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Abstract Despite the importance of mountain snowpack to understanding the water and energy cycles in
North America’s montane regions, no reliable mountain snow climatology exists for the entire continent. We
present a new estimate of mountain snow water equivalent (SWE) for North America from regional
climate model simulations. Climatological peak SWE in North America mountains is 1,006 km3, 2.94 times
larger than previous estimates from reanalyses. By combining this mountain SWE value with the best
available global product in nonmountain areas, we estimate peak North America SWE of 1,684 km3, 55%
greater than previous estimates. In our simulations, the date of maximum SWE varies widely by mountain
range, from early March to mid-April. Though mountains comprise 24% of the continent’s land area, we
estimate that they contain ~60% of North American SWE. This new estimate is a suitable benchmark for
continental- and global-scale water and energy budget studies.

1. Introduction
Mountain ranges act as natural water towers (Viviroli et al., 2007), storing winter snowfall and releasing water
in warm months to provide crucial resources for ecosystems, agriculture, and other human enterprises.
Despite the importance of snow, global snow storage estimates are highly uncertain, particularly for complex
topography (Mudryk et al., 2015). Even in comparatively well observed mountain ranges, observation networks are not dense enough to provide realistic areal-average information about snowpack characteristics
in mountains (Dozier et al., 2016). Satellite-based observations of snow storage often perform poorly in
mountains due to high uncertainties in deep or wet snow and in dense vegetation (Lettenmaier et al.,
2015; Takala et al., 2011; Vuyovich et al., 2014). Snow physics schemes within land surface models (LSMs)
require accurate precipitation forcing to perform adequately, but mountain precipitation measurements
are both sparse (Renwick, 2014) and prone to undercatch bias (Pan et al., 2003).
Global and regional climate models (GCMs and RCMs, respectively) couple land and atmospheric physics to
simulate precipitation; indeed, GCM reanalysis products provide most existing global snow storage estimates
(Mudryk et al., 2015). These reanalyses often underestimate snow storage in mountain areas (Broxton et al.,
2016; Snauffer et al., 2016; Wrzesien et al., 2017). Existing data products show some consistency in identifying
snow water equivalent (SWE) anomalies but diverge in the absolute values of snow storage (Mudryk et al.,
2015). Recently, there has been a push to adapt RCMs to accurately simulate mountain snow (see Table S1
in the supporting information). Given their smaller spatial domains, RCMs can be run at ﬁner spatial resolution, allowing for potentially more realistic simulation of orographic precipitation (e.g., Leung & Qian,
2003). RCMs can afford detailed regionally optimized physics; for example, precipitation microphysics
schemes have been developed to better handle snowﬂake hydrometeor shape (Thompson et al., 2008)
and simulate multiple hydrometeor types simultaneously (Molthan & Colle, 2012), leading to more accurate
precipitation estimation (Liu et al., 2011). RCM LSMs have also been developed with snowpack dynamics at
sub-GCM grid scales in mind, creating multilayer snowpack to improve snow ablation (Etchevers et al.,
2004), multiple canopy scenarios for snow-related energy balance calculations (Niu et al., 2011), and targeted
forest/canopy dynamics for improved snow accumulation (Rutter et al., 2009). With these advances, RCMs
have been shown to produce reasonable snow simulations in mountains (see Table S1).
