNW and
Northern California.

Anthropogenic climate change is projected to cause warmer win-
ter temperatures across the western US (56). These increased winter
temperatures could further advance SDD in burned areas. In the
future, the effects of fire could be more widespread than under his-
torically average conditions and continue to exacerbate effects in
already vulnerable areas like Oregon. Additionally, the areas that
experience minimal postfire advance of SDD under historical con-
ditions may experience the largest change in postfire SDD advance
in warmer conditions like the Intermountain West (Fig. 4). Our re-
sults suggest that the impact of wildfires on snow cover loss could
increase in warmer climates, which could further strain snow-derived
water resources in the future. Postfire changes should be incorpo-
rated into land surface, flood, and streamflow forecasting models,
particularly in the most vulnerable regions. Fire is also projected to
advance to higher elevations (15), where our results indicate snow-
packs are less vulnerable to snow cover loss. However, it is unclear
whether this upslope advance would decrease the effects of fire on
snow or whether these high-elevation environments would look in-
creasingly like lower-elevation environments of recent decades. In
the near term, as wildfires continue to burn higher into the snow
zone across much of the western US (20, 21), a more nuanced un-
derstanding of conditions that exacerbate the impacts of fires on
snow cover loss helps focus our efforts of concern for water manage-
ment in burned watersheds.
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MATERIALS AND METHODS

Datasets

Snow disappearance date

SDD is calculated from STC-MODSCAG, a daily fractional snow
cover product derived from MODIS surface reflectance bands
that produces a STC dataset at nominal 500-m resolution (463 m)
(Fig. 1A) (44). Using multiple-end member spectral mixture analy-
sis, MODSCAG solves for subpixel fractional snow-covered area
(fSCA) and grain size of the fractional snow cover. MODSCAG al-
lows the snow spectral reflectance to vary by pixel to account for the
spatial heterogeneity of snow in mountainous terrain. MODSCAG
is known to underestimate viewable snow under the canopy, result-
ing underestimates of on the ground snow in dense canopy (45).
However, with recent improvements and compared to other remote
sensing products, STC-MODSCAG performs well in mountain for-
ests, especially when canopy cover is less than 70% (45, 57). Specifi-
cally, STC-MODSCAG has an RMSE of 0.119 m relative to Airborne
Snow Observatory (ASO) fSCA, where ASO fSCA is calculated from
lidar-derived 3-m snow depth converted to a binary snow-cover map
with a threshold of 8 cm to define snow-free pixels. Therefore, STC-
MODSCAG provides a more accurate snow-covered area, especially
in forested areas, than the standard MOD10A1 product that is a bi-
nary product of “snow” or “no snow” classified by the normalized
difference snow index (57, 58).

We calculated SDD for each WY by identifying the first date at
which each pixel switches from snow (greater than 15% snow cover)
to no snow (less than 15% snow cover) following Crumley et al. (59).
We required at least 10 days of snow cover preceding the calculated
SDD to ensure that ephemeral late-season snow events were not
captured. We also set a threshold of nonconsecutive 30 days of snow
cover per WY to count as a snowy pixel to avoid ephemeral snow-
packs. We masked out pixels with greater than 70% canopy cover as
determined by the National Land Cover Dataset (NLCD) because
STC-MODSCAG is validated to perform well under tree canopy up
to 70% tree cover (45, 57, 60). This resulted in a removal of 0.018%
of pixels in the snow zone (fig. S1). Because we are most interested
in forests where a fire could burn, pixels were filtered to land covers
of evergreen forest, shrub lands, deciduous forest, and mixed forest
as labeled in the NLCD. SDD was calculated for each pixel in the
seasonal snow zone across the western US for each WY over the
20 years of available data (WYs 2002 to 2022).

Fire data

Burned pixels are identified using the Monitoring Trends in Burn
Severity (MTBS), an interagency dataset produced by the United
States Geological Survey, United States Forest Service, and United
State Department of Agriculture with the goal of producing a long-
term dataset of burn severity and extent of large fires across the US
since 1984 (fig. S2). This dataset includes fires greater than 1000
acres in the western US and greater than 500 acres in the eastern US.
Fire data are derived from NASA Landsat at 30-m resolution by cal-
culating the difference in the normalized burn ratio (ANBR) using a
normalized band ratio of Near Infrared (NIR) to Shortwave-Infrared
(SWIR) (61). This is the most comprehensive fire dataset for the en-
tire US, providing data from 1984 to 2021 that include all burn se-
verities. We filtered each burn severity raster to only include pixels
labeled as low, moderate, or high burn severity and resampled the
rasters to the nominal 500-m resolution of STC-MODSCAG by
identifying pixels as “burned” if more than 50% of the 30-m pixels
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were burned in each 500-m pixel. We only used data from 2000 to
2021, constrained by the overlap of our masked STC-MODSCAG and
MTBS datasets (fig. S2).

