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Abstract Snowmelt‐driven floods result in large societal and economic impacts on local communities
including infrastructure failures in the United States. However, the current U.S. government standard
design precipitation maps are based on liquid precipitation data (e.g., National Oceanic and Atmospheric
Administration's Precipitation‐Frequency Atlas 14; NOAA Atlas 14) with very limited guidance on
snowmelt‐driven floods. In this study, we developed 25‐ and 100‐year return level designmaps of snowwater
equivalent (SWE) and 1‐ and 7‐day snowmelt including precipitation events (e.g., rain‐on‐snow) using
long‐term observation‐based gridded SWE developed by University of Arizona (UA) incorporating the
national snow model product (SNOw Data Assimilation System; SNODAS) over the contiguous United
States (CONUS). For the 44 U.S. states where the NOAA Atlas 14 maps are available, the design snowmelt
values from this study exceed the standard design values in 23% of the total extent. The snowmelt values
exceed the NOAA Atlas 14 design precipitation by up to 171 and 254 mm in the northeastern United States;
127 and 225 mm in the north central United States; and 191 and 425 mm in the western mountain
United States for the 25‐ and 100‐year return levels, respectively. A comparison of 7‐day design snowmelt
between with and without precipitation shows that including precipitation results in an average increase of
42 and 68 mm for 25‐ and 100‐year return levels, respectively, over snowmelt that do not include
precipitation. The design snowmelt maps from this study complement the NOAA Atlas 14 design
precipitation and provide additional guidance on infrastructure design for snowmelt‐driven floods in
the CONUS.

Plain Language Summary Snow meltwater is a dominant driver of severe spring flooding in the
north central and northeastern United States. Recent snowmelt floods, including rain‐on‐snow events,
have resulted in large societal and economic impacts on local communities including infrastructure
failures. The current U.S. government standard design precipitation maps are based on liquid precipitation
data (e.g., NOAA Atlas 14 Volumes) with very limited guidance on snowmelt‐driven floods. We
developed 25‐ and 100‐year return level design snow water equivalent (SWE) and snowmelt maps using the
long‐term observation‐based gridded SWE incorporating the national snow model product over the
contiguous United States. The design snowmelt values from this study exceed the Atlas 14 standard
design values in 23% of the 44 U.S. states. In snow‐dominant regions, the magnitudes of design snowmelt are
much higher than the Atlas 14 design with precipitation increasing up to 191 and 425 mm for 25‐ and
100‐year return levels, respectively. Results provide guidance in identifying areas and infrastructure
vulnerable to snowmelt‐driven floods.

1. Introduction

Snow and snowmelt driven extreme events can have large societal and economic consequences. Extreme
snow can damage infrastructure and buildings (American National Standards Institute, 1972; American
Society of Civil Engineers, 2017; Sack, 2015). Heavy snow loads on roofs can cause structural failures
(Bean et al., 2019; Geis et al., 2012). From 1989 to 2009, 1,029 snow‐induced building collapse incidents in
the U.S. caused 19 fatalities and 146 injuries with each incident costing up to $200 million (Geis et al.,
2012). In many parts of the U.S., snow meltwater is a dominant driver of severe spring flooding (Berghuijs
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et al., 2016; Li et al., 2019). For example, Oroville dam's crisis in February 2017 in California was exacerbated
by rapid snowmelt with a rain‐on‐snow (ROS) event (Henn et al., 2020; Musselman et al., 2018). Snowmelt
floods routinely impact the north central and northeastern U.S. (Stadnyk et al., 2016; Tuttle et al., 2017;
Wazney & Clark, 2015). The Red River of the North Basin's (RRB) 1997 snowmelt flood caused more than
$5 billion of damage in Fargo and Grand Forks, North Dakota and other communities (Todhunter, 2001).

Civil engineers and water resources managers rely on historical precipitation data when making hydrologic
estimates of design floods to size infrastructures (e.g., water management facilities, bridges, and other
hydraulic control structures). The ability of infrastructure to withstand environmental stressors depends
on the quality of input data. The National Oceanic and Atmospheric Administration's National Weather
Service Precipitation‐Frequency Atlas 14 (NOAA Atlas 14) series are the U.S. government standard to use
in designing infrastructure with adequate capacity for flood events.

A large portion of peak flow events in snow‐dominated regions of the United States is caused by snowmelt
and ROS events (Berghuijs et al., 2016; Villarini, 2016). Berghuijs et al. (2016) explored the dominant flood‐
generating processes across the continental United States and found that snowmelt and ROS events were
robust predictors of the flooding response compared to rainfall event only over the western, north central,
and northeastern United States. Villarini (2016) regionalized flood‐generating mechanisms across the
continental United States based on the seasonality of flooding using 7,506 USGS stream gauge stations.
They found that snowmelt is a major mechanism of flood generating in the Northern Great Plains and north-
eastern United States. However, NOAA Atlas 14 guidance does not typically consider snow accumulation
and melt events (Berghuijs et al., 2016; Bonnin et al., 2006). In a recent NOAA Atlas 14 document
(Volume 10 Version 3.0), the authors attempted to subtract snowfall from the precipitation in order to cal-
culate frequency estimates based on rainfall (i.e., liquid‐only precipitation) only. From their limited analysis
of three sites in the northeastern United States, Perica et al. (2015, revised 2019) concluded that differences
between design estimates using rainfall only versus all precipitation estimates were inconsequential and
thus no liquid‐only precipitation frequency analysis was conducted.

In the western United States, recent studies showed that the magnitude of snowmelt frequently exceeded the
standard NOAA guidance design values (Fassnacht & Records, 2015; Harpold & Kohler, 2017; Yan, Sun,
Wigmosta, Leung, et al., 2019; Yan, Sun, Wigmosta, & Skaggs, 2019). Harpold and Kohler (2017) found that
only 21% of mountain locations had a 100‐year return level, 24‐hr intensity caused by rainfall during the
snow‐free period, indicating the remainder result from snowmelt and ROS events. The magnitude of snow-
melt exceeded the standard NOAA precipitation design values at 78 of the 379 Snowpack Telemetry
(SNOTEL) stations (21%). Across the southern Rocky Mountains, the 24‐hr snowmelt intensity exceeded
the 24‐hr rainfall intensity by 53% and 38% for 10‐ and 100‐year events, respectively (Fassnacht &
Records, 2015). Yan et al. (2018) stated that snowmelt and ROS events exceeded precipitation at 127 and
142 out of the 376 Snowpack Telemetry (SNOTEL) stations for 10 and 100 years, 24‐hr events, and proposed
the next‐generation intensity‐duration‐frequency (NG‐IDF) curves incorporating snowmelt and ROS events
to overcome the deficiency of precipitation‐based IDF curves. Yan, Sun, Wigmosta, Leung, et al. (2019) and
Yan, Sun, Wigmosta, & Skaggs (2019) evaluated the performance of the NG‐IDF curves using a physical‐
based hydrological model. They showed a reduction of the averaged error for the 50‐year flood with the
use of NG‐IDF curves (12%) as compared to the use of precipitation‐based IDF curves (31%). They stated that
~70% of the SNOTEL stations have the potential for underdesigned flood estimates across the western
United States (Yan, Sun, Wigmosta, & Skaggs, 2019).

