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Abstract Point observations and previous basin modeling efforts have suggested that snowmelt may be
a significant input of water for runoff during extreme rain-on-snow floods within western U.S. basins. Quan-
tifying snowmelt input over entire basins is difficult given sparse observations of snowmelt. In order to pro-
vide a range of snowmelt contributions for water managers, a physically based snow model coupled with
an idealized basin representation was evaluated in point simulations and used to quantify the maximum
basin-wide input from snowmelt volume during flood events. Maximum snowmelt basin contributions and
uncertainty ranges were estimated as 29% (11–47%), 29% (8–37%), and 7% (2–24%) of total rain plus snow-
melt input, within the Snoqualmie, East North Fork Feather, and Upper San Joaquin basins, respectively,
during historic flooding events between 1980 and 2008. The idealized basin representation revealed that
both hypsometry and forest cover of a basin had similar magnitude of impacts on the basin-wide snowmelt
totals. However, the characteristics of a given storm (antecedent SWE and available energy for melt) con-
trolled how much hypsometry and forest cover impacted basin-wide snowmelt. These results indicate that
for watershed managers, flood forecasting efforts should prioritize rainfall prediction first, but cannot
neglect snowmelt contributions in some cases. Efforts to reduce the uncertainty in the above snowmelt
simulations should focus on improving the meteorological forcing data (especially air temperature and
wind speed) in complex terrain.

1. Introduction

The largest historical flood events over the western U.S. have occurred under the influence of atmospheric
rivers, which transport warm moisture-laden air from over the Pacific Ocean into the mountains [Ralph et al.,
2005; Neiman et al., 2010]. These conditions cause heavy precipitation rates and high snowfall levels (where
rain transitions to snow at the surface), resulting in a larger basin fraction experiencing rainfall instead of
snow. They also expose the existing snowpack to warm, humid, and windy atmospheric conditions that
drive high melt rates [Marks et al., 1998].

Quantifying the contribution of runoff from snowmelt versus rainfall during rain-on-snow (ROS) conditions
is challenging because sparse observations of snowmelt (e.g., snow pillows) cannot capture basin-wide vari-
ability. Available observations at point locations in nonforested areas suggest that snowmelt represents
4%–72% of total water input during ROS events [Harr, 1981; Singh et al., 1997; Marks et al., 1998, 2001; Sui
and Koehler, 2001; Garvelmann et al., 2015] with melt rates up to 30–65 mm d21 [Kattelmann, 1997; Marks
et al., 2001; Cooley and Palmer, 1997]. During cloudy ROS conditions, the fluxes into the snow surface from
turbulent heat [Harr, 1981; Storck, 2000; Marks et al., 2001; Garvelmann et al., 2014] and long-wave irradiance
[Mazurkiewicz et al., 2008] have been shown to become more important for melting snow than net irradi-
ance alone. However, these point observations cannot be easily extrapolated across complex terrain and
vegetation to calculate total basin contributions from snowmelt without the availability of high-density
observations [Garvelmann et al., 2015].

In lieu of ideal snow observations, hydrological models are commonly used as a tool to explore the controls
on distributed snowmelt across heterogeneous basins given accurate forcing data [Clark et al., 2011; R€ossler
et al., 2014; Wever et al., 2014b]. In particular, the impact of forest harvesting to increase turbulent heat
fluxes and snowmelt rates in clearings during well-studied ROS storms has frequently been quantified
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through modeling [Berris and Harr, 1987; Harr and Coffin, 1992; van Heeswijk et al., 1996; Marks et al., 1998;
Storck and Bowling, 1998; Jones and Perkins, 2010; Varhola et al., 2010].

However, to fully understand the role of changes in snow water equivalent (SWE) across a range of locations
and ROS events, one must both quantify the skill of the energy balance snow model and perform a wide
range of both idealized and realistic simulations. Case studies using the SNOBAL model [Marks et al., 1998]
to simulate the 5 February 1996 event reported that the model underpredicted the observed melt rates and
magnitudes [van Heeswijk et al., 1996; Marks et al., 1998; Mazurkiewicz et al., 2008], while other ROS studies
did not report model performance of individual events [Biggs and Whitaker, 2012]. More recently, R€ossler
et al. [2014] found that either meteorological forcing or snow model parameters required adjustment in
order to match model results with point observed decreases in snow depth and basin runoff. Hence, this
study attempts to both (1) quantify how well a snow model can capture observed changes in SWE during
ROS events given varied sources of forcing data and (2) provide realistic ranges of total basin snowmelt con-
tributions during flooding for different basin hypsometries and forest cover given these uncertainty bounds
from point simulations.

We examine the importance of snowmelt input to basin runoff during ROS events by focusing on three
maritime basins along the west coast of the U.S., where ROS events occur frequently [Kattelmann, 1997;
McCabe et al., 2007]. A simplified basin representation is employed to allow the separation of basin-scale
controls (i.e., forest distribution and hypsometry) from storm controls (i.e., initial snowpack and energy avail-
able for melt) in order to provide bounds on when/where volumetric snowmelt matters for flood forecast-
ing. Because most operational forecasts involve ensembles of atmospheric predictions (rain rates and air
temperatures) but less information about surface hydrology, local reservoir operators are often using knowl-
edge of specific basin hypsometry and prestorm snow cover to estimate ad hoc how much snowmelt might
contribute to total predicted rainfall amounts for their target basin(s). A better understanding of the realistic
ranges of snowmelt contributions to streamflow runoff during major winter storms increases our confi-
dence when operating large dams and reservoirs for flood risk management (L. Schick, personal communi-
cation, USACE, 2015).

2. Background

The two major physical limitations of basin snowmelt contributions are the available mass of snow and the
energy available to melt, as conceptualized by Biggs and Whitaker [2012, Figure 1]. We expand on this
understanding by including the elevational distribution of forest cover and basin area (hypsometry). Figure
1a illustrates two possible distributions of SWE with increasing elevation prior to a ROS event with the same
potential energy for melt (Figure 1b). ‘‘Initial condition #1’’ exemplifies a SWE distribution where the snow
cover extent (lowest elevation with snow cover) is located at the climatological transition of rainfall to snow-
fall. In contrast, the SWE distribution in ‘‘initial condition #2’’ represents a recent snowfall at lower elevations,
where there is greater energy available for melt due to higher air temperatures. Figures 1c and 1d show
how the resulting total storm snowmelt is limited by the initial conditions, depending upon the hypsometry
of the basin (uniform area with elevation in Figure 1c and greater area at lower elevations in Figure 1d). In
contrast, given a fixed amount of initial SWE (Figure 1e), the energy during storms may vary due to
increased air temperatures, stronger winds, or forest cover (Figure 1f), which will shift and/or increase the
distribution and quantity of snowmelt depending on basin hypsometry (Figures 1g and 1h).

Both distributions of mass and energy are, to a first order, controlled by the snowfall level, defined here as
the surface elevation where 50% liquid and 50% solid precipitation occur, generally coincident with near-
surface air temperatures of about 18C. On average, the winter snowfall level decreases with increasing lati-
tude (241.4 m degree21 in the Sierra Nevada) [Lundquist et al., 2008]. However, on the time scales of hours
to days that ROS events occur on, the snowfall level over a given basin is controlled by the passage of
fronts, diurnal fluctuations, and by orographic effects [Lundquist et al., 2008; Minder et al., 2010; Minder and
Kingsmill, 2013].

