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Abstract:
As demand for water continues to escalate in the western Unites States, so does the need for accurate monitoring of the
snowpack in mountainous areas. In this study, we describe a simple methodology for generating gridded-estimates of snow
water equivalency (SWE) using both surface observations of SWE and remotely sensed estimates of snow-covered area (SCA).
Multiple regression was used to quantify the relationship between physiographic variables (elevation, slope, aspect, clear-sky
solar radiation, etc.) and SWE as measured at a number of sites in a mountainous basin in south-central Idaho (Big Wood River
Basin). The elevation of the snowline, obtained from the SCA estimates, was used to constrain the predicted SWE values.
The results from the analysis are encouraging and compare well to those found in previous studies, which often utilized more
sophisticated spatial interpolation techniques. Cross-validation results indicate that the spatial interpolation method produces
accurate SWE estimates [mean R2 D 0Ð82, mean mean absolute error (MAE) D 4Ð34 cm, mean root mean squared error
(RMSE) D 5Ð29 cm]. The basin examined in this study is typical of many mid-elevation mountainous basins throughout the
western United States, in terms of the distribution of topographic variables, as well as the number and characteristics of sites
at which the necessary ground data are available. Thus, there is high potential for this methodology to be successfully applied
to other mountainous basins. Copyright  2010 John Wiley & Sons, Ltd.
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INTRODUCTION
In the mountainous regions of the western United States,
approximately 50–70% of the annual precipitation falls
as snow during the winter season and contributes to
runoff during the spring (Serreze et al., 1999). Consequently, knowledge of the magnitude of the seasonal
snowpack [snow water equivalency (SWE)] is important
in predicting water availability (runoff). In addition, spatially distributed (gridded) estimates of SWE are important because some areas (e.g. portions of watersheds)
contribute more runoff than others (Balk and Elder,
2000). These spatial estimates also serve as an important
input for distributed, physically based snowmelt models
(Bloschl et al., 1991; Luce et al., 1998).
Recent emphasis in snow distribution modelling has
focussed on statistical relationships between snow properties (i.e. depth and SWE) and terrain characteristics (Balk
and Elder, 2000). Elevation, slope, aspect, and other
landscape characteristics have been used successfully to
model the spatial distribution of SWE (Woo and Marsh,
1978; Elder et al., 1991). In recent decades, remote sensing has also been used to produce spatially distributed
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estimates of SWE (McManamon et al., 1993; Cline et al.,
1998; Wilson et al., 1999; Mote et al., 2003). However,
these estimates are often expensive, difficult to obtain,
and are not suitable for operational use in mountainous
terrain (Elder et al., 1998). The interpolation of groundbased point measurements, therefore, becomes necessary
to explain and understand the spatial distribution of SWE
(Balk and Elder, 2000). This has led to the use of statistical and/or geostatistical methods to generate spatially
distributed values of SWE.
At present, the most widely used ground-based estimates of SWE come from snow course and SNOwpack
TELemetry (SNOTEL) sites. Interpolated SWE values,
using these data, have been obtained using multivariate
linear regression (Chang and Li, 2000) and by regressing SWE with elevation (Daly et al., 2000). These studies, however, did not take into account the presence or
absence of snow cover, which can lead to interpolated
SWE values (>0) in areas where snow is non-existent.
As a result, remotely sensed estimates of snow-covered
area (SCA) have been used, along with simple regression
techniques, to obtain gridded SWE estimates (Fassnacht
et al., 2003; Molotch et al., 2004). There are two types
of SCA data products, fractional and binary. Fractional
mapping techniques used by Fassnacht et al. (2003) and
Molotch et al. (2004) provide information regarding the
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percentage (ranging from 0% to 100%) of each pixel that
is covered with snow. Binary mapping techniques, on the
other hand, use a set of thresholds to determine whether
a pixel contains snow (SCA D 100%) or no snow (SCA
D 0%) (Elder et al., 1998). Although fractional SCA data
are more desirable from a spatial resolution standpoint,
binary data have been available on an operational basis
for a much longer time and have been more widely validated. Salomonson and Appel (2004) developed a simple
regression approach for fractional snow products, which
was ultimately used in version 5 of the Moderate resolution Imaging Spectroradiometer (MODIS) operational
snow cover products released by the National Snow and
Ice Data Center (NSIDC) in 2007. These data, however,
were not used in this study because the data had not yet
been widely validated. We attempted to validate these
data for our study area, however, found the data to be
inconsistent and to contain undocumented values. Given
the maturity of the fractional versus binary products at
this time, the priority in this study was the assessment of
a new methodology for the generation of spatially distributed SWE estimates using binary SCA data.
In recent years, binary regression trees have been
used successfully to obtain interpolated SWE values
from surface observations (Elder et al., 1998; Balk and
Elder, 2000; Erxleben et al., 2002; Winstral et al., 2002;
Molotch et al., 2005; Molotch and Bales, 2006), however,
this method requires large amounts of data and is better
suited for small basins (Fassnacht et al., 2003).
Kriging and cokriging methods have also been used
successfully to create spatially distributed SWE estimates (Carroll and Cressie, 1996; Ling et al., 1996;
Erxleben et al., 2002; Molotch et al., 2005). In addition,
these methods have been used to interpolate the residuals obtained using other statistical techniques (Hosang
and Dettwiler, 1991; Balk and Elder, 2000; Erxleben
et al., 2002; Molotch et al., 2005). Kriging and cokriging methods, however, may be inappropriate if the data