To accurately estimate the magnitude of snowmelt events regions of the CONUS with a seasonal snowpack,
a reliable, spatially distributed SWE record is required. Spatially distributed SWE products have been devel-
oped using assimilation techniques by ingesting in situ snow station networks and remotely sensed snow
products over the CONUS (Barrett, 2003; Broxton, Dawson, & Zeng, 2016; Carroll et al., 2006; Takala et
al., 2011). The SNOw Data Assimilation System (SNODAS) operated by the National Weather Service
(NWS) National Operational Hydrologic Remote Sensing Center (NOHRSC) provides a near‐real‐time
30 arc‐second grid (about 1 km2) of spatially distributed SWE throughout the continental United States
[CONUS] (Barrett, 2003). The SNODAS data provide the only real‐time spatially distributed estimate of
snowpack conditions across the CONUS and are used operationally by hydrologists and flood forecasters
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in regional NOAA river forecast centers. Unfortunately, the SNODAS SWE data record, September 2003 to
current (16 winters), is too short to be used to estimate extreme snowmelt events.

Recently, the University of Arizona (UA) released a long‐term gridded (4 km) daily SWE data set (hereafter
UA SWE) over the CONUS for the period October 1981 to May 2017 through the NASA National Snow and
Ice Data Center (Broxton, Zeng, &Dawson, 2016). UA SWEwas produced by assimilating the Parameter‐ele-
vation Regressions on Independent Slopes Model (PRISM) daily precipitation and temperature data devel-
oped by the PRISM Climate Group at Oregon State University (Daly et al., 2008), SWE and snow depth
data from the SNOTEL network (Serreze et al., 1999), and SWE and snow depth data from the NWS
Cooperative Observer Program (COOP) network. Broxton et al. (2016) found that UA SWE has similar spa-
tial and temporal variability as SNODAS SWE, while the reanalysis and GLDAS products substantially
underestimate SWE compared to the two SWE products. Dawson et al. (2018) showed that UA SWE had a
strong agreement with Airborne Snow Observatory (ASO) SWE products over the Toulumne basin in
California. Cho et al. (2019) demonstrated that the UA SWE had the best agreement with historical airborne
gamma radiation SWE observations (N= 20,738 observations from 1982 to 2017) as compared to GlobSnow‐
2 and microwave satellite SWE, regardless of snow classification and land cover type.

The availability of the complementary and well‐vetted SNODAS and UA SWE products provides a unique
opportunity to inform the engineering design of structures and facilities that must withstand snow loads
or snowmelt runoff. Here we seek to draw from the strengths of these two SWE products, UA SWE and
SNODAS SWE, to develop design values for SWE and snowmelt over the CONUS that are needed to support
a range of engineering design needs. This is achieved by, first, analyzing the systematic differences (i.e., bias)
in extreme SWE and snowmelt between UA and SNODAS data sets; second, bias correcting and detrending
UA SWE using the SNODAS data via empirical cumulative distribution function (ECDF)method (McGinnis
et al., 2015) and traditional detrending techniques (Sen, 1968); and finally, conducting an extreme value fre-
quency analysis in which historical annual maximum is used to fit the generalized extreme value (GEV)
probability distribution (Bonnin et al., 2006; Cheng & AghaKouchak, 2014; Perica et al., 2013, 2015) and
the fitted distribution is used to map annual maximum SWE and snowmelt for various return periods.

The subsequent sections are organized as follows. Section 2 explains the SNODAS and UA SWE data sets.
Section 3 describes the methodologies including identification of the annual maximum 1‐ and 7‐day snow-
melt events, bias correcting and detrending, and application of the extreme value methods. Section 4 com-
pares the annual maximum SWE and snowmelt from UA and SNODAS products, identifies annual
maximum SWE and snowmelt trends, presents the 25‐ and 100‐year design SWE and snowmelt maps, and
compares these maps to the current NOAA Atlas 14 maps. Section 5 discusses results in light of previous
work and presents potential limitations in the approach. Conclusion and future perspectives appear in
section 6.

2. Data
2.1. SNODAS SWE and Precipitation

In this study, SNODAS products are used as the benchmark. SNODAS products are well vetted by previous
research throughout the United States (Broxton, Zeng, & Dawson, 2016; Schroeder et al., 2019; Vuyovich
et al., 2014) and have been used operationally by hydrologists and flood forecasters in the regional river
forecast centers for the entire United States (Carroll et al., 2006). NOAA's SNODAS integrates model
results with ground observations, airborne gamma SWE, and satellite snow cover estimates, to generate
the best 1 km gridded estimate of the snow characteristics that minimize errors associated with any
individual method (Carroll et al., 2006). The three main procedures in the SNODAS ingest and downscale
numerical weather prediction (NWP) output, simulate the snowpack using a physically based energy and
mass balance model, and assimilate independent satellite, airborne, and ground‐based observations of
snow cover area (SCA) and SWE to adjust model results. Forcing data comes from the Rapid Update Cycle
2 (RUC2) NWP output generated by the National Centers for Environmental Prediction (NCEP) and are
downscaled using a digital elevation model. The snow model is energy and mass balance, multilayer
model and consists of three snow layers and two soil layers (Barrett, 2003). For the assimilation procedure,
snow observations include ground station‐based SWE and airborne gamma radiation SWE as well as
satellite‐based SCA information.
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SNODAS V1 data are freely available from the NASA National Snow and Ice Data Center from 1 October
2003 to the present (https://nsidc.org/data/g02158). In this study, the original, daily SNODAS SWE and solid
and liquid precipitation data (1 km × 1 km spatial grid) were used from 1 October 2003 to 31 May 2017
(14 water years). The original SNODAS data were aggregated to 4‐km grid by using the average function
and then resampled to match the grid location of the upscaled SNODAS to that of UA data (4 km × 4 km
spatial grid) using the nearest neighbor method. The errors introduced by the nearest neighbor method were
minimal as compared to other resampling options (e.g., bilinear interpolation).

