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ABSTRACT: This study evaluated the spatial variability of trends in simulated snowpack properties across theRioGrande

headwaters of Colorado using the SnowModel snow evolution modeling system. SnowModel simulations were performed

using a grid resolution of 100 m and 3-hourly time step over a 34-yr period (1984–2017). Atmospheric forcing was provided

by phase 2 of the North American Land Data Assimilation System, and the simulations accounted for temporal changes in

forest canopy from bark beetle and wildfire disturbances. Annual summary values of simulated snowpack properties [snow

metrics; e.g., peak snow water equivalent (SWE), snowmelt rate and timing, and snow sublimation] were used to compute

trends across the domain. Trends in simulated snow metrics varied depending on elevation, aspect, and land cover.

Statistically significant trends did not occur evenly within the basin, and some areas were more sensitive than others. In

addition, there were distinct trend differences between the different snow metrics. Upward trends in mean winter air

temperature were 0.38C decade21, and downward trends in winter precipitation were 252 mm decade21. Middle

elevation zones, coincident with the greatest volumetric snow water storage, exhibited the greatest sensitivity to

changes in peak SWE and snowmelt rate. Across the Rio Grande headwaters, snowmelt rates decreased by

20% decade21, peak SWE decreased by 14% decade21, and total snowmelt quantity decreased by 13% decade21.

These snow trends are in general agreement with widespread snow declines that have been reported for this region.

This study further quantifies these snow declines and provides trend information for additional snow variables across a

greater spatial coverage at finer spatial resolution.
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1. Introduction

Water availability in the western United States is largely

dependent on seasonal mountain snow that accumulates in the

fall, winter, and spring andmelts in the spring and summer each

year (e.g., Barnett et al. 2005; Li et al. 2017). Approximately

65% of the water supply comes from forested areas in this

region, with the majority of snowmelt originating from

mountain forests (Furniss et al. 2010). Consequently, under-

standing howmountain snow storage is changing as a result of

changes in climate and vegetation is critically important for

adapting future water management plans (Middelkoop et al.

2001). Long-term snow monitoring stations have generally

reported recent widespread snow declines throughout the

western United States (e.g., Chavarria and Gutzler 2018;

Clow 2010; Fritze et al. 2011; Harpold et al. 2012; Knowles

et al. 2006; Kunkel et al. 2016; McCabe and Clark 2005; Mote

2006; Mote et al. 2005, 2018; Regonda et al. 2005; Stewart

2009), that have been linked with shifts in the fraction of

precipitation falling as snow versus rain (Knowles et al. 2006),

earlier snowmelt timing (Clow 2010), and changes in snowmelt

rate (Musselman et al. 2017b). Additionally, the sensitivity of

seasonal snowpacks to changing atmospheric conditions has

been shown to vary spatially between climate types (Harpold

and Brooks 2018), with fewer consistent changes in inter-

continental regions (Harpold et al. 2012) compared tomaritime

regions (Regonda et al. 2005).

Despite these well documented snowpack changes, an im-

portant consideration is that snow monitoring stations are not

always representative of snow in surrounding areas (Gleason

et al. 2017; López-Moreno et al. 2011; Meromy et al. 2013;

Molotch and Bales 2005, 2006), thus, the stations may also

misrepresent changes in basin scale seasonal snow storage.

Seasonal snowpacks exhibit considerable spatial variability

that is driven by meteorological processes and their interac-

tions with topography and land surface features such as forests

(e.g., Elder et al. 1991) over a range of spatial scales (e.g.,

Blöschl 1999; Deems et al. 2006; Lopez-Moreno et al. 2015;

Sexstone and Fassnacht 2014). For example, in alpine areas,

wind redistribution of snow can create large snowdrifts that are

not represented by station observations that are typically lo-

cated below tree line. Furthermore, widespread changes in

forest health, structure, and density associated with wildfire

and insect disturbances (Potter and Conkling 2016; Westerling

et al. 2006) have been shown to exert a strong and variable in-

fluence on snowpack dynamics and evolution (Biederman et al.

2014; Frank et al. 2019; Gleason et al. 2013; Harpold et al. 2014;
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Pugh and Small 2012; Sexstone et al. 2018). Small changes in

snow water equivalent (SWE) within headwater regions can

have substantial implications to total basin discharges (e.g.,

Rumsey et al. 2020). Therefore, future water management

planning will need to rely on a more accurate accounting of the

basinwide distribution and changes of snow water resources

(Fassnacht et al. 2018).

Recent studies evaluating the spatial changes in snowpack

properties using physically based modeling approaches, re-

analysis products, and remote sensing observations have pro-

vided important insights into large scale patterns in changing

snow dynamics from regional to global scales. Liston and

Hiemstra (2011) evaluated changes in snow estimates using a

snow evolution model run at 10-km spatial resolution across a

pan-Arctic domain and highlighted a trend in peak SWE

of 2170 mm decade21 across this region. Across the snow-

dominated western United States, Zeng et al. (2018) used a

gridded reanalysis snow product and showed significant de-

creases in snow mass on the order of 12% decade21. At the

global extent, Hammond et al. (2018b) evaluated Moderate

Resolution Imaging Spectroradiometer (MODIS) snow cov-

ered area (SCA) observations and found that decreases in

snow persistence were greatest in seasonal snow zones of the

Northern Hemisphere. However, finer-resolution spatial snow

estimates, on the order of 100 m or finer, are likely needed to

resolve key drivers of seasonal snow accumulation and abla-

tion processes in complex mountainous environments (Mott

et al. 2018) and thus provide adequate accounting of snow

storage at the basin scale (e.g., Margulis et al. 2016). Physically

based snow modeling applications run at fine spatiotemporal

resolutions (e.g., Broxton et al. 2015; Sexstone et al. 2018;

Vionnet et al. 2017) offer the potential for reproducing ob-

served snow-property distributions and, therefore, may be able

to provide further insight into how snow water resources are

changing at the basin scale.

In this study, we used the SnowModel (Liston and Elder

2006b) snow evolution modeling system to simulate snowpack

processes at 100-m spatial resolution over a 34-yr period (1984–

2017) for the Rio Grande headwaters basin of Colorado,

United States (hereafter Rio Grande headwaters), a region

where seasonal snow serves as the primary source of water

supply for large areas downstream (Rango 2006). We used

spatially distributed annual summary values of snowpack

properties (i.e., snow metrics; Table 1) from the SnowModel

simulations to compute trend analyses for each grid cell across

the model domain using the nonparametric Mann–Kendall

trend test. The primary objective of this research was to eval-

uate the finescale spatial variability of trends in simulated

snowpack properties across the Rio Grande headwaters to

provide further insight on how snow water resources are

changing at the basin scale over time relative to long-term

climate trends and episodic disturbance events.