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The goal of this paper is to describe a new estimate of North American mountain snow accumulation produced using the Weather Research and Forecasting (WRF; Skamarock et al., 2008) RCM. Throughout, we compare our estimate with the existing snow climatology developed by Mudryk et al. (2015), extracted over
mountain areas. At a point or a grid cell, SWE is the equivalent depth of liquid water contained in a snowpack
(presented in millimeters). Here we use “snow water storage” (SWS) to refer to SWE summed over all pixels
within a mountain range (presented in cubic kilometers). Wrzesien et al. (2017) suggest that a “reasonable”
estimate of range-wide SWS is accurate to the ﬁrst signiﬁcant ﬁgure, that is, ±50%. However, evaluating accuracy of continental-scale estimates is problematic since in situ point observations measure (and represent) a
small fraction of an RCM pixel (Molotch & Bales, 2005; Nolin, 2012). Here for completeness, we compare to in
situ observations; however, we acknowledge that this comparison cannot be considered an effective means
of evaluating accuracy. Thus, we also compare to satellite gravimetry data sets, which measure the change in
total terrestrial water storage (TWS; snow, soil moisture, lakes, etc.) across the entire continent; gravimetry is
not of high enough spatial resolution to separate individual ranges. We stress that neither the in situ nor
gravimetry comparisons are meant as model validation, but to evaluate whether the WRF estimate is reasonable. To create a comparable estimate of snow storage in North America, we merge our mountain snow
climatology with the Mudryk et al. (2015) climatology values for nonmountain areas. Our optimization
approach essentially combines computationally expensive higher-resolution model simulations where topography is complex and computationally cheap lower-resolution model simulations where topography
is simpler.
We propose a novel solution to address the high computational cost associated with modeling a typical
climatology. Instead of producing a single 30+ year model simulation, we propose a “representative climatology” constructed from one representative year in each mountain range. While range-wide SWS varies dramatically from year to year, we show, based on existing data products, that the summation of individual
representative years for each mountain range likely gives similar estimates of characteristic snow storage
as a true long-term average climatology for the entire North American mountain system.

2. Data and Methods
2.1. WRF
In this study, we simulate mountain snowpack with WRF version 3.6, coupled to the Noah LSM with multiparameterization options (Niu et al., 2011). Details of the physics options are described by Pavelsky et al. (2011)
and are similar to other WRF mountain studies (Ikeda et al., 2010; Liu et al., 2016; Rasmussen et al., 2011).
Simulations are one-way nested domains, where the outer and inner domains have a spatial resolution of
27 and 9 km, respectively. Outermost boundaries are forced by ERA-Interim (Dee et al., 2011), while the
9 km domain is forced by the 27 km domain. We use ERA-Interim as the forcing data set since it covers all
of North America, unlike the North American Regional Reanalysis (NARR, Mesinger et al., 2006), and it has
been used in other large-scale WRF studies (Liu et al., 2016). Previous studies suggest resolutions of
<10 km are needed to capture realistic orographic precipitation processes in mountainous regions (Ikeda
et al., 2010; Kapnick & Delworth, 2013; Minder et al., 2016; Pavelsky et al., 2011; Rasmussen et al., 2011;
Wrzesien et al., 2017). We compare our 9 km results to 3 km model simulations for four mountain ranges
(Brooks, Cascades, Sierra Nevada, and U.S. Rockies) and ﬁnd that peak SWS from the 9 km simulation is
+5.5, 8.2, 13.0, and 3.2%, respectively, of the 3 km peak (Figure S1).
Due to computational demands of simulating across the entire continent, we do not perform one continuous
multiple-year model run, as previous studies have done (Liu et al., 2016). Instead, we introduce a new method
of approximating the climatology by simulating separate model domains for a single representative year
speciﬁc to each mountain range. A representative year for each range is selected by identifying years with
near-average SWS from 2001 to 2014 in two different global and continental reanalyses (see Text S1 for
details). While global modeled products are prone to signiﬁcant bias in alpine regions because of course spatial resolution, they capture interannual variability relatively well and are suitable for identifying representative years (Mudryk et al., 2015; Wrzesien et al., 2017). We performed the WRF simulations on both the National
Aeronautics and Space Administration Pleiades supercomputer and the National Science Foundation
Extreme Science and Engineering Discovery Environment system. All WRF simulations required ~1.8 million
core hours and months of real time. Details for each WRF domain are in Table S2 and Figure S2.