For snowmelt to contribute significantly to runoff, the hypsometry of the basin must have a large fraction
of total area coincident with those elevations where snowmelt is maximized [Biggs and Whitaker, 2012]. For
example, a basin may have high melt rates between 500 and 1500 m, but if this elevation range only repre-
sents 5% of basin area, then the snowmelt contribution to total basin input and outflow will not be
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significant. A similar process has been shown for rainfall, where White et al. [2002] found a strong relation-
ship between the melting level and the peak flow rate depending on the basin hypsometry.

In summary, it has been well established that vegetation, hypsometry, antecedent snow conditions, and
storm energy are related to the magnitude of snowmelt during ROS conditions [Kattelmann, 1997; Marks
et al., 2001; McCabe et al., 2007; R€ossler et al., 2014]. However, quantifying basin snowmelt magnitudes over
multiple basins and a range of ROS events has yet to be done. Further, it remains to be shown if storm vari-
ability outweighs basin characteristics for controlling basin snowmelt. This paper seeks to contribute to the
understanding of the role of snowmelt during ROS floods by answering the following questions:

1. How well can the magnitude of observed mid-winter snowmelt during ROS conditions at points be con-
sistently captured by a physically based snow model?

2. How much does simulated snowmelt contribute to volumetric basin input during floods over three west-
ern U.S. basins?

Figure 1. Conceptual illustration of the two fundamental controls on snowmelt during a rain-on-snow event: (1) the initial SWE and (2) the energy available for melt (in terms of equiva-
lent melt). The impact of two different (a) initial SWE distributions prior to a ROS storm with the same (b) available energy for melt and the resulting snowmelt given (c) unit-area basin
or (d) realistic basin hypsometry. Given the same (e) initial SWE distribution, the impact of two different (f) available energy distributions, and (g and h) the resulting snowmelt given two
different basin shapes. The take away hypothesis is that the elevations with the largest snowmelt volumes are produced where the available SWE intersects the potential melt energy
and the largest area.
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3. How much does a basin’s specific hypsometry and forest cover control ROS basin snowmelt compared
to individual storm characteristics, such as antecedent SWE distribution and energy for melt?

We answer Question 1 through model testing at both points with intensive observations (to quantify model
uncertainty) and at points with less certain site meteorology (to quantify additional uncertainty due to
model forcing). We answer Questions 2 and 3 by modeling snowmelt volume input to basin-wide runoff
during ROS storms within three basins with different distributions of basin area and forest cover. Sources of
data from the intensive observational snow study sites and the study basins along the western U.S. coast
are described in section 3. The snow model and idealized basin framework are described in section 4, and
results reported in section 5. A discussion of simulated results is given in section 6, and a summary of the
main findings in section 7.

3. Data

3.1. Intensive Observational Study Sites
Two snow study sites were selected to validate the model’s ability to simulate snowmelt during ROS events:
the Col de Porte (CDP) site, located in the Chartreuse range in southeast France [Morin et al., 2012], and the
Umpqua National Forest (UNF) site in the Oregon Cascades, USA [Andreadis et al., 2009] (Table 1). These
sites were chosen because they measured all meteorological data required to force an energy balance
snow model, thus termed ‘‘near-perfect’’ forcing here on. Although other snow study sites with intensive
observations exist [Essery et al., 2009], only CDP and UNF experience multiple mid-winter melt events per
water year, providing ideal sites to test the ability of a physically based snow model to simulate snowmelt
during ROS events given high-quality forcing data. Model skill from these two sites was used to quantify
the model error to capture ROS storm snowmelt given ‘‘near-perfect’’ forcing. This model error is used to
better inform our uncertainty of basin-scale simulated snowmelt totals within the three western U.S. basins
that are the main focus of this study. However, we do not explore the full range of model uncertainty here

Table 1. Observations Stations Used Within Study Basins

Basin Variable(s) Observed Name Networka Lat Lon
Elevation

(m)

Hourly T, P, RH, U, SW,
LW and Daily SWE

Col de Porte (CDP) Meteo-France 45.3 5.77 1325

Hourly T, P, RH, U, SW,
LW and Daily SWE

Umpqua National
Forest (UNF)

Andreadis
et al. [2009]

43.26 2122.24 1200

SQ Daily SWE, Daily P, and Hourly T. Alpine Meadows (ALP) SNOTEL 47.78 2121.70 1066
Daily SWE, Daily P, and Hourly T Olallie Meadows (OLI) SNOTEL 47.37 2121.45 1228
Daily SWE, Daily P, and Hourly T Skookum Creek (SKC) SNOTEL 47.68 2121.62 1088
Daily mean discharge SQ R. near Carnation,

12149000
USGS 47.66 2121.92 41

ENFF Daily SWE and Daily Precipitation Kettle Rock CDWR 40.14 2120.72 2225
Daily SWE and Daily Precipitation Rattlesnake CDWR 40.13 2121.04 1859
Daily SWE and Daily Precipitation Grizzly Ridge CDWR 39.92 2120.65 2103
Daily mean discharge Spanish Creek,

11402000
USGS 40.00 2120.95 1219

Daily mean discharge Indian Creek USGS 40.07 2120.92 1067
USJ Daily SWE/Daily P Poison Ridge CDWR/USBR 37.40 2119.52 2103

Daily SWE/Daily P Chilkoot Meadow CDWR/USBR 37.41 2119.49 2179
Daily SWE/Daily P Graveyard Meadow CDWR/USBR 37.47 2119.29 2103
Daily SWE/Daily P Green Mountain CDWR/USBR 37.56 2119.24 2408
Daily SWE/Daily P Huntington Lake USBR 37.23 2119.22 2134
Daily SWE/Daily P Tamarack Summit CDWR/USBR 37.16 2119.20 2301
Daily SWE/Daily P Kaiser Point CDWR/USBR 37.30 2119.10 2804
Daily SWE Volcanic Knob CDWR 37.39 2118.90 3063
Daily SWE Agnew Pass CDWR 37.73 2119.14 2880
Daily mean discharge SJ R. below Friant

Dam, 11251000
USGS 36.98 2119.72 90

aData were obtained from the U.S. Natural Resources Conservation Service’s (SNOTEL) network, the U.S. Geological Survey (USGS),
the California Department of Water Resources (CDWR), the U.S. Bureau of Reclamation (USBR), and the Meteo-France Center. Observed
variables are air temperature (T), total precipitation (P), relative humidity (RH), wind speed (U), short-wave irradiance (SW), long-wave
irradiance (LW), and snow water equivalent (SWE).
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as it is outside the scope of this paper. Finally, despite the large geographical distance of the CDP site from
the western U.S., it is suitable for inclusion in this study because of the similar maritime snow classification
[Sturm et al., 1995] and impact of atmospheric rivers upon western Europe as the western U.S. [Newell et al.,
1992].

Meteorological forcing data used for point snow model simulations were taken directly from the published
data sets at CDP [Morin et al., 2012] and UNF [Andreadis et al., 2009]. Ten waters years (2002–2011) at CDP
and two water years (1997–1998) at UNF of both meteorological forcing (air temperature, precipitation,
wind speed, relative humidity, and short and long-wave irradiance) and observed daily SWE for model vali-
dation were available.