(or residuals) lack spatial dependence (Balk and Elder,
2000). Furthermore, it is often difficult to fit a suitable
model (i.e. linear and Gaussian) to the semivariogram as
a result of the temporal and spatial variability in SWE
data (Fassnacht et al., 2003).
The objective of the work presented here is to evaluate
the performance of a simple multiple linear regression
technique to generate gridded estimates of SWE, utilizing data products that are widely available for most
mountainous watersheds in the western United States
(snow course and SNOTEL observations of SWE, binary
remotely sensed estimates of SCA, and physiographic
variables). Cross-validation is used to assess the model
performance in an example watershed in the intermountain west.

STUDY AREA
This study was conducted in the Big Wood River Basin
located in south-central Idaho (Figure 1). Only a subsection of the basin, located upstream of all dams and
diversions, was used in the analysis. The study area has
a total area of 1625 km2 , with a minimum elevation of
1615 m and a maximum elevation of 3628 m. Approximately 46% of the study area is covered with grassland,
shrubland, and agricultural areas. Deciduous, evergreen,
and mixed forests cover approximately 43% of the study
area; the remaining 11% is covered by bare rock (10%),
wetlands (<1%), and urban/residential areas (<1%). The
study area is surrounded by the Smoky Mountains to
the west and the Boulder and Pioneer Mountains to the
north and east. Draining south into the Snake River,
runoff from the basin provides a source of water for
the agricultural industry. The annual average precipitation
in the Big Wood River Basin varies from 26 cm in the
lower elevation areas [Idaho Department of Environmental Quality (IDEQ), 2001] to approximately 114 cm in

Figure 1. Snow course (triangles) and SNOTEL (dots) sites located in and around the Big Wood River Basin, Idaho
Copyright  2010 John Wiley & Sons, Ltd.
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the higher elevation areas. About 60% of the basin’s precipitation comes in the form of snow during the months
of November–March (IDEQ, 2001).

DATA
SWE data
The Natural Resources Conservation Service (NRCS)
has conducted snow surveys in the western United
States since 1935 (Chang and Li, 2000). Snow course
measurements are generally taken on or near the first
day of every month during the snow accumulation and
melt seasons (January–June). Measurements are taken
most frequently on March 1 and April 1, however, the
frequency of the measurements is influenced by the
nature of the snowpack (snowpack condition), difficulty
of access, and costs (e.g. labour, supplies, etc.). SWE data
are collected at snow courses using a snow tube and are
subjected to systematic bias because the measurements
tend to underestimate SWE due to sampling difficulties
associated with ice lenses, ground ice, and depth hoar
(Carroll, 1987). The size of the sampling cutter can also
influence accuracy (Goodison et al., 1981).
In 1977, the NRCS developed the SNOTEL data network. The SNOTEL network provides SWE measurements at 83 stations across the state of Idaho. Each SNOTEL data station is equipped with automatic measuring
and remote communication devices (Chang and Li, 2000).
The SNOTEL network provides hourly data; however,
daily SWE values were used in this study. In comparison
to snow course data, SNOTEL and SWE measurements
are obtained automatically using snow pillows (Johnson
and Schaefer, 2002; Johnson, 2004; Dressler et al., 2006).
Snow pillows (typically 0Ð37 m2 in area) are envelopes
of stainless steel or synthetic rubber (hypalon), which
contain an antifreeze solution. As the snow accumulates
on the pillow, pressure is exerted on the antifreeze solution (caused by the weight of the overlying snowpack).
Automatic measuring devices are then used to convert
the weight of the snowpack into an electrical reading
of the SWE (Johnson and Schaefer, 2002). There are
several sources of error in snow pillow measurements,
however, most errors are generally attributed to snow
bridging, which occurs when the snow over a snow pillow
is partially or fully supported by the surrounding snow or,
conversely, when the snow pillow supports some of the
weight of the surrounding snow (Johnson and Schaefer,
2002). In addition, errors are common during the transition from subfreezing snow temperatures to an isothermal
snow cover with a temperature of 0 ° C (CDWR, 1976;
Johnson, 2004). The SNOTEL data, used in this study,
are quality controlled, but there is no official estimate of
the error by the NRCS. Consultation with snow survey
personnel, familiar with the collection of data in Idaho,
estimates the error at 6–8% of the measured SWE.
SWE data collected at 11 SNOTEL stations and 6 snow
courses, located within and around the study area, are
used in this analysis (Figure 1). A list of the stations and
Copyright  2010 John Wiley & Sons, Ltd.