2.2. UA SWE

The observation‐based 4 km UA SWE combines station‐based SWE and snow depth observations with a
background modeled SWE using an empirical temperature index snow model over the CONUS (Broxton
et al., 2019; Broxton, Dawson, & Zeng, 2016). The station‐based SWE and snow depth observations are from
the Snowpack Telemetry (SNOTEL) network and the National Weather Service Cooperative Observer
Program (COOP) network, respectively. The backgroundmodeled SWEwas generated using the PRISM pre-
cipitation and temperature data as forcing data into an empirical temperature index snow model (Broxton,
Dawson, & Zeng, 2016). The quality of the UA SWE data was evaluated with the current reanalysis and the
Global Land Data Assimilation System (GLDAS)‐based land surface model products (Broxton, Zeng, &
Dawson, 2016). A summary of recent updates in the UA product with trend/driver analysis of the data
was provided in Zeng et al. (2018). The UA SWE data (Version 1) was recently released and freely available
at NASA National Snow and Ice Data Center from 1 October 1981 to 30 September 2017 (https://nsidc.org/
data/nsidc-0719). In this study, daily 4 km gridded UA SWE values were used from October 1981 to May
2017 (36 water years). To calculate UA annual maximum snowmelt with precipitation (e.g., ROS events),
the daily 4 km gridded PRISM precipitation values were used for the same period. The daily PRISM data
were obtained using the “get_prism_dailys” function in the “prism” R package (https://github.com/ropen-
sci/prism).

2.3. NOAA Atlas 14 Precipitation Frequency Estimates

The NOAA Atlas 14 includes design precipitation estimates for selected durations and frequencies as well as
the lower and upper bounds of the 90% confidence interval for the United States. Atlas 14 also contains sup-
porting information on methodologies and results of trend and seasonal analyses. The Atlas 14 precipitation
frequency estimates are determined from long‐term precipitation records from a regional network of rainfall
gauges (Bonnin et al., 2006; Perica et al., 2013, 2015). In this study, the recent Atlas 14 precipitation frequency
CONUSmaps are compared to this study's design snowmelt maps, except for northwesternUnited States and
Ohio River Basin. The NOAA Atlas 14 maps are not available over the northwestern U.S. region. While
Atlas14 Volume 2 provides design precipitation values for the Ohio River Basin and surrounding states,
the annual maximum series for that region are not available. The Atlas 14 precipitation spatial maps at a
1 km spatial grid are available from the Hydrometeorological Design Studies Center (HDSC) within the
Office of Water Prediction (OWP) of the NOAA's National Weather Service (NWS) (https://hdsc.nws.noaa.
gov/hdsc/pfds/pfds_gis.html). The 1 km Atlas 14 maps were aggregated/resampled to spatially match the
UA SWE data (4 km × 4 km spatial grid) using the nearest neighbor method.

3. Methodology
3.1. Annual Maximum SWE and Snowmelt

All available gridded, daily time series of UA and SNODAS SWE with PRISM and SNODAS precipitation
data were used to obtain the annual maximum SWE and snowmelt values for 36 and 14 water years, respec-
tively. Annual maximum SWE values are the 1‐day maximum value determined for each pixel using the 1
October to 30 May SWE daily time series. For snowmelt, 1‐ and 7‐day design snowmelt including precipita-
tion were calculated. The 1‐day (24‐hr) duration is a typical storm duration for hydrologic design manuals
(Yan et al., 2018; Yan, Sun, Wigmosta, Leung, et al., 2019; Yan, Sun, Wigmosta, & Skaggs, 2019).
Infrastructure with a large amount of available storage (e.g., dams) may not be impacted by a short‐duration
event, and a longer‐duration event should be considered in design (Federal Emergency Management
Agency, 2012). Ivancic and Shaw (2015) found 5 days or longer lag times between streamflow and snowmelt
response across the U.S. snow‐dominant watersheds. Davenport et al. (2020) used a streamflow response to
precipitation events as 8‐day window across the western United States. Therefore, the 7‐day duration is used
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on design snowmelt in this study. Complete 7‐day snowmelt results are presented in the body of the paper,
and additional 1‐day snowmelt results are included in the supporting information.

For example, annual maximum 7‐day snowmelt including precipitation (Meltmax, 7d) for each pixel is defined
as

Meltmax; 7 ¼ max PRECi þ 1 to i þ 7 − SWEi − SWEi þ 7ð Þ½ � when SWEi − SWEi þ 7 > 0 (1)

where i is a date from 1 October to 31 May for each water year, and SWEi and SWEi + 7 is daily SWE (mm)
at dates, i and i + 7, respectively. PRECi + 1 to i + 7 is accumulated precipitation (mm) between i and i + 7
dates. To consider snow‐driven events only, the annual maximum snowmelt value is selected when
SWEi − SWEi + 7 (ΔSWE) at i date is positive only (e.g., snow ablation). This equation is based on the mass
balance of snowpack, Melt (output) = Precipitation (input) – ΔSWE (storage change). In this study, “snow-
melt” includes the actual amount of water available for runoff from melting snow and precipitation for the
runoff process (Yan et al., 2018).

The study period is divided into two periods: the period where both UA and SNODAS data are available
(14 years; WY2004–WY2017) and the period during which only UA SWE is available (22 years;
WY1982–WY2003). The annual maximum snowmelt data for the 14 years with concurrent data were used
to determine a statistical relationship between UA and SNODAS. All pixels having extremely low mean
annual maximum SWE (<2.54 mm) for either UA and SNODAS products (e.g., south of Arizona and
Texas and Louisiana) are excluded from this work because 0.54 mm or 0.1 inch of SWE is the minimum
measurement uncertainty from stations (Musselman et al., 2017).

3.2. ECDF

The SNODAS SWE is widely considered to be the most reliable gridded SWE product over the CONUS
(Barrett, 2003; Broxton, Zeng, & Dawson, 2016). The ECDF method was applied to bias correct the UA
annual maximum SWE and snowmelt data using SNODAS annual maximum SWE and snowmelt. The
ECDF is widely used in climate modeling to correct systematic model bias based on observation data
(McGinnis et al., 2015). In this study, CDFs of the UA annual maximum SWE and snowmelt values,
CDFUA14 , for the period where both UA and SNODAS data are available (14 years; WY2004–WY2017) are
used to determine probabilities associated with the UA annual maximum SWE or snowmelt values. The bias
correction technique transforms these probabilities back into snowmelt values using the inverse CDF of the

SNODAS distribution developed for the 14 years, CDF−1
SNODAS14 , as follows:

ECDF¯MeltUAi ¼ CDF−1
SNODAS14 CDFUA14 MeltUAið Þð Þ; if MeltUAi ≤ max MeltUA14ð Þ (2)

where ECDF¯MeltUAi and MeltUAi are given as the ECDF transformed annual maximum snowmelt event
and the original annual maximum snowmelt at year i, respectively, and max MeltUA14ð Þ is the maximum
snowmelt in the overlapping 14 years.