2. Methods

a. Study area

The study area was a 140 km 3 80 km model domain in the

San Juan Mountains of southwestern Colorado, United States,

encompassing the Rio Grande headwaters (hydrologic unit

code 13010001; 3575 km2; Fig. 1). Elevations within the model-

ing domain ranged from 1990 to 4293 m (North American

Vertical Datum of 1988). Observations at Snowpack Telemetry

(SNOTEL) stations in this region show that greater than 60%

of annual precipitation falls as snow during the winter months

(Molotch 2009; Serreze et al. 1999). Snowmelt from seasonal

snowpacks serves as the primary source of water supply in this

region, sustaining as much 50%–75% of the annual flow of the

upper Rio Grande basin (Rango 2006). Land cover in the Rio

Grande headwaters was composed of 54% forested area (45%

evergreen, 8% deciduous, 1% mixed) and 46% nonforested

area (33% herbaceous, 4% shrub/scrub, 4% woody wetlands,

1% herbaceous wetlands, 4% barren land, and ,1% open

water, minimal development, agriculture; Homer et al. 2015;

Fig. 1). Bark beetle (BB)-induced tree mortality affected much

of the evergreen forested areas in the Rio Grande headwaters

beginning around 2000 and plateauing around 2011, resulting

in 25%of the basin area (43%of area classified as forested land

cover) being affected by BB disturbance (USFS 2016; Fig. 1).

Additionally, during the summer of 2013, the West Fork

Complex Fire burned in both undisturbed and BB-affected

forests, affecting 8% of the area (14% of area classified as

TABLE 1. Definitions of annual climate and snow metrics used in this study.

Annual climate/snow metric Definition

Winter air temperature (T) Mean winter temperature from 1 Oct to 31 May

Winter precipitation (P) Cumulative winter precipitation from 1 Oct to 31 May

Snowfall Total precipitation falling as snow from 1 Oct to 30 Sep

Peak SWE Maximum snow water equivalent

SWE:P Ratio of peak SWE to winter precipitation

Peak SWE timing Water year (WY; from 1 Oct to 31 Sep) day peak SWE occurs

Snow-covered days Number of days with snow on the ground

Total snowmelt Surface-water input into the soil that occurs when SWE is greater than zero

Snowmelt rate Rate that snow melts from peak SWE to snow disappearance (melt out)

SM50 WY day following peak SWE when half of snowpack has melted

Melt-out timing WY day when melt out occurs

Sublimation Total snow sublimation including surface, canopy, and blowing snow components

Effective sublimation Ratio of total snow sublimation to winter P (sublimation:P)
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forested land cover) within the Rio Grande headwaters

(Fig. 1; https://www.fs.usda.gov/detail/riogrande/home/?

cid5stelprdb5425999; Eidenshink et al. 2007).

b. Model description and simulations

To quantify spatial and temporal variations and long-term

trends in seasonal snowpack properties across the Rio Grande

headwaters (Fig. 1), we ran SnowModel simulations over a 34-

yr period from 1984 to 2017. SnowModel is a spatially dis-

tributed physically based snow evolution modeling system

designed for application in a wide range of environments

where snow occurs (Liston and Elder 2006b). SnowModel in-

cludes the following submodels: MicroMet (Liston and Elder

2006a), a high-resolution meteorological distribution model;

EnBal (Liston 1995), which computes surface energy ex-

changes between the snow and atmosphere; SnowPack (Liston

andHall 1995), which simulates the seasonal evolution of snow

depth and SWE; SnowTran-3D (Liston and Sturm 1998; Liston

et al. 2007), a 3D model that simulates snow redistribution by

wind over topographically variable terrain; and SnowAssim

(Liston andHiemstra 2008), a data assimilation system that can

be used to assimilate field and remote sensing observations into

SnowModel simulations. Required inputs to run SnowModel

include temporally varying fields of air temperature T, relative

humidity, wind speed and direction, and precipitation P as well

as spatially varying fields of topography and land cover. The

model uses known relations between meteorological variables

and the surrounding topography and land cover to distribute

FIG. 1. Study area map showing the (a) model domain and Rio Grande headwaters basin [hydrologic unit code (HUC) 13010001] with

land-cover type (Homer et al. 2015; USFS 2016; Eidenshink et al. 2007), snow stations and measurement locations (both used for model

evaluation) labeled with a station ID that are defined in Table S1, NLDAS-2 grid centroid locations, and intermittent and low snow zones

(Hammond et al. 2018a) highlighted; (b) location of the study area within southwestern Colorado; and (c) time series of the percentage of

the Rio Grande headwaters basin composed of forest area, bark beetle disturbance forest area, and burned forest area from wildfire from

1999 to 2015 (Homer et al. 2015; USFS 2016; Eidenshink et al. 2007).
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those variables across the domain. Surface pressure and in-

coming solar and longwave radiation are additional atmo-

spheric property distributions required to run SnowModel and

are computed as part of the MicroMet submodel as described

in detail in Liston and Elder (2006a). SnowModel has been

rigorously evaluated and shown to perform well in seasonally

snow-covered environments similar to the study area (e.g.,

Greene et al. 1999; Hiemstra et al. 2006; Liston and Elder

2006a,b; Liston et al. 2008; Prasad et al. 2001; Sexstone et al.

2018; Sproles et al. 2013).

SnowModel simulations were run at a 3-hourly time step

with a 100-m spatial grid resolution (1.12 million grid cells

across the study domain). Elevation, land cover, and canopy

cover fraction were provided by the U.S. Geological Survey

(USGS) National Elevation Dataset (http://ned.usgs.gov)

and National Land Cover Database spatial datasets (https://

www.mrlc.gov). The effective leaf area index (LAI*) values

across the domain were created by scaling the maximum

LAI* for each forest class vegetation type (Table S2 in the

online supplemental material) by the canopy cover fraction

(e.g., Broxton et al. 2015; Sexstone et al. 2018). This study also

implemented dynamic land-cover changes across the simu-

lation time period that were updated each simulation year to

represent the temporal effects of BB and wildfire disturbance

on snowpack evolution. The cumulative distribution of BB-

induced tree mortality from 2000 through 2015 was divided

into quantiles representing no mortality, light mortality,

moderate mortality, and severe mortality (Bright et al. 2013).

Aerial surveys of cumulative BB mortality (USFS 2016) from

each year of the simulation time period were used to reduce

the spatially variable LAI* across the study domain by 0%

(no mortality), 5% (light mortality), 25% (moderate mor-

tality), and 40% (severe mortality) (Bright et al. 2013; Pugh

and Gordon 2013; Sexstone et al. 2018). Furthermore, areas

subject to wildfire disturbance following the 2013 West Fork

Complex Fire (Fig. 1) were prescribed a category of very

severe mortality with a LAI* reduction of 82%, which was

the difference in LAI* between burned and unburned forest

measurements presented by Gleason and Nolin (2016).

Deforestation associated with forest management and sal-

vage logging was not considered in this study.

Meteorological forcing data were provided by the 1/88 grid
spacing North American Land Data Assimilation System

(NLDAS-2) reanalysis forcing dataset (Fig. 1; https://

ldas.gsfc.nasa.gov/nldas/; Mitchell et al. 2004; Xia et al.