their attributes can be found in Table I. Stations were
selected to maximize at both the spatial and elevational
coverage. SWE data collected on March 1 and April 1
for 3 years (2003–2005) were used in the analysis. These
dates (March 1 and April 1) were selected because snow
course SWE measurements are usually taken on these
dates.
SCA data
The MOD10A1 operational MODIS daily snow cover
product, obtained from the NSIDC, is used to constrain
the spatial interpolation of SWE to the boundary of
the SCA. The MODIS acquires images in 36 spectral
bands between 0Ð405 and 14Ð385 µm. In the MODIS
snow mapping algorithm, snow is distinguished from
other surfaces using the normalized difference snow
index (NDSI) (Klein and Barnett, 2003). NDSI values
are calculated using MODIS bands 4 (0Ð545–0Ð5Ð65 µm)
and 6 (1Ð628–1Ð652 µm) from the following equation:


NDSI D

4  6
4 C 6



1

where 4 and 6 are reflectance values in bands 4 and 6.
The MOD10A1 snow cover product is generated daily
for most locations on the Earth’s surface at a spatial
resolution of 500 m. SCA data are obtained for the same
dates as the SWE data.
Table I. Attributes of the snow course and SNOTEL stations used
in the analysis. Stations are listed by elevation from lowest to
highest
Station
Telfer Ranch
Iron Mine
Creek
Muldoon
Chocolate
Gulch
Garfield R.S.
Couch
Summit
Dry Fork
Stickney
Mill
Galena
Pillow
Hyndman
Swede Peak
Bear Canyon
Lost-wood
Divide
Dollarhide
Summit
Galena
Summit
Vienna Mine
Fishpole
Lake

Type

Elevation
(m)

Latitude
(° N)

Longitude
(° W)