If a UA value at year i, MeltUAi , exceeded the maximum UA of the 14 years, max MeltUA14ð Þ, a difference
between the UA value and the maximumUAmultiplied by a ratio of the standard deviation of the UA snow-
melt, std MeltUA14ð Þ, to that of SNODAS snowmelt, std MeltSNODAS14ð Þ, was added in the maximum SNODAS
values of the 14‐year periods, max MeltSNODAS14ð Þ, as follows:
ECDF¯MeltUA; i ¼ max MeltSNODAS14ð Þ

þ MeltUA; i −max MeltUA14ð Þ� �std MeltSNODAS14ð Þ
std MeltUA14ð Þ ; if MeltUAi > max MeltUA14ð Þ

(3)

3.3. Trend Identification and Detrend Method

Because stationarity is an underlying assumption of most frequency analyses that develop estimates of
extreme values (Khaliq et al., 2006), a trend analysis was conducted for each pixel's time series and time ser-
ies having significant trends were detrended. The nonparametric Mann‐Kendall test was used to identify sta-
tistically significant trends (5% confidence level) in the historical annual maximum SWE and snowmelt
values (Kendall, 1938; Mann, 1945). If a significant trend in an annual maximum time series was found
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for a given pixel, each value in the time series was detrended using Sen's slope of the trend maintaining the
time series' average (Fassnacht & Records, 2015; Sen, 1968; Yan et al., 2018) before fitting the extreme value
distribution.

3.4. GEV Distribution

In this study, SWE and snowmelt magnitude‐frequency estimates at individual grid cells are computed using
the GEV‐based frequency analysis approach based on L moment statistics (Hosking et al., 1985). The GEV
distribution is fitted using the annual maximum series of SWE and 7‐day snowmelt and then used to esti-
mate the 25‐ and 100‐year return period SWE and 7‐day snowmelt design values. The GEV distribution
incorporates three types of extreme value distributions, Gumbel, Fréchet, and Weibull distributions. The
cumulative distribution function of the GEV can be written as

F xð Þ ¼ exp − 1 −
κ x − ξð Þ

α

� �1
κ

( )
for κ ≠ 0 (4)

where the location parameter (ξ) represents the center of the GEV distribution, the scale parameter (α)
specifies the deviation around ξ, and the shape parameter (κ) determines the tail behavior of the distribu-
tion. The Gumbel distribution is obtained when κ = 0. For κ > 0, the GEV corresponds to the Fréchet dis-
tribution. For κ < 0, the GEV leads to the Weibull distribution which has a thicker right‐hand tail. The
parameters of the GEV distribution are

κ ¼ 7:8590cþ 2:9554c2; c ¼ 2λ2
λ3 þ 3λ2

−
ln 2ð Þ
ln 3ð Þ (5)

α ¼ κλ2
Γ 1þ κð Þ 1 − 2−κð Þ (6)

ξ ¼ λ1 þ α
κ

Γ 1þ κð Þ − 1½ � (7)

where λ1,λ2, and λ3 are the first, second, and third L moments, respectively, and Γ() is the gamma function
(Hosking et al., 1985; Stedinger et al., 1993). L moments provide an alternative approach of describing
the shape of probability distributions to conventional moments or maximum likelihood approach
(Hosking, 1990). Because sample estimators of L moments are linear combinations of ranked data, the
L moments are less susceptible to outliers than conventional moments (Vogel & Fennessey, 1993). They
are also well suited for analyzing the data with significant skewness.

For pixels having some years with zero values, the zero values were considered to be NA values (so called
“censored data”) and a conditional probability model was employed. In this case, only the positive, nonzero
values were included in the L moments calculations used to fit the GEV distribution G(x). An additional
parameter (Po) was included to describe the probability that the SWE is zero. For pixels with the censored
data, the nonexceedance probability of the GEV distribution was adjusted by a portion of the censored data
(Stedinger et al., 1993) such that the unconditional cumulative distribution function F(x) for any value of
SWE greater than zero is given as

F xð Þ ¼ P0 þ 1 − P0ð Þ · G xð Þ (8)

For example, if there were zero values in 9 years out of 36 years, the nonexceedance probability, G(x), was
multiplied by a portion of the censored data (P0 = 9/36 = 0.25, 1 − P0 = 0.75 in this case) and then added
to P0. If nonexceedance probabilities for 25‐ and 100‐year return levels are 0.96 and 0.99, then the uncon-
ditional nonexceedance probabilities, F(x), are 0.97 and 0.9925. If 50% or more of a pixel's data set was zero
values, then the pixel was excluded from this study.

The goodness‐of‐fit of the GEV model was examined by the probability plot correlation coefficient (PPCC)
test using R package. The PPCC test, developed by Filliben (1975) and Looney and Gulledge (1985), is
defined as the product moment correlation coefficient between the ordered data and the order statistic med-
ians. If the data are drawn from the hypothesized GEV distribution, the correlation coefficient will be near to
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one and the plot is expected to be nearly linear (Chowdhury et al., 1991). In this study, the annual maximum
SWE and 1‐ and 7‐day snowmelt time series data excluding the censored data were tested for each pixel.
When a pixel's time series was not rejected as being from the GEV distribution based on the PPCC test with
0.05 significant level, the pixel was used for developing GEV distribution and extreme values with 25‐ and
100‐year return levels. If the GEV distribution was rejected, the extreme SWE and snowmelt values were
excluded in this analysis.

4. Results
4.1. Comparison of Annual Maximum SWE and Snowmelt Between UA and SNODAS

Before developing the design extreme values, the UA‐based annual maximum SWE and snowmelt were
compared to that of SNODAS for the overlapping period of record (October 2003 to May 2017). Figure 1
shows maps of the mean annual maximum SWE and snowmelt produced from the UA and SNODAS
SWEwith precipitation data. To support this figure, Table 1 provides statistics of themean annual maximum
SWE and snowmelt by state (spatial mean, standard deviation, and 99% quantiles). The two UA annual max-
imum products show similar spatial patterns over the CONUS with the SNODAS products. The difference
maps reveal that SNODAS annual maximum SWE is generally somewhat higher than the UA annual max-
imum SWE values in the north‐central United States and nonmountain western United States. However, in
the Great Lakes and northeastern regions, UA annual maximum SWE occasionally exceed SNODAS annual
maximum SWE.

In the western United States, both annual maximum SWE data sets have high mean values and large stan-
dard deviations due to the spatially heterogeneous regions. Based on the SWE difference map (Figure 1e),
differences are mixed especially in the mountainous areas. For example, state‐mean values of UA are 189,
206, and 111 mm, and SNODAS, 202, 213, and 121 mm (standard deviations: 321, 211, and 176 mm for
UA and 322, 220, and 179 mm for SNODAS) in Washington, Idaho, and Wyoming, respectively (Table 1).
The 99% quantile values, characterizing deep SWE in those states' mountain areas, are 1,439, 886, and
797mm fromUA and 1,363, 943, and 753mm from SNODAS.While the state‐mean values of UA are slightly
lower than the values of SNODAS, the 99% quantile UA values are higher than the SNODAS values in most
western U.S. states (e.g., Washington, Wyoming, Montana, Colorado, and Utah).

In the northeastern regions, UA annual maximum SWE is much higher than that from SNODAS with UA's
state‐mean SWE values of 203, 167, and 166 mm as compared to SNODAS values of 177, 132, and 131 mm,
for Maine, New Hampshire, and Vermont, respectively. Not surprisingly, the standard deviations in the
northeast are much lower than the western regions with UA and SNODAS having similar variability (UA:
46, 61, and 53 mm and SNODAS: 57, 49, and 44 mm). The SNODAS 99% quantile values, 289, 268, and
235 mm, are similar to the state‐mean values indicating that there is relatively little spatial variation in
the eastern United States.