2012). The NLDAS-2 reanalysis forcing dataset extends back

to January 1979; however, given the anomalously wet period in

the early 1980s across the region, we began our analysis in 1984

to avoid potential spurious trends (Harpold et al. 2012). Hourly

NLDAS-2 T, P, relative humidity, and wind speed and direc-

tion data were aggregated to 3-hourly values to correspond

with the model simulation time step. The 3-hourly NLDAS-2

forcing data along with mean elevation of each NLDAS-2 grid

cell was used by MicroMet to downscale and create the 100-m

spatial resolution meteorological forcing data required by

SnowModel (e.g., Liston andElder 2006a; Liston andHiemstra

2011; Liston et al. 2008; Sexstone et al. 2018) based on

Northern Hemisphere monthly lapse rates (refer to Liston and

Elder 2006a) and the 100-m digital elevation model. A 28C
rain/snow threshold air temperature was used in SnowModel

for partitioning between rain and snow precipitation (Auer

1974). The SnowAssim data assimilation system (Liston and

Hiemstra 2008) was used in this application of SnowModel

(e.g., Fletcher et al. 2012; Liston et al. 2008, 2018) to adjust

biases in NLDAS-2 winter P forcing data (e.g., Henn et al.

2018; Sexstone et al. 2018). Differences between observed and

simulated SWE before peak snow accumulation each year at

six long-term SNOTEL stations across the study domain were

used to spatially interpolate winter seasonP adjustment factors

for each year of the simulation period (Liston and Hiemstra

2008; Table S3).

This implementation of SnowModel used the snow albedo

decay parameterization developed by Gleason and Nolin

(2016) to represent snow albedo decay in nonforested, for-

ested, and burned forest areas for both nonmelting andmelting

snow conditions across themodel domain. A threshold of 3mm

of new snowP (3-cm depth of fresh snowwith a snow density of

100 kgm23) was used to reset the simulated snow albedo to its

maximum value. Using incoming and outgoing shortwave ra-

diation as well as snow depth observations during the snow-

covered period of 2016 and 2017 at two nonforested and two

forested stations (Table S4; Fig. 1), we derived the study area-

specific albedo decay gradient parameters based on the mean

of best-fit exponential regression functions between the days

since snowfall and the snow albedo (Table S4, Fig. S1; Gleason

and Nolin 2016). All albedo decay parameters for burned

forested areas as well as the maximum and minimum snow

albedo for forested and open areas presented by Gleason and

Nolin (2016) were additionally used in this study (Table S4,

Fig. S1). This study was not able to directly incorporate the

time-varying influence of light-adsorbing particles (LAPs) such

as dust and black carbon on snow albedo (Gleason et al. 2019;

Skiles et al. 2018) into the model simulations because historical

data were not available for the entire simulation period (e.g.,

Painter et al. 2012).However, the albedo parameters used in this

study were derived from 2016 and 2017, which were considered

‘‘average’’ dust-on-snow years in the Rio Grande headwaters

(http://www.codos.org/#dust-enhanced-runoff-classification);

therefore, the model simulations are likely to represent the

mean influence of LAPs on snow albedo over the time period,

but not its interannual variability.

c. Model evaluation

This study used a combination of station observations, field

measurements, and remote sensing observations to provide a

thorough evaluation and error analysis of the SnowModel

simulations. All model evaluation performance statistics were

computed (‘‘hydroGOF’’ R package; Zambrano-Bigiarini

2017) based on daily values using the coefficient of deter-

mination (R2), root-mean-square error (RMSE), and mean

bias for daily variables or percent bias (PBias) for cumula-

tive variables. Additionally, linear regression trends were

computed (R Core Team 2019) for observed and simulated

values, and a statistical comparison of both the linear re-

gression slopes and linear regression intercepts was com-

puted by analysis of covariance (ANCOVA). A probability
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(p) value , 0.05 for the coefficient of determination and

ANCOVAwere considered statistically significant in this study.

1) STATION OBSERVATIONS

Daily mean observations from 34 meteorological stations

within the model domain during the 2016 and 2017 water

years were used to evaluate simulated meteorological forcing

(Fig. 1; Table S1). Station observations were used to evaluate

simulated T, relative humidity, vapor pressure, wind speed,

net radiation, incoming shortwave radiation, and albedo

(Table S1). Furthermore, daily observations of P and SWE at

17 SNOTEL stations were used to assess the performance of

the simulated P and snow mass balance over the entire model

simulation period (1984–2017); these evaluations were com-

pleted separately for SNOTEL stations used for data assim-

ilation (n 5 6; assimilation stations) and not used for data

assimilation (n 5 11; evaluation stations). Simulated SWE

values equal to zero were not included to calculate evaluation

metrics (Table S1). All land-cover grids (100 m) that over-

lapped SNOTEL station locations were classified as forested

areas by the national land cover database. Given that SWE

measurements at SNOTEL stations are located in small shel-

tered forest openings, this study disabled snow interception by

the forest canopy for these overlapping 100-m grid cells. This

allowed the SNOTEL-associated grid cells to represent canopy

snow interactions without the influence of snow interception

and the corresponding canopy-intercepted sublimation losses

(i.e., small forest gap; Ellis et al. 2013) and provided a more

reasonable comparison between the simulated and observed

values at grid cells that overlapped SNOTEL stations.

2) FIELD MEASUREMENTS

Field snow surveys were conducted in 2016 and 2017 at 73

locations within the study area (Fig. 1) to measure snow

properties in both forested and nonforested locations. At each

field measurement location (n 5 73), nine snow depth mea-

surements were collected using a snow depth probe across a

20 m 3 20 m grid and a mean determined for each location.

At 46 of the measurement locations, snow density was mea-

sured using either a Federal snow sampling tube (Kinar and

Pomeroy 2015) or snowpit observations using a 250-cm3 snow

density wedge cutter (Kinar and Pomeroy 2015), and SWEwas

computed based on themean snow depth3 snow density. Field

measurements were directly compared to simulated snow

depth and SWE at grid cells that overlapped the field mea-

surement locations on each date. Field snow survey data are

available in Sexstone (2020).

3) REMOTE SENSING OBSERVATIONS

Simulated SCA between 2000 and 2017 was evaluated using

remotely sensed MODIS SCA data from the MOD10A2

product (https://nsidc.org/data/mod10a2). The 8-day MODIS

SCA product was used in favor of the daily MODIS SCA

product to minimize the influence of cloud coverage on the

model evaluation of snow-cover duration. Model grid cells

were classified as snow covered if the simulated SWE was

greater than 10 mm on the same day (Gascoin et al. 2013).

The MOD10A2 maximum SCA across the model domain

(observed by MODIS for every 8-day period) was compared

to the maximum SCA simulated by SnowModel during the

same period.