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One potential disadvantage of our method is that we produce an estimate from sample years taken from 2001 to 2014 instead of a more traditional 30 year climatology. The tremendous computational cost of
simulating all of North America at <10 km resolution prevented us from
running WRF for more than 1 year for each mountain range. We performed an analysis to assess the suitability of our approach and found
that for three independent global data products, the summation of
SWS across representative years for each range is within ±7% of the
30 year average (see Text S1). We therefore conclude that our estimation
methodology of simulating each mountain range for a single, representative year reasonably approximates a continental climatology at a fraction of the computational cost.

Figure 1. Peak snow water equivalent (SWE) for mountain areas in North
America from separate representative year Weather Research and
Forecasting simulations for each range. Tan areas indicate glaciers, for which
Weather Research and Forecasting peak SWE values are not reported. Red
areas in the inset map show the 30% of grid cells that comprise 75% of the
SWE.

We chose WRF simulation domains such that they cover all mountains
with seasonal snow in North America. The deﬁnition of “mountain”
varies in the literature; here we used a deﬁnition from Kapos et al.
(2000) based on elevation, slope, and local relief. We created a mask
of North American mountains with seasonal snow at 1 km spatial resolution by intersecting the U.S. Geological Survey’s Global 30 arc second elevation data set (https://lta.cr.usgs.gov/GTOPO30) with a map
of seasonal snow cover derived from Moderate Resolution Imaging
Spectroradiometer (Hall et al., 2006). We classiﬁed each mountain pixel
as seasonal snow if it had an average duration of snow cover of
greater than two consecutive months per year. More details are available in Text S2.

We exclude from analysis all grid cells classiﬁed as permanent snow/ice
(“glaciers” hereafter) by the WRF land use scheme, which is based on the
U.S. Geological Survey Global Land Cover Characterization (Anderson
et al., 1976; Loveland et al., 2000). Thus, we focus the analysis on seasonally snow-covered regions—where accumulated snow melts completely during the warmer months—consistent with previous large-scale studies (e.g., Mudryk et al., 2015). Glaciers comprise approximately 2.9% of the
mountain mask, with the majority of glaciers occurring in the Alaska and Coast Ranges (see Table S2 for
glacier percentages and Figure 1 for glacier locations).
For each range, we present a map of peak SWE from the day of peak (DOP) SWS. Previous work suggests that
range-wide and pixel-wise peak SWE values are comparable (Margulis et al., 2016). We also present maps of
the DOP SWE, which are calculated pixel wise to capture how snow accumulation timing varies over and
within each mountain range.
2.2. Comparison Data Sets and Methods
2.2.1. Automated Snow Pillows
We compare modeled SWE with ground observations from snow pillows. Daily SWE measurements are from
the Snowpack Telemetry network (wcc.nrcs.usda.gov/snow), the California Department of Water Resources
Data Exchange Center (cdec.water.ca.gov), the British Columbia Ministry of Environment (catalogue.data.
gov.bc.ca/dataset/archived-automated-snow-station-data), and Alberta Environment and Parks (environment.alberta.ca/apps/basins/default.aspx). In total, there are 757 in situ points for comparison.
We match each ground station to its closest WRF grid cell in order to compare the SWE values. If multiple
snow sensors fall within one 9 km WRF grid cell, we average together the observed SWE values. Due to differences in scale between a point measurement and a modeled grid cell (up to 6 orders of magnitude), we
expect substantial scatter when comparing the model to snow pillows (Blöschl, 1999; Molotch & Bales,
2005; Nolin, 2012; see detailed explanation in Wrzesien et al., 2017). Indeed, differences in modeled and measured SWE can often be partially attributed to elevation differences between the station location and the grid
cell average elevation (e.g., Pavelsky et al., 2011). Nonetheless, we include this comparison for completeness
and because it is common practice in the literature (e.g., Arsenault et al., 2013; Cristea et al., 2014; De Lannoy
et al., 2012; Leung & Qian, 2003; Rasmussen et al., 2011, 2014).