In the north‐central United States, the annual maximum SWE from both products is relatively low com-
pared to the other regions. The state‐mean values of SNODAS range from 49 to 89 mmwith the 99% quantile
values from 84 to 228 mm, while UA state‐mean values range from 37 to 99 mm and 99% quantile values
range from 71 to 219 mm. The SNODAS annual maximum SWE is generally higher than UA product in
these regions (e.g., Northern Great Plains).

The annual maximum 7‐day snowmelt spatial patterns are similar to the annual maximum SWE patterns
where the largest snowmelt events occur in the western mountainous regions, followed by northeastern,
then Great Lakes region. SNODAS annual maximum snowmelt values are generally higher than UA values
in the nonmountainous areas over the CONUS. UA snowmelt is much higher than SNODAS in the western
mountainous areas where the differences between UA and SNODAS snowmelt values reach up to 300 mm.

At a state level, the northeastern states have the largest state‐mean snowmelt (e.g., UA: 127, 120, and
113 mm; SNODAS: 137, 114, and 108 mm for Maine, New Hampshire, and Vermont, respectively). In the
north central United States, the state‐mean SNODAS snowmelt values, 72, 64, and 54 mm, are consistently
larger than the UA snowmelt values, 61, 44, and 36 mm for Minnesota, North Dakota, and South Dakota,
respectively. The 99% quantile values have similar differences between two products to the state‐mean snow-
melt values in the regions (7, 22, and 20 mm for the states, respectively). In the western United States, the
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average values by the state are similar but the extremes differ. While the state‐mean values of UA snowmelt,
103, 118, and 57 mm, are slightly larger than SNODAS, 99, 100, and 58 mm, for Idaho, Washington, and
Wyoming, the 99% quantile values are UA snowmelt values are consistently much larger than SNODAS
values (UA: 274, 368, and 216 mm; SNODAS: 226, 279, and 168 mm, respectively). For readers who may
be interested in additional maps, similar maps of the standard deviation andmaximum values for the annual
maximum SWE and the 7‐day snowmelt are provided in the supporting information (Figures 2 and S1).

Figure 1. Mean annual maximum SWE and 7‐day snowmelt maps from (a, b) UA and (c, d) SNODAS products, and (e, f) mean difference (SNODAS minus UA)
maps in the SWE and 7‐day snowmelt for the 14 years from October 2003 to May 2017.
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Figure 2's agreement statistics (R value) of annual maximum SWE and snowmelt between the two data pro-
ducts reflect the consistency between the products' low and high snow and snowmelt years from 2004 to
2017. For the annual maximum SWE, the spatial R valuemap typically shows strong agreement. In the north
central and northeastern United States, the correlation is relatively high (>0.8) compared to the other
regions. There is less agreement over parts of Montana, Wyoming, Nebraska, and Kansas, as well as the

Table 1
Summary of the Mean Annual Maximum SWE and 7‐Day Snowmelt From UA and SNODAS Products From 2003 to 2017 by U.S. States

State

UA annual maximum SWE
(mm)

SNODAS annual maximum
SWE (mm)

UA annual maximum 7‐day
snowmelt (mm/7‐day)

SNODAS annual maximum 7‐day
snowmelt (mm/7‐day)

Mean Std 99% Mean Std 99% Mean Std 99% Mean Std 99%

Idaho 206 211 886 213 220 943 103 68 274 99 49 226
Maine 203 46 337 177 57 289 127 15 190 137 20 175
Washington 189 321 1,439 202 322 1,363 118 92 368 100 64 279
New Hampshire 167 61 345 132 49 268 120 26 200 114 20 169
Vermont 166 53 312 131 44 235 113 29 195 108 22 159
New York 115 53 280 93 39 216 95 24 168 97 23 162
Wyoming 111 176 797 121 179 753 57 52 216 58 37 168
Colorado 111 160 722 107 137 592 59 54 229 67 45 203
Montana 106 184 929 118 175 855 55 61 267 63 42 205
Oregon 99 175 918 93 141 722 82 17 125 83 23 142
Michigan 99 43 219 89 48 228 87 68 302 77 42 201
Massachusetts 97 31 178 78 23 153 105 14 146 97 14 126
Utah 83 111 532 89 119 559 53 44 203 56 39 181
Wisconsin 80 20 137 74 22 140 70 10 99 73 16 113
Minnesota 73 21 162 83 26 176 61 11 106 72 13 113
Connecticut 71 20 139 68 9 99 97 9 123 94 12 121
California 67 175 894 67 172 861 86 78 314 67 63 239
Rhode Island 64 13 84 61 10 75 99 9 115 88 8 100
Pennsylvania 63 21 114 55 13 88 75 13 110 74 13 110
North Dakota 52 12 74 70 12 94 44 9 59 64 8 81
New Jersey 47 17 96 43 13 69 77 14 110 66 11 95
Iowa 46 11 70 45 11 71 50 9 70 53 6 68
Nevada 43 55 277 43 52 250 35 26 142 40 22 121
West Virginia 41 27 142 40 18 99 69 15 123 69 15 117
South Dakota 37 12 71 49 14 84 36 7 61 54 9 81
Maryland 36 20 118 40 15 96 56 12 102 56 12 106
Ohio 34 11 75 38 7 68 68 7 86 70 6 84
Indiana 32 10 60 35 5 49 75 9 93 69 9 86
Illinois 31 13 61 32 6 51 59 9 83 55 6 70
Nebraska 26 5 39 33 5 44 47 2 50 55 1 57
Delaware 25 6 43 30 5 41 31 5 41 42 6 53
Virginia 24 9 57 29 8 48 53 4 62 51 3 57
New Mexico 22 4 34 28 3 34 48 11 79 48 8 72
Missouri 22 41 212 25 38 209 50 10 82 50 5 68
Kansas 20 3 28 28 3 34 21 19 111 25 15 93
Kentucky 20 4 30 26 4 34 27 6 41 37 5 51
Arizona 15 31 159 15 28 149 67 6 84 60 6 79
Tennessee 12 5 25 17 6 30 22 20 102 21 17 84
Arkansas 12 4 26 15 5 29 48 9 70 44 7 61
Oklahoma 11 4 21 21 5 29 56 10 86 49 8 68
North Carolina 11 7 42 16 7 33 40 15 100 40 8 65
Texas 4 3 13 8 5 19 26 6 44 35 5 47
South Carolina 4 4 17 7 7 25 28 9 51 27 8 43
Mississippi 3 2 12 5 3 11 19 9 45 19 9 36
Alabama 3 2 9 4 3 10 32 11 56 24 8 41
Georgia 2 3 13 4 5 21 36 8 55 32 8 58
Louisiana 1 1 4 3 2 7 22 11 62 20 10 55
Florida — — — — — — — — — — — —

Note. The states were arranged from the largest (top) to smallest (bottom) mean UA annual maximum SWE.
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western mountainous regions. The annual maximum snowmelt's agreement is not as strong as that for the
annual maximum SWE comparison. The western and Midwest regions are notable for their poor agreement
between annual maximum snowmelt values that were not evident in the annual maximum SWE agreement.