Simulated SWE across the Rio Grande headwaters was

also evaluated using the National Aeronautics and Space

Administration (NASA) Jet Propulsion Laboratory (JPL)

Airborne Snow Observatory (ASO) dataset that was collected

near peak snowaccumulation in the basin on 3April 2016 (Painter

2018; https://nsidc.org/data/ASO_50 M_SWE/versions/1). ASO

performs airborne surveys to estimate snow depths at a 3-m

resolution by differencing snow-off from snow-on elevations

obtained from lidar (Painter et al. 2016). The ASO SWE

product is then derived at a 50-m spatial resolution by com-

bining the ASO snow depths with simulated snow density

fields (Hedrick et al. 2018; Painter et al. 2016). We resampled

the 50-m ASO SWE dataset to the 100-m SnowModel grid

and directly compared it to the SnowModel SWE simulated

on 3 April 2016.

TABLE 2. Mean summary values of model simulation performance statistics based on the comparison of daily SnowModel simulation

values with daily station observations for water years 2016 and 2017. Bolded R2 values denote all p values , 0.01.

Variable No. of stations R2 Bias RMSE

Air temperature (8C) 33 0.95 20.3 2.0

Relative humidity (%) 13 0.74 0.46 11

Vapor pressure (Pa) 13 0.89 4.7 59

Wind speed (m s21) 10 0.50 0.4 2.4

Incoming shortwave radiation (Wm22) 6 0.60 20.4 59

Net radiationa (Wm22) 3 0.33 28.6 29

Albedoa 5 0.36 20.01 0.17

Cumulative precipitation assimilation

stationsb (mm)

6 0.99 10% 77

Cumulative precipitationb (mm) 11 0.98 15% 94

SWE assimilation stationsb (mm) 6 0.89 6% 96

Snow water equivalentb (mm) 11 0.78 11% 93

aDenotes that the simulation and observation comparisons were only made during the snow-covered period.
b Denotes that the model simulation performance statistics are based on the entire period of record (water years 1984 through 2017) and

that the percent bias rather than mean bias is presented.
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FIG. 2. Time series plots and model evaluation statistics of (a) daily

observed SNOTEL SWE compared to daily simulated SWE at

Beartown (station ID 327); annual observed SWEmetrics compared to

annual simulated SWE metrics at eight long-term SNOTEL locations

for (b) peak SWE, (c) peak SWE timing, (d) snowmelt rate, and
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d. Trend analyses

The 3-hourly SnowModel outputs were aggregated to daily

values over the simulation time period. Furthermore, annual

[water year (WY); 1 October–30 September] variables repre-

senting climate and snowpack conditions (i.e., climate and

snow metrics) for each grid cell within the model domain were

computed for spatiotemporal analyses. Annual climate and

snow metrics that were evaluated in this study are described in

Table 1. For each metric (Table 1), the nonparametric Mann–

Kendall test (Mann 1945) and the Theil–Sen slope estimator

(Sen 1968) were used to evaluate trends for each grid cell

across the model domain (‘‘rkt’’ R package; Marchetto 2017).

A p value , 0.05 for the Mann–Kendall test was considered

statistically significant in this study. Trend statistics were

evaluated based on elevation, aspect, and land-cover type

within the basin. Model output data that support the findings of

this study are available in Sexstone (2020).

3. Results

a. Model evaluation

1) STATION OBSERVATIONS

Daily mean simulated T was significantly related (all p

values , 0.01) with daily mean T observations and showed a

small negative mean bias with station observations during

water years 2016 and 2017 (Table 2). Simulated relative hu-

midity and vapor pressure were also significantly related with

observations (mean R2 5 0.74 and 0.89, respectively; all p

values , 0.01) and showed minimal mean bias with station

observations across the domain, indicating the model was

able to reasonably represent atmospheric moisture condi-

tions (Table 2). Simulated wind speeds were modestly, but

significantly, related with observations (mean R2 5 0.50; all p

values , 0.01), with the lowest errors observed at the highest

elevations (Fig. S2). Simulated incoming shortwave radiation

was also modestly related with observations (mean R2 5 0.60;

all p values , 0.01) and showed a very small mean bias

(Table 2). During the snow-covered periods of water years

2016 and 2017, both simulated net radiation and albedo were

modestly correlated with observations (Table 2), with a mean

RMSE of 29 Wm22 and 0.17, respectively (Table 2).

Over the entire simulation period (water years 1984–2017),

simulated cumulativeP at SNOTEL stations both used for data

assimilation (n 5 6; assimilation stations) and not (n 5 11;

evaluation stations) were highly correlated with observations

(mean R2 5 0.99 and 0.98, respectively; all p values , 0.01)

and were biased slightly high with a mean PBias of 10% and

15%, respectively (Table 2). Likewise, simulated SWE at

assimilation and evaluation stations were well correlated with

observations (Table 2; Fig. 2) and exhibited a mean RMSE of

96 and 93 mm, respectively, for all time periods when the

simulated SWE was greater than zero. Errors in simulated P

and SWE were not strongly related to station elevation

(Fig. S3). The time series of simulated and observed SWE for

SNOTEL stations available over the entire simulation period

of record (n5 8) was used to compare the long-term trends in

annual peak SWE, peak SWE timing, snowmelt rate, and

melt-out timing (Fig. 2). An ANCOVA analysis between the

linear regression slopes of these annual metrics showed no

significant difference (all p values . 0.05) between the simu-

lated and observed values (Fig. 2). Additionally, an ANCOVA

analysis of the linear regression intercept values showed no

significant difference between both simulated and observed

peak SWE and melt-out timing (Fig. 2). However, both simu-

lated and observed peak SWE timing and snowmelt rate in-

tercepts were significantly different (p values , 0.05),

highlighting a positive but temporally consistent annual

bias in both metrics (Fig. 2).

2) FIELD MEASUREMENTS

Simulated SWE and snow depth were highly related with

field observations collected across the study area (R2 5 0.82

and 0.73, respectively; p values, 0.001; Fig. 3). However, both

simulated SWE and snow depth were biased slightly low

compared to observations with a mean PBias of about 216%

and 221%, and an RMSE of 166 mm and 0.44 m, respectively

(Fig. 3). Systematic errors between different land-cover types

were not observed when comparing field snow observations to

the SnowModel simulations (Fig. 3).

3) REMOTE SENSING OBSERVATIONS

Simulated snow-cover duration across the model domain

was highly related to MODIS SCA observations (R2 5 0.90; p

value , 0.001; Fig. 2) during the period of record (water years

2000 through 2017) when the simulated SCA was greater than

zero, and the observed MODIS cloud coverage was less than

5% of the model domain (Fig. 2). The mean bias of the simulated

SCAwas equal to zero and theRMSEwas 0.12when compared to

MODIS observations (Fig. 2). However, an evaluation of the

annual mean SCA from February through June showed a slightly

positive bias in simulated SCA (Fig. 2). An ANCOVA analysis

between the linear regression trend slopes for the simulated and

observed mean February through June SCA showed no signifi-

cant difference (p value . 0.05; Fig. 2).