3.2. Study Basins With Limited Observations
The mountain ranges along the western U.S. coast (Washington and Oregon Cascades, and Sierra Nevada)
include ephemeral, maritime, and alpine snow climates [Sturm et al., 1995] and contain elevations from sea
level to 3500 m (Figure 2). Three example basins (1797–4244 km2, Figure 2a) were arbitrarily chosen where fre-
quent ROS events were documented to have occurred [McCabe et al., 2007, Figure 6]. Each basin is affected
by synoptic systems with different mean snowfall levels, variable distributions of forest cover, and unique
basin hypsometry (Table 2). Figure 2c shows hypsometric curves for each of the three study basins in context
with curves for all basins along the U.S. west coast. The largest fraction of basin area occurs within the
Snoqualmie (SNQ) basin at low elevations, in the East branch of the North Fork Feather (ENFF) basin at middle
elevations, and over the Upper San Joaquin (USJ) basin at high elevations. Forest cover in each basin is a func-
tion of both climatology and deforestation. The elevations of observational stations used for validation of
modeled SWE within each basin are shown in Figure 2c and further detailed in Table 1.

The regulation of streamflow within each basin varies. The ENFF basin has no flood protection or power
generating dams but only five small minor diversions for water supply to Quincy (0.16% area), while the
SNQ basin has one hydropower dam (South Fork Tolt Dam) that represents only 3% of the SNQ basin

Figure 2. (a) Domain of study along the Cascade and Sierra Nevada ranges. (b) Outlines of westward draining HUC-8 basins categorized by their elevation where 50% of the basin area
lies. Bold outlines show selected basins (SNQ, ENFF, and USJ) from each category used in this study. (c) Cumulative basin area with increasing elevation as a fraction of each basin. Black
circles show elevations of stations with snowpillows within each basin (listed in Table 1).
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drainage. In contrast, the USJ basin has six large reservoirs designed to maximize water retention and
hydropower generation.

In order to represent a range of ROS meteorological storms at different latitudes, we used a 12 km gridded
observational data set over the study domain from 1980 to 2008 [Maurer et al., 2002]. Grid cells within each
of the three selected basins (Figure 2a) were extracted, and daily values were disaggregated to hourly using
the Mountain Climate Simulator (MTCLIM) [Hungerford et al., 1989; Thornton and Running, 1999]. Daily pre-
cipitation was uniformly distributed throughout the day. Air temperature at 2 m above ground was disag-
gregated to hourly values using a spline fit to daily maximum and minimum temperature following the
implementation in the Variable Infiltration Capacity model [Liang et al., 1994; Maurer et al., 2002]. Daily
short-wave irradiance was disaggregated to hourly based on the solar zenith angle, and long-wave
irradiance based on the hourly air temperature and assuming a constant vapor pressure during the day
[Tennessee Valley Authority, 1972]. Air pressure and wind speed were assumed uniform throughout the day.
Wind speeds in the Maurer et al. [2002] data set were created by interpolation from the NCEP-NCAR reanaly-
sis [Kalnay et al., 1996] lowest model level to 10 m above the surface. Biases and uncertainty in this gridded
data set were quantified and corrected before input to snow model simulations (see section 4.2).

Daily observations of SWE from the U.S. Natural Resources Conservation Service’s SNOTEL network, the Cali-
fornia Department of Water Resources (CDWR), and the U.S. Bureau of Reclamation (USBR) were obtained
within each study basin (Table 1) to select ROS events and were used for evaluation of modeled SWE in the
SNQ basin.

4. Methods

First, the physical snow model used in this study was tested to capture the observed snowmelt magnitudes
during ROS events at point sites with both ‘‘near perfect’’ and estimated sources of forcing data (Question
1). Bias-corrected gridded data over each study basin were then used to drive snow model simulations dur-
ing multiple ROS events to estimate volumetric contributions of snowmelt to basin input (Question 2).
Finally, we compare the controls of basin characteristics to individual storms on basin total snowmelt
(Question 3).

4.1. Snow Model
Snow simulations (Table 3) at point locations within each basin were performed using the Distributed
Hydrology Soil Vegetation Model (DHSVM), which is a physically based hydrological model that simulates
the surface energy and water balances and the transport of water as a function of meteorological forcing,
topography, soil drainage characteristics, and vegetation cover [Wigmosta et al., 1994; Waichler and Wig-
mosta, 2003]. This model was selected because it explicitly includes a forest canopy, which exerts a large
control over the energy and mass fluxes into the snowpack during ROS events [Marks et al., 1998]. We only
used the vegetation and snow model components of DHSVM run in point mode, as the scope of this paper
is on snowmelt water available for runoff. Although more physically based spatial distributions are com-
monly used, running in point mode allows the clean separation of impacts of vegetation and basin hypsom-
etry on the snowmelt basin input. We leave interactions between snowmelt, soil moisture, and runoff
generation as subjects for future research.

DHSVM’s snowpack is represented by two snow layers; a surface layer and pack layer. Liquid water in the
snowpack is held until a predefined saturation level (3.3% of SWE) is reached, where upon additional rainfall

Table 2. Characteristics of Selected Study Basins

Name
Center
Lat (8)

Center
Lon (8)

Area
(km2)

Elevation
Range (m)

Elevation
of Top 30%

Areaa (m)

Average DJF
Snow

Level (m)
% of Basin
Forested HUC-8 IDb

Snoqualmie (SNQ) 47.56 2121.72 1797 0–2000 0–500 �1000 70 17110010
East Branch North

Fork Feather (ENFF)
40.09 2120.73 2661 700–2400 1400–2000 �1500 71 18020122

Upper San Joaquin (USJ) 37.36 2119.22 4244 100–3500 2000–2700 �2000 55 18040006

aThis metric indicates at what elevation range the largest fraction of basin area occurs.
bHUC-8 ID refers to the Hydrological Unit Codes defined by the National Ocean and Atmospheric Administration.
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or snowmelt is routed to the upper soil layer. Turbulent heat fluxes are calculated based on bulk transfer
theory and stability corrections using the bulk Richardson number (see Andreadis et al. [2009] for full
details). At every time step, DHSVM requires the following meteorological forcing data: precipitation, 2 m air
temperature, relative humidity, wind speed above canopy, and downward short and long-wave irradiance.
Precipitation was partitioned into liquid when local air temperatures were above 38C, a linear mix of liquid
and ice between 218C and 38C, and ice below 218C [USACE, 1956]. Additional model parameter values
were taken from previous studies when available, or their default values were used.

Vegetation classification for each basin was obtained from the National Land Classification Database [Fry
et al., 2011] at a 30 m resolution. Over all study basins in Figure 2a, evergreen forests were the most preva-
lent (49%), followed by shrubland (18%) and grassland (10%). As a first-order approximation, all categories
were reclassified as either an evergreen forest or as short grass. All deciduous or mixed forest cells were
assigned to evergreen forest. All remaining cells, including barren rock, shrubland, and grassland, were
assigned to grass vegetation without any overstory. Vegetation parameters for all point simulations (section
4.3) used a grass classification, as this matches the majority of vegetation immediately surrounding each
study site.