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2.2.2. SNODAS
The Snow Data Assimilation System (SNODAS; Carroll et al., 2001; nsidc.org/data/G02158) is an operational,
gridded product available over the continental United States at 30 arc second resolution (approximately
1 km at the equator) that provides daily estimates of SWE. We evaluate WRF SWE estimates by comparing
maximum SWE values for each grid cell throughout the winter period from each product. For the comparison,
we average together all SNODAS SWE values that lie within each WRF grid cell. The inclusion of SNODAS
allows us to perform a more comprehensive comparison with WRF, as SNODAS, unlike snow pillows, is available continuously and at similar spatial scales as WRF.
2.2.3. CanSISE
We compare our SWE estimates to the Canadian Sea Ice and Snow Evolution Network (CanSISE) data ensemble, a 1° blended SWE product that covers the Northern Hemisphere from 1981 to 2010 (Mudryk & Derksen,
2017; Mudryk et al., 2015; available at nsidc.org/data/nsidc-0668). The CanSISE data product (“CanSISE” hereafter) estimates SWE by taking an ensemble mean approach to combine observations and model estimates
of SWE from GlobSnow, ERA-Interim Land, Modern-Era Retrospective Analysis for Research and Applications,
Crocus, and the Global Land Data Assimilation System. Full details validating continental snow (glacier zones
are excluded) in CanSISE are described by Mudryk et al. (2015). We choose to not include higher-resolution
CONUS data sets (e.g., North American Land Data Assimilation System, Mitchell et al., 2004; Xia, Mitchell,
Ek, Cosgrove, et al., 2012; Xia, Mitchell, Ek, Shefﬁeld, et al., 2012; NARR, Mesinger et al., 2006) since they do
not cover the entire North American continent.
We construct a continent-wide snow accumulation estimate by combining the 30 year CanSISE SWE climatology estimates outside the mountains with our new WRF-derived mountain SWE estimates. Though coarseresolution models do not produce reasonable SWE estimates in mountain areas, there is no evidence that
CanSISE is biased in nonmountain areas (e.g., Snauffer et al., 2016).
2.2.4. Grace
In order to understand the role of SWE in the continental water storage budget, we compare our estimate of
total North American SWE to the Gravity Recovery and Climate Experiment (GRACE; Tapley et al., 2004; Wahr
et al., 2004; Syed et al., 2009, 2010) TWS anomaly observations for 2003 through 2010. Three different GRACE
solutions are available: Center for Space Research at University of Texas, GeoforschungsZentrum Potsdam,
and Jet Propulsion Laboratory. We use all three solutions in our TWS anomaly calculations to capture the
mean and range of estimates.
For processing GRACE data, we use a decorrelation ﬁlter to diminish high-frequency geographically correlated errors (Duan et al., 2009) from the monthly geopotential solutions (the Level 2 product) and apply a correction of the glacial isostatic adjustment process using a model (Paulson et al., 2007); we also perform
Gaussian smoothing and signal leakage correction along the coasts of North America (Guo et al., 2010; see
Text S4 for additional discussion on GRACE processing). This processing results in the measurements of
storage change (dS/dt), in millimeter per day, for the 8 year time series. We calculate the TWS volume by
multiplying these changes by the study area, which in our case is North America excluding Greenland.
An additional consideration when using GRACE data is that any change in TWS will not be solely due to
snow accumulation or melt. GRACE measures all changes in water mass, including soil moisture, lakes
and reservoirs, and groundwater. Glacier mass changes, whether accumulation or ablation, will also be
included in the long-term GRACE TWS estimates, unlike our WRF and CanSISE SWS estimates. Therefore,
simultaneous increases in both the GRACE TWS anomaly and SWS do not mean that all changes are only
due to snow accumulation.