On 3 April 2016, the basinwide mean value and standard

deviation of simulated SnowModel SWE (238 6 216 mm)

 
(e) melt-out timing; (f) observed MODIS 8-day maximum snow cov-

ered area (SCA) compared to simulated 8-day maximum SCA for the

MODIS period of record; and (g) observed MODIS annual February–

June mean SCA compared to simulated February–June mean SCA for

the MODIS period of record.
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compared well to the ASO SWE estimates (202 6 226 mm).

Themean difference between the SnowModel SWE and ASO-

derived SWE across the basin was 36 mm, highlighting a slight

positive PBias (18%) in the model simulations (Fig. 4). This

positive bias was consistent across all elevation zones that

contained substantial volumetric SWE (Fig. 4). A grid-to-

grid comparison of the SnowModel and ASO-derived SWE

showed a significant relation (p value , 0.001) with a com-

parable linear regression slope, absolute PBias, and RMSE

to that calculated from field measurements (Figs. 3 and 4).

b. Trends in winter T and P

Statistically significant trends (hereafter referred to as

‘‘trends’’) of increasing simulated mean winter T and de-

creasing simulated winter P were observed within the study

area. However, these trends were spatially variable and only

occurred in 30% of the Rio Grande headwaters (Table 3;

Fig. 5). Simulated winter T showed upward trends of ap-

proximately 0.38C decade21 (Table 3) with the high eleva-

tions covering the greatest percentage of area relative to the

total elevation zonearea (relativepercentage)with trends (Table 3;

Fig. 5). SimulatedwinterP showed downward trends that increased

in magnitude with elevation from 235 to 276 mm decade21

(Table 3). Downward trends in simulated snowfall were also

comparable to simulated winter P; however, the lowest ele-

vations covered the greatest relative percentage of area with

trends (Table 3).

c. Trends in snow accumulation

Downward trends in simulated peak SWE were similar in

magnitude to trends in simulated winter P and snowfall (Table 3)

and covered a similar percentage of the Rio Grande headwaters

as downward snowfall trends (51% compared to 62%). The

downward trend slopes in simulated peak SWE increased in

magnitude from low to high elevation (Table 3; Fig. 6). However,

the middle elevations covered the greatest relative percentage of

area with trends. These middle elevations were coincident with

the greatest simulated volumetric peak SWE (i.e., volume of

water stored as snow) across the Rio Grande headwaters

(Figs. 6e,f). Furthermore, south-facing aspects in the middle

and high elevations had a greater relative percentage of area

with significant trends in simulated peak SWE than compara-

ble north-facing aspects (Fig. 7). Downward trends in simu-

lated SWE:P (Table 1) on the order of 20.04 decade21

occurred across 48% of the basin. The largest magnitude

downward trends in simulated SWE:P occurred within the low

elevations; however, the middle and high elevations covered a

greater relative percentage of area with trends (Table 3). In

contrast, the largest relative percentage of area with downward

trends in simulated peak SWE timing occurred in the low and

middle elevations with the greatest magnitude trends on the

order of211 days decade21 occurring in the middle elevations

(Table 3). Downward trends in simulated number of snow-

covered days were widespread, with significant trends covering

48% of the Rio Grande headwaters, and increased in magni-

tude from high to low elevation (Table 3).

The spatial variability of trends in simulated snow accumu-

lation was also dependent on land-cover type and disturbance.

Mean simulated peak SWE was generally greater in non-

forested areas compared to forested areas across most eleva-

tions, although mean simulated volumetric SWE was greatest

in forested areas across the middle elevations because these

areas accounted for a greater surface area within the domain

(Fig. 6). Downward trend slopes of simulated peak SWE were

similar in magnitude between different land-cover types and

disturbances for most elevations (Fig. 6). Nonforested areas

generally had the highest relative percentage of downward

trends in simulated peak SWE whereas disturbed forest areas

from BB and wildfire showed the lowest relative percent-

age (Fig. 6).

d. Trends in snowmelt

Downward trends in simulated total snowmelt quantity

(Table 1) were also widespread across the study area and

FIG. 3. Relation between the observed (field measurements) and simulated (a) SWE and (b) snow depth with the

standard deviation of grid field measurements denoted with error bars and the land-cover type denoted by color.

The thick black line and surrounding gray shading shows the linear regression trendline and 95% confidence in-

terval. The thin black line represents the 1:1 line.
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covered over 57% of the Rio Grande headwaters with a mean

trend slope of256mmdecade21. Trend slopes and the relative

percentage of area with trends increased from low to high el-

evations (Table 3). Simulated snowmelt rate also decreased

over the study period on the order of22.3mmday21 decade21,

although downward trends predominantly covered the middle

elevations (Table 3; Fig. 8). Within these middle elevations,

downward trends in snowmelt rate were greater in south-facing

compared to north-facing aspects (Fig. 7). Downward trends in

simulated SM50 (Table 1; mean of 28 days decade21) covered

51% of the basin. The largest magnitude downward trends in

simulated SM50 occurred within the low and middle elevations

especially on south-facing aspects (Table 3; Fig. 7), and themiddle

elevations covered the greatest relative percentage of area with

trends (Table 3; Fig. 9). Simulatedmelt-out timing showed similar

trends and elevational differences as that of SM50with the largest

magnitude trends within the low elevations (Table 3).

Mean simulated snowmelt rate and downward trends in

simulated snowmelt rate were generally greater in nonforested

compared to forested areas (Fig. 8). Additionally, nonforested

areas generally covered the greatest relative percentage of area

with trends in snowmelt rate in the low to middle elevations,

whereas forested areas covered the greatest relative percent-

age in middle to high elevations (Fig. 8). All forested areas ex-

hibited similar trends and spatial patterns in simulated snowmelt

rate, although undisturbed forests had slightly greater magni-

tude trend slopes and relative percentage of area with trends in

simulated snowmelt rate compared to disturbed forest areas

fromBBandwildfire (Fig. 8).Mean simulated SM50was greater

(i.e., later in the year) in nonforested compared to forested areas

FIG. 4. Spatial distribution of SWE across the Rio Grande headwaters (a) simulated by SnowModel and

(b) observed byAirborne SnowObservatory (ASO) on 3Apr 2016, and (c) the difference (Diff) [(a)2 (b)] in SWE

between SnowModel and ASO. A comparison between the simulated SnowModel and observed ASO SWE is

shown by the (d) linear regression relation, (e) kernel density distribution comparison, and (f) comparison of

volumetric SWE within 100-m elevation zones (North American Vertical Datum of 1988).
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(Fig. 9). In nonforested areas, the greatest magnitude downward

trends and highest relative percentage of area with significant

trends in SM50 covered the low elevations, whereas in forested

areas thesewere found in themiddle and high elevations (Fig. 9).