Climate variables

Estimated annual snowfall, average winter temperatures (December
to April), and average winter incoming solar radiation (December
to April) were derived from gridMET, a daily 4-km reanalysis surface
meteorological dataset. gridMET is a climatically aided interpola-
tion of gridded climate data developed using PRISM with temporal
features from NLDAS-2, validated against an extensive network of
weather stations (Fig. 1, C to E, and fig. S3) (43). Using the nearest
neighbor method, we assigned gridMET values to STC-MODSCAG
pixels. Estimated annual liquid snowfall equivalent (SFE) was calcu-
lated by summing pixelwise daily precipitation that occurred when
the daily average temperature was below 1°C (62). Sensitivity tests
indicated that our qualitative results were unaffected by the precipi-
tation phase threshold (fig. S4). Average winter temperatures (Tayg)
were calculated by averaging daily minimum and maximum tempera-
tures from December to April and then taking an average of those
values for each winter. For the future climate scenario, 2°C was added
to average winter temperatures, and annual SFE was recalculated using
+2°C temperatures, retaining the 1°C precipitation phase threshold.

The gridMET solar radiation accounts for cloud cover effects but
is estimated on a flat surface. We terrain corrected the gridMET ra-
diation using the “insol” package (63) in the R programming lan-
guage. The algorithm accounts for aspect, self-shading, slope, and
shading by adjacent terrain. We calculated a terrain correction fac-
tor by dividing the terrain-calculated solar radiation by the flat digi-
tal elevation model (DEM) where all elevation values were equal to
the mean elevation of the nominal 500-m DEM (64). Where terrain
enhances solar radiation (e.g., south-facing slopes), the correction
factor is greater than 1, and where the terrain diminishes the solar
radiation (e.g., shaded valleys), the correction factor is less than 1.
We then calculated average winter solar radiation values across the
western US by running the algorithm at a daily time step from
December to April using fixed parameter values for visibility (30 km),
relative humidity (50%), and temperature (273 K). These parameter
values are realistic for winter in the seasonal snow zone of the west-
ern US, and the relative values comprising the terrain correction
factor are insensitive to parameter values (64). We multiplied the
gridMet solar radiation by the terrain correction factor to derive the
average winter terrain-corrected solar radiation for each year of
the study (Fig. 1D). All gridMET variables were resampled using
the nearest neighbor method to downscale from 4 km to the native
resolution of STC-MODSCAG (Fig. 1D and fig. S3).

We also calculated the annual number of days with snowfall by
summing the number of days per WY that received more than 1 mm
of precipitation when the average temperature was less than 1°C
(35). A snowfall intensity factor was calculated by dividing the total
amount of estimated snowfall by the number of wet days (65). Nei-
ther of these metrics was used in the final selected additive model
because they did not enhance the cross-validated fit statistics of
the model.

Forest classification

We used an established climate-forest-snow classification that clas-
sifies pixels by melt patterns and winter temperatures (47). This
classification is based on a decision tree that ranks forest-snow in-
teraction variables that influence snow storage (duration and mag-
nitude) in the forest including wind, winter ambient temperatures,
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and magnitude of forest shading at 800-m resolution (fig. S5) (47).
This spatial classification was downscaled to the native resolution of
STC-MODSCAG using the nearest neighbor method.

Statistical analysis

We used two different statistical approaches to complement each
other in assessing the impacts of burned forests on SDD across the
western US

Pixelwise LR

To estimate the pixelwise effect of fire on SDD, we fit LRs of SDD as
a function of SFE and winter Ty over the period before burn. For
each pixel 7, a model was estimated for preburn WY j

SDD;; = B+ By (Tuvgy) + B2 (SFE;) (1)

e ~N(0,Ac?) (2)

where Ty is the average winter temperature from December to April
and SFE is the annual estimated snowfall for each WY per pixel. Er-
rors are normally distributed (Eq. 2), with some evidence of long tails
(fig. S6). For this model fitting, the data were filtered to only pixels
that had at least 17 years of data to ensure a long enough record for
accurate fit and postfire data on which to assess the burn effect.