4.2. Forcing Data
4.2.1. Downscaling 12 km Gridded Data
The meteorological forcing required by DHSVM was prepared using the hourly variables derived from the
Maurer et al. [2002] 12 km gridded data set described in section 3.2. For point simulations (section 4.3), the
nearest grid cell was selected. For elevation bin simulations (section 4.4), all grid cells with average eleva-
tions within each 100 m elevation bin were combined by averaging their forcing data to provide one point
forcing representative of the average elevation range. Elevation corrections between Maurer et al. [2002]
12 km grid cells and elevation bins were made for air temperature and long-wave irradiance: annual tem-
perature lapse rates used in each basin were taken based on previous studies when available: SNQ 58C
km21 [Minder et al., 2010], ENFF 6.58C km21 [Lundquist et al., 2010], and USJ 6.88C km21. Long-wave irradi-
ance was adjusted using a constant lapse rate of 229 W m22 km21 derived from 3 years of data in the
Swiss Alps [Marty et al., 2002] and since applied in the western U.S. [Hinkelman et al., 2015].
4.2.2. Bias Correction of Gridded Data Forcing
Due to known limitations of reanalysis gridded data sets [Mizukami et al., 2014; Newman et al., 2015;
Lundquist et al., 2015] and disaggregation methods [Bohn et al., 2013], available observations of air tempera-
ture and precipitation were used to bias correct Maurer et al. [2002] grid cells in each basin. Within the SNQ
basin, the average October to March air temperature (after correcting for elevation differences between
grid cells and stations) was biased on average 20.68C, and accumulated total precipitation was biased on
average 232% of observations. Within the ENFF and USJ basins where only reliable historical precipitation

Table 3. DHSVM Simulations

Simulation
(Sim) Identifiera Site (Basin) Met. Forcing Source

Variable
Perturbation

Vegetation
Setting in

DHSVM

1 CDP All observed Grass
2 UNF All observed Grass
3 ALP (SNQ) T, P observed. Other gridded Grass
4 OLI (SNQ) T, P observed. Other gridded Grass
5 SKU (SNQ) T, P observed. Other gridded Grass
6 ALP (SNQ) Bias-corrected nearest grid cell Grass
7 OLI (SNQ) Bias-corrected nearest grid cell Grass
8 SKU (SNQ) Bias-corrected nearest grid cell Grass
9.1a–q (SNQ) Bias-corrected gridded data Perturbed Grass
9.2a–q (SNQ) Bias-corrected gridded data Perturbed Forest
10.1a–q (ENFF) Bias-corrected gridded data Perturbed Grass
10.2a–q (ENFF) Bias-corrected gridded data Perturbed Forest
11.1a–q (USJ) Bias-corrected gridded data Perturbed Grass
11.2a–q (USJ) Bias-corrected gridded data Perturbed Forest

aSyntax for simulation (Sim) identifiers X.1 have grass and X.2 forest vegetation. For simulations 9 through 11, subscripts a refers to
the default forcing while b–q refers to perturbations of air temperature 60.88C, 63.38C, precipitation 619%, wind speed 63 m s21, rela-
tive humidity 625%, long-wave irradiance 625 W m22, and short-wave irradiance 620%, respectively (see section 4.2.3).
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(but not temperature) records exist, the Maurer et al. [2002] grid cell precipitation values were biased by
22% and 20.8%, respectively.
4.2.3. Uncertainty in Gridded Forcing
Given that the accuracy of the meteorological forcing is critical for modeling ROS event snowmelt
[R€ossler et al., 2014], an ensemble of forcing data perturbations were estimated (Table 1). In the absence
of measurements, values from the literature were used [Raleigh et al., 2014, Table 3]. Random errors and
diurnal errors from subdaily interpolations were not addressed. For air temperature, uncertainties were
estimated from both the RMSE and mean differences between the three SNQ stations and their nearest
grid cells, which resulted in values of 63.38C and 60.88C, respectively. Uncertainty in total precipitation
was quantified as 619% based on the mean difference at all 13 sites observing precipitation (Table 1).
All remaining forcing uncertainty ranges were estimated from Raleigh et al. [2014] and citations therein;
wind speed 63 m s21, relative humidity 625%, long-wave irradiance 625 W m22, and short-wave
irradiance 620%.

4.3. Selection of Rain-on-Snow Events
4.3.1. Point Sites
ROS events were defined at point sites if they met the following criteria, (1) they occurred between October
and February (when most ROS events occur [McCabe et al., 2007]), (2) observed SWE decreased, and (3)
greater than 5 mm of rain fell (roughly twice the precipitation gauge accuracy) over 3 days. A 3 day (72 h)
event period was identified as the average length of time required to capture the majority of rainfall and
snowmelt at all sites and has been used previously for defining storm length [Serreze et al., 1999]. Using the
3 day period, 8–115 events were identified at each station (Table A1 and supporting information Table S1),
depending on station records and the frequency of mid-winter melt. Maximum 3 day snowmelt totals
ranged from 35 mm at CDP to 124 mm at the SKU station within the SNQ basin. In contrast, maximum rain-
fall ranged from 75 mm at CDP to 357 mm at SKU, over a 3 day period.
4.3.2. Study Basins
ROS events at each study basin were defined if any of the available stations within each basin (Table 1) met
the same three criteria as above. Of these selected events, we also identified ROS events that resulted in
flooding or not (supporting information Table S1). Three United States Geological Survey (USGS) discharge
gauges nearest to each basin outlet were used to identify flooding events (Table 1). Within the SNQ basin,
the Snoqualmie River near Carnation Gauge (#12149000) drains 87% of the study basin and has a USGS
rated flood stage of 54 ft, or 546 m3 s21, resulting in 49 selected flood events. The nearest gauge to the
ENFF outlet was discontinued in 1982, thus two gauges were used instead (Spanish Creek #11402000 and
Indian Creek #11401500), which drain 18% and 72% of the ENFF study basin, respectively. No flood rating is
available for these gauges, so historical [Roos, 2007] accounts of flooding on the Feather River were used to
select a threshold of 260 m3 s21 for the Spanish Creek gauge that identified four flooding events between
1980 and 2008. In the USJ, we selected the San Joaquin river gauge below the Friant Dam as it drains the
entire USJ basin. Releases from the dam are restricted to 226.5 m3 s21 to prevent downstream flooding
[Bureau of Reclamation, 2005], thus daily flows exceeding 226.5 m3 s21 were selected as flooding or high
flow events. The resulting four selected floods agree with historical accounts of flooding [Roos, 2007; Bureau
of Reclamation, 2005].

4.4. Evaluation of Point DHSVM Simulations of Snowmelt
The ability of DHSVM simulations (Sims 1–8, Table 3) to capture the seasonal pattern of SWE was assessed
using the coefficient of determination, and percent bias of mean peak SWE. During study events, the mod-
el’s ability to capture the observed storm melt (total over 72 h) was assessed using the root-mean-squared
error (RMSE). At the CDP and UNF sites, these RMSE values provide a quantification of DHSVM’s model error
when driven by ‘‘near-perfect’’ forcing. At the remaining three SNQ basin sites, the RMSE values quantify the
total error in simulated snowmelt as a result of the reduced quality of meteorological forcing data and
inherent model error. Both point scale uncertainty estimates are used to inform our basin-scale modeling
analysis of snowmelt contributions during ROS flood events.