Forests disturbed from wildfire covered the greatest relative

percentage of area with downward trends in SM50 (Fig. 9).

e. Trends in snow sublimation

Downward trends in simulated snow sublimation (Table 1)

covered over 54% of the Rio Grande headwaters with a mean

trend slope of 214 mm decade21. For areas below tree line, the

downward trend slopes in simulated snow sublimation increased in

magnitude with increasing elevation (Table 3; Fig. 10). However,

the relative percentage of area coveredwith trends decreased from

low tohigh elevations (Table 3; Fig. 10).Both downward simulated

snow sublimation trend magnitude and the relative percentage of

area covered with trends were generally greater on north-facing

compared to south-facing aspects (Fig. 7). Additionally, similar to

simulated peak SWE, the middle elevations were coincident with

the greatest simulated volumetric snow sublimation amounts

across the Rio Grande headwaters (Fig. 10). In contrast to simu-

lated snow sublimation, upward trends in simulated effective

sublimation (Table 1) of 0.02 decade21 covered 7% of the basin.

The low and middle elevations exhibited few trends in simulated

effective sublimation. However, significant upward trends in

simulated effective sublimation covered 34% of the high-

elevation alpine areas in the Rio Grande headwaters (Table 3).

Mean simulated snow sublimation was generally much

greater in forested areas compared to nonforested areas, and

the mean simulated volumetric snow sublimation was greatest

in middle elevation forested areas (Fig. 10). Downward trend

slopes of snow sublimation and the relative percentage of area

covered with trends were also greater in magnitude in forested

compared to nonforested areas (Fig. 10). Additionally, within

forested areas, trendmagnitudes and the relative percentage of

area with trends increased from undisturbed forests to bark

beetle disturbances to wildfire disturbances (Fig. 10).

4. Discussion

a. Spatial variability of snowpack trends

Key results of this study highlight how trends in simulated

snow metrics across the Rio Grande headwaters exhibited

widespread declines between 1984 and 2017, but also varied

spatially depending on elevation, aspect, and land cover.

TABLE 3. Simulated climate and snow metrics mean, standard deviation (SD), trend slope, and relative basin area percentage of

statistically significant trends for the low elevations,middle elevations, and high elevations across theRioGrande headwaters. Trend slope

mean is the mean of all statistically significant trend slopes (p value , 0.05).

Climate/snow metric

Low elevations

(2400–3000 m)

Middle elevations

(3000–3600 m)

High elevations

(3600–4200 m)

Snow metric mean (6 SD)

Winter T (8C) 20.7 6 0.8 23.5 6 0.9 25.8 6 0.6

Winter P (mm) 322 6 99 624 6 178 913 6 175

Snowfall (mm) 227 6 86 555 6 177 898 6 183

Peak SWE (mm) 103 6 65 330 6 167 709 6 213

SWE:P (mm21) 0.29 6 0.12 0.49 6 0.14 0.76 6 0.13

Peak SWE timing (WY day) 148 6 21 191 6 19 224 6 10

Snow-covered days (days) 103 6 37 186 6 31 251 6 18

Total snowmelt (mm) 134 6 74 369 6 170 741 6 229

Snowmelt rate (mmday21) 5.1 6 2.1 11.3 6 4.3 18.2 6 3.2

SM50 (WY day) 165 6 23 215 6 20 254 6 12

Melt-out timing (WY day) 173 6 24 225 6 21 267 6 13

Sublimation (mm) 77 6 43 185 6 58 188 6 56

Effective sublimation (mm21) 0.24 6 0.1 0.31 6 0.09 0.22 6 0.07

Trend slope mean (relative basin area percentage of statistical significance)

Winter T (8C decade21) 0.34 (9) 0.34 (33) 0.30 (52)

Winter P (mm decade21) 235 (34) 256 (32) 276 (16)

Snowfall (mm decade21) 229 (88) 252 (59) 277 (25)

Peak SWE (mm decade21) 235 (17) 254 (64) 277 (58)

SWE:P (mm21 decade21) 20.05 (8) 20.04 (61) 20.03 (72)

Peak SWE timing (WY day decade21) 29 (33) 211 (48) 28 (5)

Snow-covered days (days decade21) 215 (52) 213 (39) 29 (75)

Total snowmelt (mm decade21) 229 (50) 253 (55) 294 (80)

Snowmelt rate (mmday21 decade21) 21.7 (7) 22.4 (42) 22.6 (5)

SM50 (WY day decade21) 29 (45) 28 (58) 25 (31)

Melt-out timing (WY day decade21) 29 (52) 28 (51) 26 (46)

Sublimation (mm decade21) 29 (85) 218 (53) 219 (3)

Effective sublimation

(mm21 decade21)

20.03 (1) 0.01 (2) 0.02 (34)

2722 JOURNAL OF HYDROMETEOROLOGY VOLUME 21

Brought to you by NOAA Library | Unauthenticated | Downloaded 04/01/25 06:10 PM UTC



Trends did not occur everywhere within the basin, and some

areas were more sensitive than others with distinct differences

between snow metrics. Elevation was found to be an especially

important variable related to trends in snow metrics across the

basin scale, consistent with recent modeling studies in the

Sierra Nevada, California, United States (Musselman et al.

2017a) and the Pyrenees, Spain and France (López-Moreno

et al. 2020), highlighting elevation as an important indicator of

snowpack sensitivity to changing climate. Elevation can exert a

strong control on the relative importance of P andT to changes

in snow properties (Morán-Tejeda et al. 2013; Hammond et al.

2018b). In this study, we observe elevation-dependent trends in

T and P that cause an elevation dependence in peak SWE

trends with middle elevations exhibiting the largest relative

surface areas with significant reductions in SWE. This result is

somewhat counterintuitive to the expectation that snowpack

declines will be most widespread in the low elevations zones.

However, López-Moreno et al. (2020) highlighted similar re-

sults showing declining SWE trends at high elevations and no

trend at low elevations as a result of recent warming in the fall

and spring months having a greater influence on persistent

snowpacks with a longer snow-cover duration. Further to

this point, downward trends in simulated total snowmelt

quantity were greatest and most widespread at the highest

elevations (Table 3; Fig. 8). This indicates late season snow

accumulation following peak SWE, which can be substantial

in high-elevation areas, may have had pronounced de-

creases at the highest elevations. Similar to peak SWE, we

also highlight that the greatest relative percentage of trends

in snowmelt rate were most pronounced in the middle ele-

vations of the study area. Decreasing snowmelt rates pre-

sented in this study are a result of the contraction of the

snowmelt season (e.g., downward trends in peak SWE tim-

ing, SM50, and melt-out timing; Table 3) to a period of lower

available energy and are consistent with the observational

and modeling study presented by Musselman et al. (2017b).

Furthermore, our results show the area with the greatest

volumetric snow water storage is also the area with the

greatest relative percentage of downward snowmelt rate

trends (i.e., middle elevations), which is consistent with

FIG. 5.Map of simulated (a)mean (1984–2017) winter air temperature in degrees Celsius (8C) and (b) statistically
significant (p value , 0.05) trend slopes in winter air temperature across the model domain (white areas are not

statistically significant) with (c) mean winter air temperature, (d) statistically significant winter air temperature

trend slope, and (e) percentage of grid cells that are statistically significant summarized for the Rio Grande

headwaters by both elevation zone (100-m increments in North American Vertical Datum of 1988) and land-cover

type. The squares in (a) and (b) show the locations of SNOTEL stations within the model domain.
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recent climate change snow sensitivity experiments pre-

sented by Musselman et al. (2017a).