The LR was estimated for each pixel that burned between 2010
and 2021, using this relatively late burn period to ensure that pixels
had enough preburn data to fit a regression. For each pixel, the LR
was fit on the WYs before the burn and predicted over the entire
time series for each pixel, including postfire years. For each postfire
year, we calculated the difference between the postfire observed SDD
and predicted SDD by the regression model.

Each burned pixel was matched with a nearby pixel that did not
burn between 2000 and 2021 as classified by the MTBS dataset.
Matches were determined by identifying pixels within the same 500-m
elevation band, NLCD-based land cover, and aspect and then se-
lecting a match to minimize Euclidean distance in x-y space using
an Albers equal area projection. The LR was applied to the match-
ing unburned pixels in the same manner as for the burned pixel, and
the prediction error in the postfire period was similarly calculated
(fig. S7). We estimated the fire effect size (ASDD; ) by subtracting
the residual (predicted SDD — observed SDD) of each unburned
matching pixel from the residual of the burned pixel. This approach
controls for unobserved climate variation that might systematically
bias the estimate of ASDDxy if it was calculated on the basis of the
burned pixel prediction errors alone. The same calculation was con-
ducted over the prefire period to ensure that no apparent burn effect
existed prefire. This statistical analysis was performed on more than
91,000 burned pixels across the western US. The average R value
across burned pixels was 0.46, and average R” value for unburned
pixels was 0.47.

To assess the statistical significance of ASDDy g, we calculated the
mean and 95% CI of ASDDy for each elevation bin and year since
burn. ASDD;y values were considered significant when the CI
bounds did not include zero. Parametric CIs were calculated by ex-
tracting the 2.5th and 97.5th quantiles from the normal distribution
and multiplying the SE by the resulting value; the resulting values
were added to and subtracted from the mean to construct the CI. An
important issue is that the observations were spatially autocorrelat-
ed, reducing the effective sample size (66). Therefore, we calculated
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Moran’s I using the “spdep” R package (67), which characterizes the
degree of spatial autocorrelation, for each year since burn and 500-m
elevation band. Following Dale and Fortin (68), the effective sample
size was then calculated as

1-1
1+1

where N is the sample size and Ny is the effective sample size (68).
N was then applied in the calculations of the SE to remove the ef-
fect of spatial autocorrelation in the CI calculations.

Additive model

To complement the linear model approach and develop a statisti-
cal model of fire impacts on SDD that could be applied across the
western US, we fit an additive model (69) that accounts for spatial
variability to determine which variables have the largest influence
on SDD in postfire environments. Similar model structures have been
previously applied to snow hydrology (65, 70). All burned pixels in
the dataset were selected, while an equal number of unburned pixels
were sampled to match. Using the “mgcv” package in the R program-
ming language (71), we fit an additive model to the sampled data.
This method was chosen to account for temporal and spatial corre-
lation structures in the dataset and allow for nonlinear effects and
interactions. The model for SDD in WY j at each pixel i was con-
structed as

N,

eff=N (3)

SDD;=a+f, (smd,-j, Tyvgi b”mz‘)
4
+1,(SFE;;, elev;, snowtype;) +f; (yearsince;) +£,(x,y) +¢; (4)
e ~N(0,Ac?) 5)

where SDD is the snow disappearance date, a is the intercept, f; and
f> are tensor product interactions of thin-plate splines, and f; and f,
are thin-plate splines. The model includes elevation (elev), average
winter solar radiation from December to April (srad), average winter
temperature from December to April (Tayg), annual estimated snow-
fall (SFE), whether a pixel burned (burn), snow type based on forest/
snow classification (snow type) (47), years since burn (year since),
latitude (y), and longitude (x). All errors are approximately normal-
ly distributed (fig. S8). The basis dimension used to represent the
smoothed terms, k, was set to 6 for f; and f, and 100 for f; to mini-
mize cross-validated RMSE. Although srad and y are highly corre-
lated (fig. S9) and initial assessment of the model indicated high
concurvity, the inclusion of spatial terms in the model alleviated spa-
tial patterns in the residuals (fig. S8) (71). Aspect was not included in
the model because the impact of aspect is captured in the terrain-
corrected srad.