4.5. Idealized Representation of Basin Snowmelt
An idealized framework was used to model basin snowmelt and rainfall available for runoff. This framework
allowed the separation of influences from basin vegetation and hypsometry for controlling the total basin
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contribution from snowmelt during each
study event. First, each basin was binned into
100 m elevation bands (Figure 3). Variations
in slope and aspect were neglected in our
idealized setup, as they are less important
during ROS events [Kormos et al., 2014].
Then, DHSVM was run in point mode at each
elevation band with two vegetation settings:
completely forested (Sims 9.1a–q, 10.1a–q,
10.1a–q) and completely grass (Sims 9.2a–q,
10.2a–q, 11.2a–q), where subscripts a–q refer
to variations in forcing data using uncertain-
ties described in section 4.2.3. The model
outputs (i.e., snowmelt or rainfall) at each ele-
vation band from the forest and grass simula-
tions were then linearly combined based on
the observed vegetation fraction at that ele-
vation band (see Figure 3). These simulations
assume a uniform area with elevation and
are thus referred to as ‘‘unit area.’’ Finally,
basin hypsometry was included by multiply-

ing the vegetation-weighted model output by the fraction of area at each elevation band (shown cumula-
tively in Figure 2b), which results in the most physical estimate of basin input of rain (equation (1)) and
snowmelt (equation (2)).

RainbasinðtÞ5
Xzmax

i5zmin
Rainði; tÞ3AreaðiÞ½ � (1)

MeltbasinðtÞ5
Xzmax

i5zmin
MeltGrassði; tÞ3 12fforestðiÞð Þ1MeltForestði; tÞ3 fforestðiÞð Þ½ �3AreaðiÞ (2)

where Melt and Rain are the DHSVM point simulated snowmelt and rainfall at each elevation band i over
each hourly time step t, and fforest and Area are the fraction of forest and area at each elevation band that
spans each basin’s elevational range (zmin to zmax). Here we make the assumption that the snowpack
reaches saturation quickly, and therefore, the majority of rain falling on the snowpack reaches the soil
within the 3 day extreme rainfall events examined here.

5. Results

5.1. Evaluation of DHSVM at Point Snow Study Sites (Question 1)
5.1.1. ‘‘Near-Perfect’’ Forcing: Col de Porte and Umpqua National Forest
Simulations (Sims 1 and 2) at the two intensively observed study sites provided a benchmark for the skill of
DHSVM to capture seasonal and ROS event snowmelt by nearly eliminating meteorological forcing error. At
the Col de Porte (CDP) site, DHSVM captured the observed seasonal cycle of SWE with a mean peak SWE
bias of 212% and a coefficient of determination of 0.9 (10 years) (Figure 4). At the Umpqua National Forest
(UNF) site, DHSVM had a mean peak SWE bias of 226% and a coefficient of determination of 0.6 (2 years).
Additional statistics are given in Table B1. The decent representation of seasonal SWE was not unexpected

X ~ 

Figure 3. Idealized representation of study basins. Boxes indicate 100 m
elevation bins, simulated for all Forest and all Grass vegetation. Vegeta-
tion weighted is represented as a linear combination of the model results
based on observed vegetation fractions. Hypsometry is included by multi-
plying the model output by the area over the basin at each elevation bin
to estimate the volume input.

Figure 4. Observed and modeled (Sim 1) seasonal SWE at Col de Porte, France.
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given the high-quality winter forcing data measured at each site; however, it provides confidence in the use
of DHSVM in this study.

During 3 day ROS storms at CDP and UNF, simulations by DHSVM captured the observed snowmelt magni-
tudes (Figure 5), with RMSEs of 8 and 17 mm, at CDP and UNF, respectively (Table B1). To put these errors in
perspective, they were 40% (21%) and 80% (27%) of the average (maximum) observed snowmelt over each
3 day event at CDP and UNF, respectively. Because the model was forced with ‘‘near-perfect’’ meteorological
forcing at these sites, we make the assumption that the above errors at both sites are the result of DHSVM
model error, which is on average 12 mm, including storms from both CDP and UNF.
5.1.2. Gridded Forcing: Snoqualmie Basin Snotel Stations
Observed snowmelt magnitudes at SNQ stations during observed flooding events were larger than those val-
ues at CDP or UNF (Figure 5). Although observed and modeled snowmelt totals were higher during the larger
rainfall events, neither were correlated with the rainfall magnitude, supporting the conceptual understanding
that advected heat from rainfall is not providing the majority of energy for melt. Model simulations forced with
available in situ observations of air temperature and precipitation (Sims 3–5) and only bias-corrected nearest
grid cell data (Sims 5–7) captured the range of observed snowmelt event totals, but had difficulty capturing
some events. RMSEs for each station ranged between 19 and 28 mm per 3 day event (98–152% of average
observed snowmelt, or 19–27% of maximum observed snowmelt), which were higher than normalized RMSEs
at CDP or UNF. These increased errors represent the combination of DHSVM model error (12 mm from the CDP
and UNF sites) plus the additional uncertainty of the lower-quality forcing data available at these locations.

Figure 5. (left) Observed and modeled snowmelt total during each 3 day storm. (right) Vertical bars show the observed rain fall total dur-
ing each 3 day storm that resulted in flooding (filled gray) and nonflooding (filled white), for (c–e) SNQ sites only. Storms are ranked by
storm rainfall separately at (a) CDP and (b) UNF, and by the mean storm rainfall of all three Snoqualmie basin stations: ALP, OLI, and SKU,
in Figures 5c–5e. Storm total rainfall is approximated from observed precipitation minus observed snowpillow increases, which may under-
estimate rainfall due to retention of liquid water in the snowpack. Note: different y axis scales for snowmelt and rainfall. Grayed box high-
lights the 19 January 2005 storm examined in section 6.2.2.
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5.2. Quantifying Basin Snowmelt During Rain-on-Snow Events Within an Idealized Framework
(Question 2)
Simulated basined average inputs during all 3 day events, sorted by the sum of rainfall during each event,
are shown in Figure 6. Overall, the SNQ and ENFF basins generated larger snowmelt totals than the USJ
basin, which we attribute to the relatively higher elevation, and less variant, snowfall levels during events at
USJ basin. Interestingly, snowmelt magnitude appears to be invariant during flooding events within the
SNQ basin, which led to snowmelt being a larger fraction of total basin input during the smaller rainfall
events. This simulated basin-wide result is in agreement with point observations in Figure 5.

The basin-wide average (maximum) snowmelt storm-totals during flooding events were 13 mm (35 mm),
36 mm (47 mm), and 3 mm (5 mm) for the SNQ, ENFF, and USJ basins, respectively. In terms of a percentage
of total basin input (snowmelt and rainfall), basin-wide snowmelt had average (maximum) values of 10%
(29%), 21% (29%), and 5% (7%) of water available for runoff for each basin, respectively, indicating that rain-
fall was the primary contributor to volumetric basin input during flooding events examined here. Sensitivity
of the above results to model and meteorological forcing uncertainties is discussed in section 6.

5.3. Basin and Storm Controls on Snowmelt (Question 3)
The snowmelt contributions presented above varied between basins. To understand the controls on basin-
integrated snowmelt, we separated out the impacts of basin characteristics (hypsometry and forest

Figure 6. (a) Simulated basin-average inputs of snowmelt and rainfall during all study storms (listed in Table A1 and supporting informa-
tion Table S1).

Water Resources Research 10.1002/2014WR016576

WAYAND ET AL. MODELING THE INFLUENCE OF HYPSOMETRY, VEGETATION, AND STORM 8561



distribution) from the storm characteristics (antecedent SWE and available energy for melt) using our concep-
tual understanding of the controls on snowmelt included in our idealized framework defined in section 4.5.