Land cover was also found to be an important variable re-

lated to trends in snowmetrics across the basin scale. Snowmelt

rate trends in middle elevations varied substantially between

areas, with downward trends generally greater in magnitude

in nonforested areas compared to forested areas (Fig. 8).

Furthermore, nonforested areas generally had a higher relative

percentage of downward trends in simulated peak SWE com-

pared to forested areas (Fig. 6). Although longwave emissivity

from trees is enhanced under a warming climate, nonforested

areasmay have hadmore widespread downward trends in peak

SWE as a result of SWE reductions in forested areas being

buffered by downward trends in snow sublimation (Fig. 10). It

has been indicated that sublimation processes may have an

important influence on snowpack sensitivity to changing cli-

mate conditions (Harpold et al. 2012; Harpold and Brooks

2018; López-Moreno et al. 2017; Sexstone et al. 2018). Below

tree line in the study area, downward trends in simulated

sublimation were a result of reductions in both surface and

canopy sublimation components but were most prevalent in

forested areas as a result of canopy sublimation decreases

(Table 3; Fig. 10). Furthermore, forest disturbances were

shown to substantially magnify downward snow sublimation

trends (Fig. 10). These trend results are consistent with the

forest disturbance and climate change simulations presented in

Sexstone et al. (2018) highlighting decreases in snow subli-

mation as a result of reductions in both canopy-intercepted

snow and overall snow-cover duration despite increases in

subcanopy wind exposure and radiation simulated by the

model. Interestingly, alpine areas above tree line generally

showed increases in blowing snow sublimation but decreases

in surface sublimation components resulting in a very small

percentage of area covered with trends (Fig. 10). However,

significant increases in effective sublimation covered 34% of

high-elevation areas (Table 3). Upward trends in effective

sublimation associated with decreasing snow amounts is con-

sistent with previous research highlighting an increased im-

portance of snow sublimation in low snow years (Reba et al.

2012; Sexstone et al. 2016, 2018). Given the importance of snow

sublimation to the snow mass balance in alpine areas (e.g.,

Gascoin et al. 2013; Knowles et al. 2015;MacDonald et al. 2010;

FIG. 6.Map of simulated (a)mean (1984–2017) peak snowwater equivalent (SWE) and (b) statistically significant

(p value , 0.05) trend slopes in peak SWE across the model domain (white areas are not statistically significant)

with (c) mean peak SWE, (d) statistically significant peak SWE trend slope, (e) percentage of grid cells that are

statistically significant, and (f) mean volumetric peak SWE summarized for the Rio Grande headwaters by both

elevation zone (100-m increments in North American Vertical Datum of 1988) and land-cover type. The squares in

(a) and (b) show the locations of SNOTEL stations within the model domain.
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Sexstone et al. 2018), future work is needed to evaluate how

blowing snow sublimation losses may respond to changes in

climate in alpine areas.

b. Basinwide snowpack trends

The results from this study can be used to provide important

context to how snowpacks are changing or are projected to

change in the future at the basin scale. To put our results in

context with previous investigations, we normalized the mean

snow metric trends across the study basin by the basin mean

of the snow metric for areas with trends over the period of

analysis (1984–2017), yielding an estimate of percentage

change decade21 (Fig. 11). These results highlight that

snowmelt rate, peak SWE, and total snowmelt amount dis-

played the greatest percentage change in this study (Fig. 11).

Snowmelt rate decreased by 20% decade21, and total snow-

melt amount decreased by 13% decade21. These trends are

greater in magnitude than the climate sensitivity analysis

of 210% 8C21 in total snowmelt presented by Musselman

et al. (2017a). Given our results of upward trends in T of

0.38C decade21, this comparison highlights the importance

that changes in winter P had in snowpack trends presented in

this and other studies (e.g., Hammond et al. 2018b; Morán-
Tejeda et al. 2013; Zeng et al. 2018). The time period analyzed

in this study was coincident with wetter decades in the 1980s

and 1990s with intermittent drought conditions in the 2000s

and 2010s in the upper Rio Grande basin (Lehner et al. 2017).

These drought conditions (252 mm decade21 in winter P

across the study area) and upward trends inT (0.38C decade21

winter T across the study area) combined to influence snow-

pack changes over the study period. Peak SWE decreased by

14% decade21 in the current study. Our peak SWE trend

results are slightly more pronounced than those presented by

Zeng et al. (2018) of 212% decade21 (1982–2016) for snowy

areas across the western United States and an analysis of

SNOTEL station trends in the upper Rio Grande basin

showing 210% decade21 (1984–2009) by Harpold et al.

(2012). Additionally, a recent study by Chavarria and Gutzler

(2018) showed decreases in 1 April SWE at snow courses in

the Rio Grande headwaters by 25% from 1958 to 2015

(4% decade21). Differences arising from varying study pe-

riods highlight the strong snowpack sensitivity to hydro-

climate changes in more recent decades. Future research is

needed to understand how the snow metric declines reported

in this study relate to changes in runoff generation (e.g., Penn

et al. 2020; Rumsey et al. 2020).

c. Snow metric sensitivities

The results from this study can be used to identify localized

areas that exhibited the greatest snow metric sensitivity to

change. We calculated snow metric sensitivity for each com-

bination of elevation zone (100-m increments) and land-cover

type (e.g., Fig. 6) based on the percentage change decade21

scaled by the percentage of that zone with trends (Fig. 11). We

used these results to identify the area (elevation and land-cover

type) of peak sensitivity for each snow metric within the study

FIG. 7. Summary of snowmetric (i) mean value, (ii) statistically significant trend slope (p value, 0.05), (iii) and percentage of grid cells

(area) that are statistically significant summarized for the Rio Grande headwaters for south-facing and north-facing aspects within ele-

vation ranges (North American Vertical Datum of 1988) of low (2400–3000 m), middle (3000–3600 m), and high (3600–4200 m). Snow

metric summaries include: (a) peak SWE, (b) snowmelt rate, (c) SM50, and (d) snow sublimation. Refer to Table 1 for snow metrics

definitions.
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area (Fig. 11). Middle elevation forested areas showed the

greatest sensitivity to changes in peak SWE and SWE:P. This is

consistent with previous research indicating that midelevation

snowpacks are most sensitive to climate warming (Nolin and

Daly 2006; Sproles et al. 2013). These results have important

implications for future water resource management because

this is an area that holds substantial volumetric snow water

storage (Fig. 6) and is also coincident with the location of most

snow monitoring stations in the region (Molotch and Bales

2006). Low and middle elevation forests that were burned by

the 2013 wildfire in the basin showed the greatest sensitivity to

sublimation losses and snowmelt timing metrics (Fig. 11).