Spatial residuals were inspected for heteroskedasticity and nor-
mality and to ensure that no spatial patterns were present (fig. S8). A
10-fold cross-validation was performed to ensure predictability of
the model and avoid overfitting (72). The specific model structure
was selected to minimize the cross-validated RMSE. Residuals show
a lack of spatial patterns and an approximately normal distribution,
with some outlying observations (fig. S8). The model is also designed
to minimize concurvity by removing redundant variables. We tested
multiple possible distributions of the response variable, and ulti-
mately proceeded with the Gaussian distribution for best normality
of the residuals and minimal cross-validated RMSE. The model cross-
validated RMSE was 14.87 days, with an R* value of 0.74. Cross-
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validated RMSE was 0.13 days higher than training data RMSE. Fi-
nal model metrics were assessed on the average of the cross-validation
of the out-of-sample 10% of data after the 10-fold analysis (72).

To estimate ASDD with the additive model (ASDD ), we use
the additive model to predict SDD in hypothetical burned and un-
burned conditions across a matrix of temperature and solar radia-
tion values (Fig. 3, B and C) and subtract the two resulting rasters to
illustrate the ASDDy) in the temperature-solar radiation variable
space (Fig. 3D). To assess spatial variability in ASDDay across the
Western US, we predict SDD under hypothetical burned and un-
burned conditions for each pixel using its average climate condi-
tions. To assess ASDDy in relatively cool and warm conditions, we
identified the coldest and warmest winter temperatures on record
for each pixel from WYs 2002 to 2022 and calculated ASDDjy; as in
the historical average case, keeping all other variables consistent.

The warmer climate scenario was estimated by adding 2°C to the
mean winter temperature from 2002 to 2022. This method was cho-
sen to mimic mid-century climate warming within the uncertainty
bounds of scenarios ranging from relatively low- to high-emission
cases (46). We then calculated the ASDD 5y for this warmer climate
scenario as calculated in the historical scenario. The difference be-
tween ASDD sy in the +2°C scenario versus the historical average is
obtained by subtracting the two rasters of estimated ASDDy;. All
statistical and graphical analysis was performed in the R program-
ming language version 4.4.1. (73).

Assumptions and limitations

Satellite remote sensing remains somewhat limited in its ability to
detect fSCA in densely covered forests. To help minimize this prob-
lem, we used the STC-MODSCAG reanalysis product that performs
well under tree canopy up to 70% tree cover (45, 57, 60). The nomi-
nal 500-m scale does not capture microclimates or small-scale ter-
rain influence on snow accumulation and melt patterns. We only
assess snow-cover fraction from satellite imagery, so this approach
is limited to only assessing SDD, not snow water equivalent or melt
rates. Despite these caveats, analysis with remote sensing data has
strengths that complement the limitations associated with site-scale
studies or SNOTEL analysis in understanding large-scale changes
across the western US. Here, we use the best data available to assess
spatial and temporal variability in wildfire impacts on snow hydrol-
ogy across the Western US.

There is some quantitative disagreement between the LR and ad-
ditive model providing uncertainty in the change in SDD post fire,
but the alignment of spatial pattern and effect direction provides
confidence in overall conclusions, while the inclusion of both statis-
tical approaches exposes uncertainty from statistical model structure.
The LR model is limited to only pixels that burned in 2010 or later.
The unburned matched pixels could also have soot or debris trans-
ported by wind from the burned pixel onto the snowpack, potentially
explaining the smaller effect size in the LR. The LR is constructed of
three parameters using a sample size of 9 to 19 data points per pixel.
Although the relatively few degrees of freedom can yield model un-
certainty, the spatial and temporal coherence of results and direc-
tional consistency with the additive model provide added confidence
in our results. The additive model allows us to predict the effect of fire
over pixels that have never burned but has a slightly less flexible repre-
sentation of the fire impact. These approaches, therefore, have comple-
mentary limitations and advantages in helping understand the spatial
and temporal variability in wildfire impacts on snow hydrology.
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Last, future climate projections encompass more than just tem-

perature changes. Most notably, specific humidity, solar intensity at
the surface, and precipitation intensity are all projected to change
under future climate projections. While this study does not explicitly
address these factors, they could substantially influence how wildfire
affects snow disappearance in a changing climate given their roles in
governing patterns of snowpack dynamics.
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