4.2. Extreme Design SWE and Snowmelt Maps Over the CONUS

After bias correcting and detrending the UA annual maximum SWE and snowmelt values, the extreme
design SWE and 1‐ and 7‐day snowmelt values are calculated (7‐day extreme design snowmelt maps were
focused here, and 1‐day snowmelt maps were provided in the supporting information; Figure S3). The spa-
tial patterns of the 25‐ and 100‐year design SWE values are similar but differ in magnitude (Figure 3). The
largest design SWE values, defined here as top 1% (99% quantile) values for each state, were found in western
mountainous regions. For example, in Washington the top 1% 25‐ and 100‐year return level SWE values are
2,713 and 3,542 mm, respectively. In the northeastern United States, the top 1% SWE values, 25‐year values
range from 443 to 639 mm, and, for 100‐year value from 627 to 905 mm, are much lower than those in the
mountainous western United States. However, the state‐median values in the northeastern United States are
higher than the western U.S. states. In the north central United States, the greatest design SWE values occur
in the areas near Lake Michigan and the Red River of the North Basin along the Minnesota‐North Dakota
border. The top 1% values are 452 and 346 mm for the 25‐year return level (654 and 512 mm for 100‐year
return level) in Michigan and Minnesota, respectively. For readers who may be interested in design maps
using the original UA SWE without bias correction, the 25‐ and 100‐year return level SWE maps are pro-
vided in the supporting information (Figures S4).

The 25‐ and 100‐year snowmelt maps generally have similar spatial patterns to those of the annual maxi-
mum SWE maps (Figures 4a and 4b). Regions with high SWE are likely to also have large snowmelt events.
The largest 7‐day snowmelt values (top 1% for state) for 25‐ and 100‐year return levels were also found in the
western United States. The top 1% snowmelt values for 25‐year return level range from 415 to 839 mm, and,
from 615 to 1,547 mm for 100‐year return level over the western mountainous regions including
Washington, California, Idaho, and Oregon. In the northeastern United States, the magnitudes of the 25‐
and 100‐year snowmelt are lower than that of the western United States. The northeastern's top 1% values
for a 25‐year range from 244 to 446 mm and, for 100‐year, from 368 to 643 mm in Vermont, Maine, New
Hampshire, and Massachusetts. The design snowmelt values in the north central United States are typically
lower than that of the northeastern region. For 25‐ and 100‐year, the top 1% snowmelt values are from 191 to
279 mm and from 330 to 447 mm, respectively, over the north central U.S. states including Michigan,
Minnesota, South Dakota, and North Dakota.

To identify the effect of precipitation in estimating extreme snowmelt values, the 25‐ and 100‐year 7‐day
snowmelt maps were compared to design values that do not include precipitation (Figures 4c and 4d).

Figure 2. Pearson correlation (R value) maps of the (a) annual maximum SWE and (b) 7‐day snowmelt between SNODAS and UA products for the 14 years from
October 2003 to May 2017. Pixels with N = 7 or less available SWE or snowmelt were excluded.
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Snowmelt without precipitation is calculated using a decrease in SWE only. The extreme snowmelt with
precipitation is notably higher than the snowmelt without precipitation in the Pacific Northwest and
California as well as the south central United States. For example, the highest 7‐day, 100‐year snowmelt
values with precipitation are higher by 203, 206, and 260 mm for 25‐year return level and, 362, 449, and
438 mm for 100‐year return level, for Kansas, Oklahoma, and Tennessee respectively, as compared to the
snowmelt values without precipitation (Figures 4e and 4f). In many snow‐dominant regions including the
western mountain, north‐central, and northeastern regions, the extreme snowmelt with precipitation is
also higher than the snowmelt without precipitation, indicating that precipitation during snowmelt is an
important contributor to extreme snowmelt.

4.3. Design Snowmelt Versus NOAA Atlas 14 Precipitation

The design snowmelt maps were compared to the NOAA Atlas 14, 7‐day duration precipitation maps for the
25‐ and 100‐year return levels (Figure 5; the 1‐day precipitation maps were compared to the corresponding
design snowmelt maps in Figure S5). The design precipitation values are considerably larger than the design
snowmelt values in the southern United States where there are few large snowmelt events. In the mountain

Figure 3. The (top) 25‐ and (bottom) 100‐year return level design SWE maps using the detrended, ECDF‐transformed
annual maximum SWE.
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western United States and the north‐central United States, however, design snowmelt exceeded design pre-
cipitation. The 25‐ and 100‐year difference maps consistently show that design snowmelt values are higher
than Atlas 14 precipitation values over the mountain western United States. In the Northern Great Plains
and upper Midwest, design snowmelt values are comparable to design precipitation values for the 25‐year
return period, but the 100‐year snowmelt design values exceed the precipitation values in many parts of
those regions. The inland portion of the northeastern states also has large regions where snowmelt values
are modestly higher than precipitation values. There are several regions in the more southern regions
including the Appalachian Mountain region where snowmelt exceeds the design rainfall despite the

Figure 4. The (a, b) 25‐ and 100‐year return level 7‐day design snowmelt maps with precipitation and (c, d) without precipitation and (e, f) these differences
(design 7‐day snowmelt with precipitation minus without precipitation) over the CONUS.
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relatively low SWE values in those regions. This suggests that where the dominant source of meltwater
during the ROS event is liquid precipitation, its amplification by the presence of a shallow snowpack may
warrant consideration for design even in southern regions.

Amore detailed comparison of design snowmelt from this study with the Atlas 14 standard precipitation was
conducted for two regions that are historically vulnerable to snowmelt‐driven floods (Berghuijs et al., 2016;
Slater & Villarini, 2016; Stadnyk et al., 2016), the northeastern states (Atlas 14 Volume 10; Figure 6) and
Midwest states (Atlas 14 Volume 8; Figure 7). In the northeastern United States, the Atlas 14 design preci-
pitation values gradually decrease from the southeast to the northwest with the highest values in western
Massachusetts and Connecticut as well as around Mount Washington in New Hampshire (Figures 6a and
6d). For the 25‐ and 100‐year return periods, the precipitation depths in the southeastern areas range from
about 134 (bottom 1%) to 277 mm (top 1%) and 160 to 357 mm, respectively, while in the northwestern
areas precipitation values range from 109 to 280 mm and 124 to 495 mm for the 25‐ and the 100‐year
values, respectively. Although the snowmelt maps have larger spatial variability than the Atlas 14
precipitation maps (Figures 6b and 6e), design snowmelt values, as well as maximum SWE values,
gradually increase from the southeast to the northwest. These design snowmelt gradients are inverse to
the design precipitation gradients. The combination of higher SWE and more moderate design rainfall
amplifies the importance of snowmelt‐driven runoff in northern Vermont and Maine near the Canadian
border, where design snowmelt can exceed design rainfall by up to 171 and 254 mm for the 25‐ and 100‐
year return periods, respectively.