Snow course
Snow course

1780
1921

43Ð53
43Ð56

113Ð77
113Ð72

Snow course
SNOTEL

1927
1963

43Ð57
43Ð77

113Ð91
114Ð42

SNOTEL
Snow course

1999
2085

43Ð61
43Ð52

113Ð93
114Ð80

Snow course
SNOTEL

2201
2265

43Ð58
43Ð86

113Ð68
114Ð21

SNOTEL

2268

43Ð88

114Ð67

SNOTEL
SNOTEL
SNOTEL
SNOTEL

2268
2329
2408
2408

43Ð71
43Ð62
43Ð74
43Ð82

114Ð16
113Ð97
113Ð94
114Ð26

SNOTEL

2566

43Ð60

114Ð67

SNOTEL

2676

43Ð87

114Ð71

SNOTEL
Snow course

2731
2835

43Ð80
43Ð64

114Ð85
113Ð85
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METHODS
The snowline elevation is determined using the MODIS
snow cover grids and a digital elevation model (DEM).
The DEM (30 m spatial resolution) was obtained from
the United States Geological Survey (USGS). Since the
snowline elevation tends to be highly variable, the median
snowline is used in this study. This methodology is
consistent with the World Meteorological Organization’s
(WMO) definition, which states that the snowline is the
elevation with approximately 50% snow coverage (Seidel
et al., 1997; Kleindienst et al., 2000). To compute the
snowline elevation, the snow cover grid had to first be
converted to a point file. Each point then represents the
middle of each grid cell. The elevation for each point
was then determined by sampling (overlaying) the DEM.
Next, the snow cover point file was split into two separate
point files, one for snow-covered points and the other
for non-snow-covered points. A 600-m buffer was then
created around each snow-covered point and all nonsnow-covered points that fell within those buffers were
selected. This buffer size was selected because the snow
cover imagery had a spatial resolution of 500 m and in
order to select adjacent cells the buffer size needed to
be larger than this value. Finally, the median snowline
elevation was determined using the elevations of those
selected points. This method was used individually for
each snow cover image.
After the snowline elevation is determined, the SWE
values are plotted against elevation. Linear regression is
then used to fit a line to the data, and the residuals are
obtained. Figure 2 shows a sample regression fit for data
from the Big Wood River Basin. This process is used to
remove the elevation trend in the SWE data. The residuals
are then tested for spatial dependence using Moran’s I
analysis.

Moran’s I is one of the most common measures of spatial autocorrelation (dependence) and is used to describe
the overall spatial relationship between individual samples (Moran, 1950). Values for the Moran’s I typically
vary between 1 and 1. A Z-value is calculated to determine if the calculated I values are significant. Z values
greater than 1Ð96 indicate that there is significant clustering of the data (p D 0Ð05). On the other hand, values
below 1Ð96 indicate that there is a uniform distribution
(p D 0Ð05). Z values between 1Ð96 and 1Ð96 indicate
that there is a random distribution of values (complete
spatial randomness). For this analysis, inverse distance
weighting squared (IDW2 ) is used to determine the spatial weights for the Moran’s I analysis. Geoda, which is a
widely used spatial statistics software program, was used
to calculate the Moran’s I values.
The results from the Moran’s I analysis (Table II)
indicate that there was no significant spatial dependence
in the residuals for any of the 6 days tested (i.e. complete
spatial randomness). As a result, spatial interpolation
methods that rely on spatial dependence in the sample
data (i.e. kriging, inverse distance weighting, etc.) were
not used to interpolate the residual values.
Due to the lack of spatial dependence in the detrended
residuals, two regression equations were used to model
Table II. Results from the Moran’s I analysis for the 6 days
analysed for the Big Wood Basin
Date
1March 2003
1 March 2004
1 March 2005
1 April 2003
1 April 2004
1 April 2005

Moran’s I

Z value

0Ð04
0Ð09
0Ð13
0Ð12
0Ð55
0Ð21

0Ð0
0Ð2
0Ð8
0Ð1
1Ð0
0Ð8

Figure 2. Example plot of SWE values (snow course and SNOTEL) plotted versus elevation for the Big Wood River Basin
Copyright  2010 John Wiley & Sons, Ltd.
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the SWE values located above the snowline. Linear
regression (elevation vs SWE) is used to estimate the
SWE values between the snowline and the elevation
of the station located directly above it. This step is
completed to ensure that the interpolated SWE values
approach 0 cm at the snowline elevation. Stepwise multivariate linear regression is then used to interpolate
the SWE values at elevations higher than the station
located directly above the snowline. The snowline was
not included in the multivariate regression because it only
has one physiographic attribute, i.e. elevation. The stepwise multivariate linear regression was conducted using
SPSS, version 13Ð0.
The independent variables used in the multivariate linear regression are: elevation, slope, degrees of northness

1289

and eastness, ruggedness, latitude, longitude, clear-sky
solar radiation, and vegetation cover type. Using ArcGIS
9Ð0, the topographic variables, elevation (Figure 3a) and
slope (Figure 3b), are obtained from the 30-m DEM. In
addition to the elevation and slope, an aspect was also
derived from the DEM and was used to compute the
degrees of northness and eastness. The degree of northness (Figure 3c) is defined as the cosine of the aspect.
Values ranged from 1 to 1, with a value of 1 representing a slope facing directly south and a value of 1
indicating a slope facing directly north. The degree of
eastness (Figure 3d) is defined as the sine of the aspect.
Values also ranged from 1 to 1, with 1 representing an east-facing slope and 1 signifying a west-facing
slope.