The impacts of storm characteristics were isolated by comparing basin-wide simulated snowmelt under the
assumptions that all basins had a unit-weighted area and were entirely covered in grass (i.e., no forest).
The SNQ basin had the highest median and maximum snowmelt values during all study storms, followed by the
ENFF and USJ basins (Figure 7a). The larger snowmelt totals within the SNQ basin compared to the USJ basin

Figure 7. (a) Simulated basin-wide snowmelt assuming that all basins have unit-weighted area and have no forest. (b) Simulated storm-
total snowmelt at each basin’s elevational range during each storm (1ranked by total basin-wide snowmelt total for each basin (shown in
Figure 7a). Impacts on simulated basin-wide snowmelt in Figure 7a from inclusion of (d) basin hypsometry are shown in Figure 7c, and (f)
forest cover are shown in Figure 7e. Ratios in Figures 7c and 7e are defined in text. Open circles represent ROS events without observed
flooding while filled circles indicate some level of flooding was observed. Open and filled circles are offset for readability. Box plots show
median, 25th and 75th percentiles, and 1.5 times the interquartile range. x axis abbreviations refer to SNQ (Snoqualmie), ENFF (East North
Fork Feather), and USJ (Upper San Joaquin) basins.
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were driven by both higher-magnitude melt rates and greater elevation ranges exposed to melt (Figure 7b). The
lack of antecedent SWE was a more important limitation within the USJ basin than within the SNQ basin, where
the available energy for melt was the largest limiting factor for maximizing basin-wide snowmelt totals.

The impacts of basin hypsometry (Figure 7d) on the basin averaged snowmelt totals are illustrated in Figure 7c.
We defined the hypsometry impact ratio as the total snowmelt occurring when actual basin areas were used,
divided by total snowmelt originating when each elevation was assigned equal area (i.e., uniform in Figure 7d).
Within a given basin, the ratio varied depending on the elevation where snowmelt was maximized. For example,
in the USJ basin, snowmelt predominantly occurred above 2000 m (Figure 7b), where the actual basin area is
greater than a unit-weighted distribution (Figure 7d). Across all basins, the median ratios for each basin were posi-
tive (1.05–1.3), indicating that the impact of the actual hypsometry increased basin-wide snowmelt contributions.

The impact of forest cover distribution (Figure 7f) on basin-wide snowmelt is illustrated in Figure 7e. We
defined the forested impact ratio as the basin-wide snowmelt total using the observed forest cover, divided
by the snowmelt total when assuming an entire basin of grass (forest fraction 5 0). Across all basins, the
median ratios were less than one (0.5–0.8), indicating the presence of forest canopy reduced basin-wide
snowmelt contributions. However, the magnitude of the snowmelt reduction depended on the given storm.

The above results of the basin-scale controls on simulated snowmelt agree with the existing conceptual
understanding (Figure 1); namely that forest canopy reduces turbulent heat fluxes and melt rates (Figure
7e), and basins such as ENFF with a large fraction of basin area coincident with elevations of maximum
snowmelt increase total basin snowmelt contribution (Figure 7c). What was not known before and has
emerged from this idealized representation, was that the range of different storm characteristics (including
both antecedent SWE and available energy for melt) have a large influence on the magnitude and sign of
how basin characteristics (hypsometry and forest cover) impact basin-wide snowmelt (the dots and inter-
quartile ranges in Figure 7 span a wider range than the different medians between the three basins).

6. Discussion

6.1. Uncertainties in Modeling Snowmelt During ROS Events
Changes in SWE during extreme rainfall events are difficult to consistently simulate accurately [van Heeswijk
et al., 1996; Marks et al., 1998; Westrick, 2001; Mazurkiewicz et al., 2008; R€ossler et al., 2014], which is sup-
ported by the results of point simulations in this study (Figure 5 and Table B1). Simulations of individual
events were not consistent enough to warrant use in an operational mode if the forcing uncertainty of
weather forecasting models is of similar magnitude to the Maurer et al. [2002] gridded data set errors found
here (section 4.2.3). Efforts to further reduce modeled snowmelt errors should be focused on improving
forcing variables that matter most, as well as adding additional observations of internal snowpack states
and fluxes, as discussed below.
6.1.1. Uncertainties in Point Simulations
The quality of metrological forcing data used for simulations of point ROS event snowmelt was shown to
impact model accuracy (Table B1). DHSVM performed the best when given in situ forcing at the CDP and UNF
intensive observational point sites, but did not perform perfectly, allowing the estimation of DHSVM model
RMSE error at 612 mm. At the three SNQ sites, DHSVM captured the median and range of snowmelt (Figure
5) well, but had higher RMSEs than the CDP or UNF sites. However, model errors were not significantly higher
at SNQ sites when in situ air temperature and precipitation (Sims 3–5) were replaced with gridded values
(Sims 6–8), suggesting that random errors remaining in the bias-corrected Maurer et al. [2002] air temperature
and precipitation had small impacts on results. The impact of errors within other Maurer et al. [2002] forcing
variables such as long-wave and short-wave irradiance, relative humidity, and especially wind speed on simu-
lated snowmelt could not be quantified given the lack of direct observations within study basins examined
here. In order to improve model performance, effort should be put toward adding and maintaining existing
observations of these less common variables across elevational transects, which will help aid predictions of
snowmelt and efforts to diagnose sources of error during extreme ROS events.
6.1.2. Uncertainties in Basin Simulations
Uncertainties in the default basin simulations (Sims 9–11a, Figure 6) due to the meteorological forcing data
[Maurer et al., 2002] were quantified through a sensitivity analysis described in section 4.2.3. The average
(maximum) basin-wide snowmelt contributions during flooding events varied between 10–14 mm
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(30–42 mm), 9–38 mm (17–53 mm), and 2–4 mm (4–6 mm) within each basin given forcing perturbations
(Table C1). Results were most sensitive to biases in air temperature (63.38C) and wind speed (63 m s21).

Uncertainties in basin snowmelt simulations due to DHSVM model error were also assessed. DHSVM model
error of 612 mm per 3 day event was derived from the RMSE of point simulations at CDP and UNF. This
model error was applied to basin simulations by adding and subtracting 12 mm of snowmelt from the
storm simulated snowmelt at each elevation bin where snow was present. Including both sources of uncer-
tainty (forcing and model), our estimates of the average (maximum) snowmelt basin contribution were
5–25 mm (21–54 mm), 6–51 mm (9–65 mm), and 1–13 mm (1–17 mm) within the SNQ, ENFF, and USJ
basins, respectively. In terms of a percentage of total basin input (snowmelt and rainfall), basin-wide snow-
melt had maximum values of 11–47%, 8–37%, and 2–24% of water available for runoff for each basin,
respectively. At point SNQ stations, the total estimated uncertainty above encompasses the observed snow-
melt during 87% of the 168 station/storm events shown in Figure 5, giving confidence that the true basin
value lies within our uncertainty range for the SNQ basin.
6.1.3. Uncertainties in Observations of Snowmelt
Although snowpillows were designed and sited to be proxies for basin water supply, they are commonly
used to validate snow models because they are the best spatial and temporal snow observation in western
U.S. mountainous terrain. A confounding issue with using snowpillows to validate modeled snowmelt is
that decreased mass measurements by snowpillows are a combination of snowmelt and rainfall draining
from the snowpack [Marks et al., 1998; Engeset et al., 2000]. In a homogeneous snowpack, liquid saturation
should not exceed �10% [Boone and Etchevers, 2001; Essery et al., 2013] of bulk SWE, which can be assumed
as an upper bound on the percent of the measured SWE loss that is rainfall draining from the snowpack.
However, observations support the idea that preferential flow paths [Gerdel, 1948; Marsh and Woo, 1984;
Williams et al., 2010; Wever et al., 2014a] and lateral water channels form during ROS events [Eiriksson et al.,
2013], allowing water to collect on or diverge from a snowpillow. Penalizing snow models using incorrect
snowmelt observations could lead to tuning of model parameterizations that would later impact model
fidelity. To overcome this obstacle, more alternative observations of snowpack states and fluxes are needed.
For example, the CDP site measures SWE with a cosmic ray counter that impacts the ground heat flux less
than snowpillows [Morin et al., 2012], while a recently developed system for acoustic sensing of snow [Kinar
and Pomeroy, 2015] is noninvasive and portable. Finally, upward pointing radar has been used to detect
and quantify the vertical propagation of liquid water in snow [Schmid et al., 2014; Wever et al., 2015]