In the Midwest United States, the NOAA Atlas 14 precipitation values are typically higher than the snow-
melt values (Figure 7). In this region, the precipitation intensities decrease considerably to the northwest
with ranges from 60 to 140 mm (25‐year) and 80 to 230 mm (100‐year). Western Colorado has the lowest
design precipitation values. In locations with localized extremes at North and South Dakotas' eastern

Figure 5. (a, c) The NOAA Atlas 14, 25‐ and 100‐year 7‐day precipitation maps, and (b, d) the difference maps (Atlas 14 minus corresponding snowmelt maps)
over the CONUS. Cool colors indicate regions where the snowmelt values exceed the Atlas 14 precipitation values. The gray regions indicate U.S.
states where annual maximum Atlas 14 data are not available. The white areas are out of range.
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borders, the border between Iowa and Minnesota, and Michigan's Upper Peninsula, the snowmelt
magnitudes are higher than precipitation depth by up to 160 and 240 mm for the 25‐ and 100‐year return
periods, respectively (Figures 7c and 7f). In the Rocky Mountain region of western Colorado, the
snowmelt magnitudes were markedly higher than the precipitation with difference up to 190 and 310 mm
for the 25‐ and 100‐year return periods, respectively. Interestingly, there are the localized extreme
snowmelt values at Kansas and Oklahoma's eastern borders and southern Missouri. Although the 100‐yr
SWE values range from only 80 to 100 mm in the area, the design snowmelt values exceed 300 and
650 mm for 25‐ and 100‐ year return levels, respectively.

5. Discussion
5.1. Comparison Between UA and SNODAS Data

To date, no studies have directly compared the UA and SNODAS products over the CONUS, because the UA
SWE data set was only recently publicly released (March 2019) via National Snow and Ice Data Center
(Broxton et al., 2019). Broxton, Zeng, and Dawson (2016) showed that the reanalysis and GLDAS SWE pro-
ducts have considerably lower SWE than both UA and SNODAS SWE data. Their finding that SNODAS gen-
erally has higher SWE (and annual maximum SWE for 2008) than the UA product inWashington and Idaho
as well as northern Great Plains, primarily for regions where the SWE is low, is consistent with our results.
Dawson et al.'s (2017) study of snow density parameterization for developing the UA SWE product found
that SNODAS snow densities have low biases compared to SNOTEL observations, particularly in ephemeral
and maritime classes (11.1% and 16.2% of relative mean absolute error, respectively). They assert that these
biases could be due to the assimilation of snow depth and SWE observations across different platforms and
spatial scales (i.e., airborne gamma SWE, point‐based snow depth and SWE observations, and satellite‐based
snow‐covered area) without ingesting snow density observations.

Figure 6. (a, d) The NOAA Atlas 14, 25‐ and 100‐year 7‐day precipitation maps, (b, e) the corresponding snowmelt maps, and (c, f) these differences
(Atlas 14 minus snowmelt) over the northeastern U.S. including seven states (Massachusetts, New York, Vermont, New Hampshire, Maine, Rhode Island, and
Connecticut).
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Our findings that SNODAS snowmelt exceeded UA snowmelt over the north central and the western non-
mountain United States may stem from the larger SNODAS annual maximum SWE compared to UA annual
maximum SWE. The increased availability of SWE for melt may generate large snowmelt during the spring.
However, in most western mountain regions, the UA annual maximum snowmelt exceeded the SNODAS
despite the larger SNODAS SWE (Figure 8). Differences in the UA and SNODAS products' snow ablation
procedures are likely responsible. The UA product calculates accumulated snow ablation using a simple
cumulative degree day above 0°Cmethod during the snow‐covered period and generates SWE by subtracting
accumulated snow ablation from accumulated snowfall (Broxton, Dawson, & Zeng, 2016). In contrast,

Figure 7. Same as Figure 6, but in the Midwest U.S. including 11 states (North Dakota, Minnesota, South Dakota, Nebraska, Colorado, Iowa, Missouri, Michigan,
Kansas, Wisconsin, and Oklahoma).

Figure 8. Same as Figures 1e and 1f (Mean difference maps of the annual maximum SWE and 7‐day snowmelt)
but changed the color bars ranging from −300 to 300 mm. Blue (red) color areas indicate that SNODAS is larger (smaller)
than UA product.
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SNODAS estimates snow ablation using the snow thermal model (SNTHERM.89) which tracks two
variables, liquid water in the snowpack (state variable) and melt runoff rate at the base of the snowpack
(diagnostic variable) (Barrett, 2003; Carroll, 2001). SNODAS considers both solid water and the liquid water
in the snowpack as SWE. Thus, it is possible that the UA snowmelt may be overestimated, in part, due to the
lack of liquid water storage in the snowpack.

5.2. Comparison to the NOAA Atlas 14 and the National Engineering Handbook

The current NOAA Atlas 14 volumes provides very limited guidance about snowmelt events (Perica et al.,
2015, revised 2019). They focus on liquid precipitation (rainfall). Snowmelt events were not considered in
the frequency estimates because this is a different runoff production mechanism. Unlike liquid
precipitation, snowfall goes into storage (i.e., snowpack) and delays runoff until it melts. Our snowmelt
estimates from this study complement the rainfall‐based frequency estimates from the NOAA Atlas 14
series. From an engineering design perspective, the Atlas 14 design precipitation values are reasonable in
regions where the Atlas 14 precipitation estimates equal or exceed our snowmelt estimates. However, in
the areas where our snowmelt estimates are larger than the Atlas 14 precipitation values, infrastructure
designed without consideration of snowmelt floods may underestimate design runoff and undersize struc-
tures. The maps presented in this study can provide guidance when developing flood defense structures in
areas where major snowmelt floods have occurred over the past few decades (Changnon et al., 2001;
Todhunter, 2001).

The National Engineering Handbook from United States Department of Agriculture Natural Resources
Conservation Service (USDA NRCS) mapped snowmelt runoff volumes in the eastern Montana region
(USDA‐NRCS, 2004). Their 25‐year, 7‐day snowmelt runoff volumes ranged from 10 to 45 mm, which are
much lower than the range of our snowmelt maps (40 to 140 mm) for the same region. The handbook also
provided an example of a 25‐year maximum 16–31 March SWE map in the north central United States,
which was taken from a technical paper from U.S. Department of Commerce Weather Bureau (United
States Department of Commerce, 1964). Their SWE values, ranging from 38 mm in the eastern Nebraska
and South Dakota, to 305 mm near Lake Michigan, are somewhat lower than our SWE values for the
same region (40–450 mm). The differences between these earlier maps are probably due, at least in part,
to different time periods and data sets. Those maps used SWE or snow depth data obtained from several
snow station networks with 15‐ to 55‐year records (United States Department of Commerce, 1964) with a
typical measurement period of 35 years from 1930 to 1964 as compared to UA's 1981 to 2017 record.
There are differences not only in the SWE magnitude but also in the SWE spatial patterns. While the
earlier maps showed that SWE gradually increased from southwestern (Nebraska and South Dakota) to
northeastern parts of the region (e.g., Wisconsin and Michigan), our map shows very high SWE values in
the headwaters of the Red River of the North Basin (near western Minnesota and southeastern North
Dakota). This could be due to data limitations during the earlier time periods or to regional changes in
snowfall under the changing climate (Byun et al., 2018; Hirsch & Ryberg, 2012). While there is little
documentation about long‐term SWE increases in that region, there is consensus that the Red River of the
North Basin has experienced more frequent snowmelt flooding since the late 1990s (e.g., 1997, 2006, 2009,
2011, and 2019; Tuttle et al., 2017).