3. Results and Discussion
Figure 1 shows the peak SWE for North American alpine regions. Across the entire continent, the average
peak SWE for seasonally snow-covered mountain grid cells is 317 mm, with a standard deviation of
416 mm. The distribution of peak SWE values across all grid cells can be approximated by an exponential distribution (f(x) = λ(eλx) , where 1λ ¼ μ ¼ 316:7), with values >4,000 mm in the Alaska Range and the Canadian
Rocky Mountains. A small number of pixels dominate the total SWS, with 30.0% of the area containing 75.0%
of the total SWE (see inset map in Figure 1). Neither latitude nor elevation explains the majority of the variance in peak SWE, whether considering all ranges together or ranges individually through multiple linear
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Figure 2. (a) Comparison of daily maximum snow water equivalent (SWE) from snow pillows with Weather Research and
Forecasting (WRF) estimates. (a inset) Comparison of observed mean SWE and modeled mean SWE for the corresponding WRF grid cells for the four mountain ranges that have ≥20 snow pillows. Black lines indicate one standard deviation.
(b) Comparison of WRF maximum SWE with maximum Snow Data Assimilation System (SNODAS) SWE for all mountainous
grid cells in the continental United States. (b inset) Comparison of SNODAS mean SWE and WRF mean SWE for the
four mountain ranges within the continental United States. Black lines indicate one standard deviation. For all ﬁgures, the
dashed line is the one-to-one line and the blue line is the linear regression.

regression analysis. On average, latitude and elevation together explain ~30% of each mountain range’s
variation in peak SWE.
We also calculate the DOP SWE for each pixel (Figure S3) and the range-wide DOP SWS (Table S2). The pixelwise mean DOP SWE is 24 March, with a standard deviation of 45 days (7 February to 8 May). DOP SWE occurs
across a wide range of dates, generally from December to June (Figure S3). When averaged over the entire
mountain range, the Brooks Range has the latest DOP SWE, and the Sierra Nevada has the earliest
(Table S2). For all mountain pixels together, variance in DOP SWE is best explained by latitude (R2 = 0.27), followed by grid cell peak SWE and elevation; more variance is explained (R2 = 0.42) when all three variables are
considered together.
Peak SWE and DOP SWE are somewhat correlated (R2 = 0.116, p < 0.01), with higher elevations generally
accumulating more snow and having a later DOP SWE. It is perhaps not surprising that elevation explains less
of the variance in either peak SWE or DOP SWE, since once above tree line, snow accumulation tends to
decrease due to wind effects. We also suggest that other variables, such as storm track and distance from
moisture source, may have larger inﬂuences on where and when snow falls.
We compare WRF model estimates to 757 SWE observations from snow pillows located across western North
America (Figure 2a) for representative years. WRF has a small negative bias, with a mean difference of
89 mm (14.7%) and an R2 of 0.30. While useful as an initial assessment, comparing point-scale in situ measurements (~9 m2 footprint) to grid cells many orders of magnitude larger (~81 km2 footprint) is not a robust
method for evaluation of gridded SWE in mountain regions (see Text S3 for additional reasoning for including
snow pillow data in our comparisons). Figure 2a inset compares the average in situ and WRF peak SWE for the
four ranges that have more than 20 snow pillows. Range-wide modeled and observed average SWE and standard deviation are similar for all four ranges.
Due to large differences in scale between snow pillows and WRF, we also compare WRF SWE to SNODAS estimates (Figure 2b). Compared to SNODAS, on a grid-cell-to-grid-cell basis WRF has a slight positive bias of
12 mm (~17%) and an R2 of 0.74. At the range scale, WRF-SNODAS differences are 12%, 7%, 14%, and
1% for the Sierra Nevada, U.S. Rockies, Cascades, and Appalachians, respectively, with a mean bias of 2.5%
(Figure 2b). The comparison to SNODAS provides a more robust estimate of range-wide uncertainty than
does the snow pillow comparison, since SNODAS and WRF continuously cover the same spatial domain at
comparable spatial resolution.