6.2. Importance of Snowmelt Volume Toward Flooding
6.2.1. Volumetric Basin Input of Snowmelt
Rainfall, and not snowmelt, was the dominant volumetric contributor at both point sites and over study
basins (Figure 7) during flooding events examined here. We estimated that snowmelt contributions (and
uncertainty ranges) to each basin were as high as 29% (11–47%), 29% (8–37%), and 8% (2–24%) within the
SNQ, ENFF, and USJ basins, respectively. The maximum value of 29% (11–47%), in the SNQ basin is consist-
ent with an in-house study by the USACE that reported 20–24% over the nearby Green River basin using
DHSVM in fully distributed mode (L. Schick, personal communication, USACE, 2015). Within the ENFF basin,
our estimate of 29% (8–37%), includes the reported value of 20% by Riesboll et al. [1965] during the 1955
flood (not within our study period). Finally, our estimated snowmelt magnitudes and percent contributions
within the USJ were much less than other basins, because a small fraction of the basin had snow cover prior
to ROS events. These results suggest that while the volume of snowmelt is not the dominate source of basin
input, it should not be neglected within flood forecasting ensembles.
6.2.2. Timing of Simulated Snowmelt and Rainfall During Example Storm in the SNQ Basin
To elucidate the timing of basin inputs, we examine the 19 January 2005 flood event because it had the maxi-
mum snowmelt contribution (29%) within the SNQ basin. Simulated snowmelt and accumulation (Sim 9.1a) at
all elevation bins are shown in Figure 8a. The dashed black line shows the snowfall level, defined here as the
lowest elevation where 50% rain and 50% snow are falling, as partitioned by air temperature. Simulated rain-
fall inputs (Sim 9.1a) to the basin are shown in Figure 8b. Rainfall (snowfall) occurred above (below) the snow-
fall level because a linear fraction of rain versus snow is assumed between 218C and 38C [USACE, 1956].

This storm follows the classic pattern of a ROS storm [Kattelmann, 1997]. On 17 January, the snowfall level
dropped to 100 m a.s.l., bringing the snow cover extent, defined as the lowest elevation with snow cover,
down to 100 m. From 17 to 18 January, the snowfall level and snow cover extent rapidly increased as the
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storm system advected warmer air from the southwest. The diurnal fluctuation of the snowfall level and the
snow cover extent controlled the elevational range where simulated snowmelt occurred. The observed snow-
pillow SWE response (daily gain or loss) generally agreed with the modeled timing of SWE change throughout
the 16–18 January period. Snowmelt magnitudes for this storm are compared in Figure 5. Point simulations
captured snowmelt at the ALP site well, but overestimate and underestimate snowmelt at OLI and SKU sta-
tions, respectively. The timing of the area and vegetation-weighted basin inputs (Sims 9.1a and 9.2a) over the
SNQ elevation range are shown in Figure 8c. They illustrate that the peak rainfall input (17 January) did not
occur simultaneously with peak snowmelt input (18 January). Despite a moderate snowfall level on the 17
January (�1000 m), basin rainfall input peaked because 80% of the SNQ basin area lies below 1000 m (Figure 2).
6.2.3. Connection of Basin Volumetric Input to Peak Discharge
Although we did not explicitly test if the volume of snowmelt during the 3 day period before a flood con-
trolled the flood peak, it is a prerequisite to test if snowmelt volume is a large fraction of total input before
the impact on peak discharge can be assessed. Our estimated ranges of 11–47%, 8–37%, and 2–24% sug-
gest snowmelt volume matters sometimes. Given the meteorological uncertainties over study basins and
impacts upon simulated snowmelt shown here, we argue that efforts should be focused on improving the
forcing data by adding more observations and/or through the use of regionally vetted numerical weather
prediction models, followed by further point model evaluation, before addressing the question of snowmelt
volume controls on peak discharge during floods. Previous studies using DHSVM have found it can capture
peak flow but only given the correct meteorological forcing [Westrick, 2001; Westrick and Storck, 2002].

7. Conclusions

A physically based snow model coupled with an idealized basin representation was used to quantify the
range of volumetric contributions to basin input from snowmelt during flood events. Maximum snowmelt
basin contributions and uncertainty ranges were estimated as 29% (11–47%), 29% (8–37%), and 7% (2–24%)
for the Snoqualmie Basin, East North Fork Feather, and Upper San Joaquin basins, respectively, during floods.
Rainfall input dominated during all flood events; however, snowmelt should not be neglected, especially dur-
ing events with moderate rainfall totals. Capturing the variations in observed snowmelt between different
ROS events was a challenge given uncertainties within the meteorological forcing data available in complex
terrain. Finally, deconstructing the idealized basin representation revealed that both the hypsometry and

Figure 8. DHSVM simulation (Sim 9.1a) during the January 2005 flood of (a) hourly change in SWE, (b) hourly rainfall, and (c) basin-
averaged input over the SNQ basin with area and vegetation-weighted simulations (Sim 9.1a and 9.2a). Blue (red) triangles pointing up
(down) indicate an observed net increase (decrease) in SWE over the day at the three stations (ALP, OLI, and SKU; note: triangles are plot-
ted at the station elevation at midnight of each day and only indicate the direction of change in SWE over previous 24 h). Dashed and solid
lines in Figures 8a and 8b show elevations of snowfall level (i.e., the atmospheric rain/snow transition) and snow cover extent (on the
ground). In Figure 8a, grey colors show less than 0.1 mm simulated SWE change while white colors indicate no snow present. Vertical red
lines show the time of peak observed stage height.
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forest cover of a basin had a similar, but opposite sign, impact on the basin-wide snowmelt totals. However,
the characteristics of a given storm (antecedent SWE and available energy for melt) controlled the magnitude
of how hypsometry and forest cover impacted basin-wide snowmelt. These results estimate the bounds of his-
torical snowmelt contributions, which will aid reservoir water management to prioritize future flood risk man-
agement efforts and researchers to prioritize areas for observational and model development.

Appendix A: Largest 10 Study Storms Ranked by Rainfall

Largest 10 study storms for each basin ranked by their estimated basin-wide rainfall during each 3 day
storm (Table A1). A complete list of all study storms is provided in supporting information Table S1.

Appendix B: Point Simulation Statistics

Statistics of DHSVM simulated SWE compared to point observations are given in Table B1.