5.3. Limitations

Despite our efforts to combine the UA and SNODAS SWE products, regions where the annual maximum
values from the two products have clear differences suggest inherent uncertainties. In this study,
SNODAS SWE is assumed to be the most reliable data source over the CONUS based on previous studies
(Broxton, Dawson, & Zeng, 2016; Broxton, Zeng, & Dawson, 2016; Vuyovich et al., 2014). Furthermore,
the SNODAS data have been widely vetted by the NWS Regional River Forecast Centers for their use in
operational flood forecasting (Barrett, 2003). However, recent studies have found that SNODAS SWE or
snow depth has reduced performance in some regions as compared to independent data. Clow et
al. (2012) showed that SNODAS SWE had a relatively poorer agreement (R2 = 0.30) with in situ snow sur-
veys in alpine areas, while SNODAS SWE performed well in forested areas (R2 = 0.77) in Colorado Rocky
Mountains. They indicated that wind redistribution of snow in alpine terrain may not be fully considered in
a snow model in SNODAS, even though the SNODAS model is run with the surface zonal wind as a driving
variable (Barrett, 2003). While not yet studied, because the interpolation and assimilation processes for UA
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SWE do not account for wind effects, it is reasonable that wind redistribution would also impact the UA
SWE estimates. Anderson (2011) also found that SNODAS underestimated snow depths in forested alpine
terrain. Hedrick et al.'s (2015) evaluation of SNODAS snow depth using lidar‐based snow depth measure-
ments during the 2007 Colorado Cold Lands Processes Experiment (CLPX‐2) also found regional differ-
ences between the two snow depth products, especially in the areas with dense low sagebrush where
high winds scour the snow throughout the winter. Boniface et al. (2015), conducting a comparison study
of SNODAS snow depth with the Global Positioning System Interferometric Reflectometry (GPS‐IR)‐based
snow depth observations over the western United States, found that there were clear differences between
the two snow depth products in areas with complex terrain or strong vegetation heterogeneities.

In the upper Tuolumne River Basin in California's Sierra Nevada, comparison results of the ASO SWE with
SNODAS SWE showed that SNODAS overestimated SWE during themelt phase (Bair et al., 2016). However,
they could not determine the mechanism that caused the errors because few publications address the details
of the snow model structure and assimilation scheme in SNODAS. Dozier et al. (2016) suggested a potential
cause for the overestimates is that the snow pillows, whose measurements are assimilated in SNODAS, could
hold more SWE than the average of the surrounding terrain because they hinder drainage of melted water to
the underlying soil. Given that UA SWE mainly ingests snow pillow measurements from the SNOTEL net-
work over the western United States (Zeng et al., 2018), snow pillowsmay also be a source of uncertainties in
UA SWE product.

Lastly, there are inevitable limitations related to the available data length issue for bias correction (14‐year
overlap period) and frequency analysis (36‐year period). If longer periods were available for the UA and
SNODAS SWE products, then the frequency distribution would be more precisely determined, and the
design values may be statistically more robust than the current values (Stedinger et al., 1993).

6. Conclusion

The current engineering practice (e.g., NOAA Atlas 14) provides limited guidance on designing infrastruc-
ture to accommodate snowmelt‐driven floods in the CONUS. In this study, we leverage two vetted, long‐
term CONUS SWE products from the UA and SNODAS to develop 25‐ and 100‐year return level design
SWE and snowmelt maps. Extreme value statistical methods are used to fit the GEV distribution to
detrended, bias‐corrected annual maximum SWE and snowmelt values from a 36‐year record (water years
1982 to 2017).

Despite their use of different methods to estimate SWE, the UA and SNODAS annual maximum
SWE products are strongly correlated indicating that year‐to‐year variations in annual maximum SWE
values are readily distinguished. There is notably less agreement between the two products' year‐to‐year
snowmelt patterns. This suggests a need for additional study regarding more reliable approaches for
estimating snowmelt at time and space scales that are appropriate for design. Much of the study region
had a reasonable agreement for the magnitude of the annual maximums. The SWE and 7‐day snowmelt
design maps show similar patterns and, as anticipated, regions having larger annual maximum SWE
values typically also have greater snowmelt. The 7‐day design snowmelt values exceed the NOAA
Atlas 14 standard design values in 23% of the total extent. Especially in the northeastern United
States near the Canadian border, the north central United States where just 10 cm of SWE can cause
spring flooding, and the western mountainous United States, design snowmelt substantially exceeds
the Atlas 14 design precipitation values.

Additionally, a comparison of design snowmelt values with and without precipitation shows that the
extreme snowmelt with precipitation is notably higher than the snowmelt without precipitation in the
Pacific Northwest, California, and the south‐central United States. In most snow‐dominant regions, the
extreme snowmelt with precipitation is generally higher than the snowmelt without precipitation, indicat-
ing that precipitation events during snowmelt (e.g., ROS) are an important contributor to extreme snowmelt.
The extreme snowmelt CONUS maps from this study complement the NOAA Atlas 14 design precipitation
and may provide additional guidance on infrastructure design for compound flood events over snow‐domi-
nant regions in the CONUS.
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Data Availability Statement

The daily UA SWE data are freely available from the National Snow and Ice Data Center (NSIDC) website
(https://nsidc.org/data/nsidc-0719). The daily SNODAS SWE and solid and liquid precipitation data are also
available from the NSIDC website (https://nsidc.org/data/G02158). The daily PRISM precipitation data can
be obtained using the “get_prism_dailys” function in the “prism” R package (https://github.com/ropensci/
prism) or the PRISM Climate Group website (http://prism.oregonstate.edu/recent/). The standard
NOAA Atlas 14 precipitation maps are available from the Hydrometeorological Design Studies Center
(HDSC) within the Office of Water Prediction (OWP) of the NOAA's National Weather Service (NWS)
(https://hdsc.nws.noaa.gov/hdsc/pfds/pfds_gis.html). The design SWE and snowmelt maps from this
study are available on Hydroshare at this website (http://www.hydroshare.org/resource/c50069a2e
1fa43418d1ee75c0e92313e).
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