Widespread downward trends in sublimation at these eleva-

tions as a result of reductions in snow-cover duration were

further magnified by the loss of canopy-intercepted snow and

subsequent canopy sublimation in burned forests. Similarly,

downward trends in snowmelt timing were magnified in

burned forests as a result of the postfire radiative forcing

simulated in this study that enhanced albedo decay and ad-

vanced snowmelt timing (Gleason and Nolin 2016; Gleason

et al. 2013). Total snowmelt amount as well as the effective

sublimation was found to be most sensitive in the high-

elevation alpine areas. High-elevation areas have generally

been indicated to be the most resilient areas to changing

snowpack conditions (IPCC 2019). However, the combined

effect of upward winter T trends, downward winter P trends,

and the increased effective sublimation at the highest eleva-

tions in this study indicates that decreased springtime snow

accumulation following peak SWE as well as changing sub-

limation processes may play an important role in the sensi-

tivity of snowmelt to changes in climate.

d. Uncertainties

The simulated snow trends reported in this study were

largely driven by the NLDAS-2 atmospheric forcing data that

were used. As a result, any uncertainties associated with the

assimilated observational datasets, temporal data discontinu-

ities, and/or model physics in the NLDAS-2 forcing data were

likely to propagate to the SnowModel simulations (Liston and

Hiemstra 2011; Raleigh et al. 2015, 2016). However, NLDAS-2

is rigorously evaluated and developed to provide spatially and

temporally consistent datasets from available observations and

reanalyses to support modeling activities (Mitchell et al. 2004;

Xia et al. 2012), and has been used recently by other studies

conducting trend analyses (Girotto et al. 2017; Jasinski et al.

2019; Khaki and Awange 2019; Khaki et al. 2018). The simu-

lated winter T trends presented in this study on the order of

0.38C decade21 are comparable to the homogenized T trends

FIG. 8. As in Fig. 5, but for simulated snowmelt rate (mmday21).
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presented by Oyler et al. (2015) and Ma et al. (2019) for this

region and indicate that the NLDAS-2 T dataset was not

subjected to artificial warming trends that were the result

of a T sensor change at SNOTEL stations (Ma et al. 2019;

Oyler et al. 2015). Biases in NLDAS-2 P have been reported

by previous studies for this region (Henn et al. 2018;

Sexstone et al. 2018). Given the importance of winter P

forcing to SnowModel simulation accuracy, we used the

SnowAssim (Liston and Hiemstra 2008) data assimilation

scheme to adjust the simulated winter P for each year of the

model simulations based on SWE observations to minimize

thesemodel biases (Table S3). Our trend results provide strong

comparisons to SNOTEL observations in the domain indicat-

ing limited P biases in this study (Table 2; Fig. 2). Station ob-

servations of atmospheric humidity also compared well to

model simulations (Table 2). The moderate correlation and

low bias between simulated and observed wind speeds addi-

tionally provides confidence in the model representation of

surface winds (Table 2). However, improvements in simulated

wind speed performance with increasing elevation (Fig. S2)

indicates uncertainties in model downscaling of surface winds.

Furthermore, potential scaling issues associated with 100-m

resolution grid cells not being fine enough resolution to ade-

quately resolve wind redistribution processes (Mott et al. 2018)

likely contributed to uncertainties in simulated snow distribu-

tions in alpine areas in this study (Fig. 4). Therefore, in the

context of our trend results highlighting an increasing impor-

tance of relative sublimation fluxes to snowmelt sensitivity in

these areas, further research is needed to help constrain the

uncertainties in wind redistribution and sublimation processes

in alpine areas to further evaluate alpine snow sensitivities to

changing climate.

The vegetation change parameterization used is this study

likely oversimplified the actual changes in surface conditions

within the study area. In addition to the difficulty of accurately

representing the spatial variability of vegetation disturbance

severity and response using the linear scaling of LAI*, this

study also did not consider changes in land cover through

time associated with land management practices and logging.

Furthermore, this work smooths some forest snow processes

that happen at scales finer than 100 m (e.g., Broxton et al.

2015). Interacting forest structure metrics such as canopy gaps

and edges can result in high spatial snow heterogeneity due to a

complex interplay between accumulation and ablation pro-

cesses (e.g., Pomeroy et al. 2009; Veatch et al. 2009; Moeser

et al. 2016). Further research is needed to develop subgrid

model representations from widely available datasets of these

finescale canopy snow processes (e.g., Mazzotti et al. 2020).

FIG. 9. As in Fig. 5, but for simulated SM50 (WY day).
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Despite the uncertainties related to the representation of

vegetation across the study area, the SnowModel simulations

presented here displayed a good fit to ground-based observa-

tions across a range of different land-cover types that support

the estimates of changing snow dynamics across the basin ex-

tent presented herein.

5. Conclusions

SnowModel simulations were run over a 34-yr period

(1984–2017) at 100-m spatial resolution to evaluate the spa-

tial variability of trends in simulated snowpack properties

across the Rio Grande headwaters. Model evaluations based

on snow and meteorological station observations, field-based

snow observations, and spatially distributed remote sensing

observations of SCA and SWE were used to show that the

SnowModel simulations reasonably represented observed

snow-station trends within the model domain as well as the

spatial distribution of snowpack properties across the study

basin. Trends in simulated snow metrics computed in this

study exhibited widespread declines, but also exhibited spa-

tial variability related to elevation, aspect, and land cover.

Trends were not found to occur everywhere within the basin,

and some areas were more sensitive than others with distinct

differences between snow metrics. Upward trends in mean

winter T of approximately 0.38C decade21 were consistent

across the study area, whereas downward trends in winter P

ranged from 235 to 276 mm decade21 with the greatest

magnitude decreases occurring at the highest elevations.

Elevation-dependent trends in T and P resulted in an eleva-

tion dependence in snowmetric trends with middle elevations

(coincident with the greatest volumetric snow water storage)

exhibiting the greatest sensitivity to changes in peak SWE in

forested areas, snowmelt rate in nonforested areas, and

metrics associated with snowmelt timing in burned forest

areas. At the lowest elevations, decreases in snow-covered

days in nonforested areas and sublimation losses in burned

forest areas were most sensitive to change. Within high-

elevation alpine areas, decreases in total snowmelt quantity

and increases in effective sublimation were most sensitive to

change, indicating an increasing importance of decreasing

late-season snow accumulation and relative sublimation

fluxes in these areas. Across the Rio Grande headwaters,

snowmelt rates decreased by 20% decade21, peak SWE

decreased by 14% decade21, and total snowmelt amount

decreased by 13% decade21. Snow trends presented in this

study are in general agreement with widespread snow de-

clines that have been reported for this region and provide

further evidence for these recent trends across a greater

spatial coverage with finer spatial resolution. Given the

importance of adequate accounting of snow storage across

the basin scale, results from this study have important

FIG. 10. As in Fig. 6, but for simulated snow sublimation.
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implications for future investigations into snow–hydrology–

climate interactions and are relevant to future water manage-

ment planning.
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