Table A1. Select Study Stormsa

Basin
Storm # Ranked

by Rainfall
Storm
Startb

Storm
Endb

Rain
(mm)

Snowmelt
(mm)

Rain 1

Snowmelt (mm)
Peak Daily Discharge

Observed (m3 s21)
Flood
(Y/N)

SNQ 1 5 Nov 2006 8 Nov 2006 315 7 322 1897 Y
2 6 Feb 1996 9 Feb 1996 233 35 268 1501 Y
3 27 Nov 1995 30 Nov 1995 232 17 249 1543 Y
4 23 Nov 1990 26 Nov 1990 229 17 246 1504 Y
5 19 Oct 2003 22 Oct 2003 206 0 206 708 Y
6 8 Nov 1990 11 Nov 1990 185 13 198 1280 Y
7 13 Nov 2001 16 Nov 2001 184 6 190 629 Y
8 22 Nov 1986 25 Nov 1986 184 8 192 1345 Y
9 3 Dec 1989 6 Dec 1989 171 11 181 923 Y

10 11 Nov 1999 14 Nov 1999 165 3 168 646 Y
ENFF 1 16 Feb 1986 19 Feb 1986 163 25 187 402 Y

2 31 Dec 1996 3 Jan 1997 115 47 162 510 Y
3 11 Jan 1995 14 Jan 1995 53 6 59 208 N
4 22 Dec 2005 25 Dec 2005 43 23 65 78 N
5 12 Nov 2001 15 Nov 2001 23 1 24 3 N
6 30 Jan 1995 2 Feb 1995 19 9 28 50 N
7 27 Dec 1981 30 Dec 1981 15 2 17 50 N
8 16 Dec 2005 19 Dec 2005 15 1 16 30 N
9 15 Feb 1996 18 Feb 1996 14 14 28 40 N

10 1 Feb 1991 4 Feb 1991 14 4 18 2 N
USJ 1 17 Feb 1986 20 Feb 1986 66 1 67 422 Y

2 30 Dec 1996 2 Jan 1997 60 5 65 222 Y
3 15 Feb 1982 18 Feb 1982 47 5 52 5 N
4 16 Jan 2000 19 Jan 2000 45 1 45 3 N
5 12 Jan 1995 15 Jan 1995 29 1 31 3 N
6 14 Jan 1996 17 Jan 1996 28 3 31 2 N
7 4 Jan 1986 7 Jan 1986 26 1 27 2 N
8 12 Feb 2003 15 Feb 2003 23 1 24 3 N
9 16 Jan 1999 19 Jan 1999 16 3 19 7 N

10 18 Nov 1996 21 Nov 1996 15 3 18 3 N

aOnly the largest 10 storms shown here. Complete list of all storm used in this study are provided in supporting information Table S1.
bStorm Start and End dates refer to the 3 day (72 h) period used for analysis of basin inputs.

Table B1. Statistics of SWE From Point Simulations

Seasonal (October–September) ROS Event (72 h)

Simulation
(Sim)
Identifier Site # Years R2

Mean
Peak

Bias (mm)

Mean
Peak

Bias (%)
#

Storms R2
Melt

RMSE (mm)

Mean
Observed
Melt (mm)

Max
Observed
Melt (mm)

RMSE
Normalized by Mean

Observed Melt (%)

RMSE
Normalized by Max of

Observed Melt (%)

1 CDP 10 0.9 243 212 12 0.4 8 19 35 40 21
2 UNF 2 0.62 272 225 8 0.9 17 21 63 80 27
3 ALP 15 0.6 2471 234 56 0.3 26 26 102 98 25
4 OLI 27 0.9 175 12 56 0.4 19 14 99 137 19
5 SKU 15 0.69 234 24 56 0.4 24 20 124 117 19
6 ALP 15 0.67 2646 247 56 0.2 28 26 102 106 27
7 OLI 27 0.85 341 24 56 0.3 21 14 99 152 21
8 SKU 15 0.78 234 28 56 0.2 28 20 124 137 22
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Appendix C: Sensitivity of Simulated Basin Snowmelt to Meteorological Forcing
Uncertainty

Uncertainties in the default basin simulations due to the meteorological forcing data were quantified
through a sensitivity analysis described in section 4.2.3. Table C1 provides statistics on the impacts of each
forcing perturbation on simulated basin-wide snowmelt and rainfall.

Table C1. Statistics of DHSVM Basin Snowmelt and Rainfall During Study Events When Flooding Was Observed

Basin
(Number
of Events) Perturbationa

Mean
Snowmelt

(mm)

Max
Snowmelt

(mm)

Std
Snowmelt

(mm)
Mean

Snowmelt (%)

Maxb

Snowmelt
(%)

Mean
Rainfall
(mm)

Maxb

Rainfall
(mm)

SNQ (N549 events) Default 13 35 8 10 29 130 315
T, 23.38C 12 37 7 14 37 87 299
T, 20.88C 13 34 8 11 32 120 315
T, 10.88C 12 37 9 9 26 138 315
T, 13.38C 10 41 9 7 23 155 315
P, 219% 11 30 8 10 32 105 255
P, 119% 14 39 9 9 27 154 375
RH, 225% 12 34 7 9 27 130 315
RH, 125% 14 36 9 10 30 130 315
SW, 220% 12 34 8 10 29 130 315
SW, 120% 13 36 9 10 29 130 315
LW, 225 W m22 13 36 8 10 28 130 315
LW, 125 W m22 12 35 9 10 30 130 315
W, 23 m s21 11 31 7 9 21 130 315
W, 21.5 m s21 12 33 7 9 25 130 315
W, 11.5 m s21 13 37 9 10 32 130 315
W, 13 m s21 14 42 10 11 35 130 315

ENFF (N52 events) Default 36 47 16 21 29 139 163
T, 23.38C 12 19 10 12 18 78 84
T, 20.88C 33 44 16 21 29 126 142
T, 10.88C 32 46 19 19 28 150 181
T, 13.38C 9 17 11 7 12 166 210
P, 219% 31 43 17 22 32 112 132
P, 119% 39 50 16 20 27 165 194
RH, 225% 30 39 14 18 26 139 163
RH, 125% 38 51 17 22 31 139 163
SW, 220% 35 46 15 21 29 139 163
SW, 120% 35 47 18 21 29 139 163
LW, 225 W m22 35 43 12 21 27 139 163
LW, 125 W m22 33 49 23 20 30 139 163
W, 23 m s21 27 33 9 17 22 139 163
W, 21.5 m s21 34 41 11 20 26 139 163
W, 11.5 m s21 36 52 22 21 31 139 163
W, 13 m s21 38 53 22 22 32 139 163

USJ (N 5 2 events) Default 3 5 3 5 7 63 66
T, 23.38C 3 4 2 7 11 39 42
T, 20.88C 3 5 3 5 9 56 58
T, 10.88C 3 4 2 4 6 70 74
T, 13.38C 4 6 4 4 7 96 110
P, 219% 2 4 2 5 7 51 53
P, 119% 3 6 3 4 7 75 78
RH, 225% 3 5 3 4 8 63 66
RH, 125% 3 4 2 4 7 63 66
SW, 220% 3 5 3 4 7 63 66
SW, 120% 3 5 2 5 7 63 66
LW, 225 W m22 3 5 3 4 7 63 66
LW, 125 W m22 3 5 2 5 7 63 66
W, 23 m s21 3 4 2 4 7 63 66
W, 21.5 m s21 3 4 2 4 7 63 66
W, 11.5 m s21 3 5 2 5 7 63 66
W, 13 m s21 3 5 3 5 8 63 66

aVariable abbreviations defined in Table 1. Selection of meteorological uncertainty values described in section 4.2.3.
bNote that maximum values of snowmelt and rainfall may not refer to the same storm.
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