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Figure 3. (a) Daily snow water storage (SWS) for each mountain range, in cubic kilometers. (b) Daily SWS (in cubic kilometers) for all of North America, as estimated by
Weather Research and Forecasting (WRF) for mountains only (blue line), Canadian Sea Ice and Snow Evolution Network (CanSISE) for mountains only (green line),
CanSISE for nonmountainous areas (red line), CanSISE total (yellow line), and WRF + CanSISE (purple line). (c) Comparison of continental water storage anomaly
from Gravity Recovery and Climate Experiment (GRACE) terrestrial water storage (TWS) (black line), CanSISE total snow accumulation (yellow line), and WRF + CanSISE
(purple line). The shaded area is one standard deviation from the mean of the three GRACE solutions (Center for Space Research at University of Texas
GeoforschungsZentrum Potsdam, and Jet Propulsion Laboratory).

Comparison of daily SWS time series, in cubic kilometers, in each mountain range (Figure 3a) shows that more
than 50% of all mountain snow is located in the Coast and Canadian Rocky Mountains. Paciﬁc coastal mountain ranges in western North America (Coast, Alaska, Cascades, and Sierra Nevada) have more snow per unit
area (436 mm) at peak SWE than the western continental ranges (Brooks, Mackenzie, Canadian and U.S.
Rockies, central Canada, and the Great Basin; 272 mm), although overall the continental ranges have more
snow (644 km3 for continental versus 367 km3 for Paciﬁc coast). The Canadian Rockies are an anomaly within
the continental category, with the highest SWS and second highest normalized SWE (Table S2), despite being
in the continental interior and separated from the Paciﬁc moisture source by coastal mountains. Figure 3a
also highlights that the DOP SWS differs from range to range, with more northern regions tending to have
a later DOP SWS, in agreement with Figure S3. For example, the range-wide DOP SWS for the Alaska,
Brooks, and Mackenzie Mountains is 17 April or later, while the Sierra Nevada, Great Basin, and U.S. Rocky
Mountains reach peak SWS 22 March or earlier. Though we do not ﬁnd a large correlation between DOP
SWE and latitude in the pixel-wise analysis described above (R2 = 0.27), when we compare range-scale
DOP SWS and range-average latitude, we ﬁnd a substantially stronger relationship (R2 = 0.88, p < 0.01).
When combining the 11 individual mountain domains, the maximum SWS is 1,006 km3 (Figure 3b). A linear
regression model was used to estimate SWE over the masked-out glaciers, with latitude, longitude, and elevation as regression predictors (R2 ranges from 0.16 to 0.36 with p < 0.01 for each of the ﬁve ranges with glacier cells). Inclusion of glacial regions would add an additional ~89 km3 SWS to the mountain snow estimate.
The WRF peak mountain SWS estimate is 2.94 times larger than the CanSISE estimate of 342 km3 (Figure 3b).
Most striking, the WRF mountain estimate is nearly identical to the total continental storage in CanSISE
(1,006 km3 in WRF versus 1,087 km3 in CanSISE), despite mountains covering ~25% of the total continent.
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Previous studies indicated that coarse-resolution models like ERA-Interim, a component of CanSISE, fail to
capture snow accumulation in mountain regions (Ikeda et al., 2010; Kapnick & Delworth, 2013; Pavelsky
et al., 2011; Snauffer et al., 2016; Wrzesien et al., 2017), so the low estimate from CanSISE, produced at 1°, is
not surprising.
Combining WRF mountain SWE with CanSISE nonmountain SWE produces a new North American snow
accumulation estimate (WRF + CanSISE, hereafter), with a peak SWE of 1,684 km3 (Figure 3b). Our new combined estimate is 55% larger than the CanSISE continent-wide estimate (1,087 km3). Although mountains are
approximately 25% of North American land area, 60% of all continental snow is located in the mountains
based on WRF + CanSISE, compared to 31% from CanSISE alone. The original CanSISE estimate suggests that
the proportion of North American snow stored in mountains is nearly equal to the proportion of mountain
area, which implies that mountain snowpacks are not substantially deeper, on average, than nonmountain
snowpacks. We have higher conﬁdence in the WRF + CanSISE estimate because it is more consistent with
the fact that mountains store substantially more snow per unit area than nonmountain areas (Mudryk
et al., 2015; Snauffer et al., 2016; Sturm et al., 1995).
Finally, in order to understand the role of snow storage in the TWS budget, we compare the WRF + CanSISE
SWS to the GRACE TWS anomaly (Figure 3c). TWS includes all variations in all components of water storage,
not just snow, so the two are not directly comparable. We consider all of North America (minus Greenland),
which resolves the issue of different spatial scales (9 km for WRF versus 1°, or ~300 km, for GRACE), since we
integrate continental SWS from WRF + CanSISE and continental TWS from GRACE over the same region. The
WRF + CanSISE SWS and the GRACE TWS anomalies are similar from October to mid-March but diverge thereafter. The maximum WRF + CanSISE SWS is similar to the maximum of the mean GRACE TWS estimate. This
does not necessarily imply that WRF is too high but may suggest that much of the TWS increase during cold
months is due to snow accumulation. The GRACE TWS estimate incorporates both positive and negative storage anomalies from non–snow-covered portions of the continent. Concurrent with the snow accumulation
in northern and mountainous areas, some regions, such as the southeast United States, gain mass due to winter rainfall, while others, such as Mexico, lose mass due to winter drying, for example, from reductions in soil
moisture; therefore, the positive and negative mass anomalies cancel out, leaving only the large snow signal.
The late spring/summer lag between WRF + CanSISE SWS and GRACE TWS is consistent with the residence
time on the continent for water stored as seasonal snow. As the snow changes phase, GRACE captures the
movement of the snowmelt water through other storage reservoirs, while WRF + CanSISE SWS only shows
the snow melting. Compared to other available estimates, the WRF SWS estimate therefore provides an upper
bound on North American snow accumulation.
Here it is important to note that we do not use CanSISE, SNODAS, GRACE, or the snow pillows to validate WRF
estimates. Rather, we compare WRF simulated SWE to other published estimates to assess whether the WRF
values are reasonable. The challenge of working with gridded SWE data sets is that they are impossible to
independently validate because there is no spatially continuous truth data set available. However, models
like WRF and data sets like CanSISE provide important benchmark SWE estimates, and their consistency with
other measures of SWE and the broader water cycle gives us conﬁdence that they are reasonable. In the
future, it may be possible to more completely validate these gridded data sets against spatially continuous
observations from robustly ground-truthed airborne or satellite platforms. Though we cannot yet perform
a full model validation, our results suggest that the estimates of North American snow storage presented here
are more accurate than previous estimates and can better inform future hydrologic science.

4. Conclusions
We present a new estimate of SWS for North American mountains using the WRF RCM and a combined,
continent-wide estimate of SWS by merging RCM results for the mountains with the CanSISE product everywhere else. Peak mountain SWS from our estimate is 2.94 times greater than the CanSISE mountain estimate.
Comparison of WRF with CanSISE over the mountains shows that current global models often have a large
negative bias in mountain snow, consistent with previous studies (e.g., Dutra et al., 2011; Kapnick et al.,
2014; Snauffer et al., 2016; Wrzesien et al., 2017). This difference is substantial; incorrect estimates of snow
accumulation lead to incorrect water budgets, which preclude accurate description of the water cycle itself
(Rodell et al., 2015). Incorrect water budgets cause incorrect energy budgets, since the two are linked by
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the changing phases of water (Stephens et al., 2012). Underestimation of snow not only impacts the understanding of the water budget from a purely scientiﬁc perspective but also inﬂuences efforts to quantify the
economic importance of snow (Sturm et al., 2017).
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