Figure 3. Physiographic variables used in the multivariate linear regression analysis: (a) elevation (m), (b) slope (%), (c) degree of northness,
(d) degree of eastness, (e) ruggedness, (f) clear-sky radiation index values, and (g) land cover
Copyright  2010 John Wiley & Sons, Ltd.
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The ruggedness (Figure 3e) variable is defined as the
standard deviation of the elevation within a 0Ð21 km by
0Ð21 km window. High ruggedness values are indicative
of areas with a large range in elevation. Small values are
found in areas where the elevation is relatively constant.
Clear-sky solar radiation is calculated using Solar
Analyst, which is an extension for ArcView 3Ð3. The
Solar Analyst generates an upward-looking hemispherical
viewshed (fisheye photograph) using 32 directions for
each location on a 30-m resolution DEM (Lewkowicz and
Ednie, 2004). Merging the hemispherical viewsheds that
are calculated for each cell (on the DEM), Solar Analyst
produces a clear-sky solar radiation density map (in
MJ/m2 ). Average clear-sky solar radiation is calculated
for each 30-m pixel located within the study area from
March 1 to April 1 for each of the 3 years used in the
analysis (Figure 3f). Finally, the values are converted
into fractional values by dividing them by the maximum
observed clear-sky solar radiation value for that day.
The type of vegetation cover (Figure 3g) is obtained
from land cover data collected during the USGS National
Land Cover Characterization Project (2001). These data
were collected across all the 50 states and Puerto Rico
using Landsat 5 and 7 data. For this study, the vegetation
cover is classified as forested or non-forested because
these were the dominant land cover types in the study
area. A value of 1 was assigned to the forest-covered
pixels and a value of 0 was assigned to the non-forestcovered pixels.
Since a stepwise variable selection method was used
in the analysis, the variance inflation factor (VIF) was
used as a diagnostic tool to test for multicollinearity
(Neter et al., 1996). The VIF measures the dependence
between a predictor and the other independent variables
(Helsel and Hirsch, 1992; Neter et al., 1996). A VIF score
greater than 4 indicates that multicollinearity might be a
problem, however, serious problems exist when the VIF
is greater than 10 (Neter et al., 1996). Additionally, a
correlation matrix (Table III) was constructed to assess
the dependence between the predictor variables. If the
selected regression equation was found to violate the
multicollinearity assumption then further analysis would
be necessary to determine which variables should be
added or removed from the equation. The residuals
from each equation were also tested for normality. In

this study, however, the assumptions of collinearity and
normality were not violated.
Each of the steps described in the Section on Methods
was performed for each day separately. This is due to the
fact that the snowline elevation changed from day to day
and the relationships between the independent variables
and dependent variable were not constant over time.
Cross-validation is used to compare the estimated
(predicted) SWE values with the measured values. This
is accomplished by removing each SWE data point and
then using the remaining observations to estimate the
data value. This procedure is repeated for every SWE
observation used to generate each multivariate linear
regression equation. The predicted values were subtracted
from the observed values to obtain the residuals. The
resulting residuals were then evaluated to assess the
performance of the models. The residuals from the crossvalidation procedure were used to compute the mean
MAE, root mean squared error (RMSE), and coefficient
of determination (R2 ).

RESULTS AND DISCUSSION
The results from the cross-validation indicate that the spatial interpolation method produces accurate spatial estimates of SWE for each of the 6 days tested (Table IV).
The average R2 , MAE, and RMSE values were 0Ð82,
4Ð34 cm, and 5Ð29 cm, respectively. The average R2 values were slightly higher for April 1 dates (mean D 0Ð83),
when compared with March 1 dates (mean D 0Ð81). In
addition, the MAE and RMSE values for March 1 dates
(mean MAE D 4Ð95 cm, mean RMSE D 5Ð94 cm) were
larger than those for the three April 1 dates (mean MAE
D 3Ð73 cm, mean RMSE D 4Ð64 cm). This suggests similar predictability for the April 1 dates than the March 1
dates.
The most important predictor variable of SWE was
elevation for each of the 6 days tested (Table IV). The
sign of the coefficient was positive, which indicates
that the SWE values increase with increasing elevation.
Ruggedness was also identified as an important predictor
in three of the 6 days tested. As it would be expected, the
sign of the coefficient was positive, because areas with
greater topographic variability (high-ruggedness values)
tend to be located at relatively high elevations. Clear-sky

Table III. Correlation matrix for the predictor variables used in the multivariate linear regression analysis on the SWE of the Big
Wood Basin. Predictor variables used in the multivariate regressions are highlighted in bold

Elevation
Latitude
Longitude
Solar
Slope
Ruggedness
Northness
Eastness
Land cover

Elevation

Latitude

Longitude

Solar

Slope

Ruggedness

Northness

Eastness

Land cover

1Ð000

0Ð482
1Ð000

0Ð443
0Ð636
1Ð000

0Ð151
0Ð160
0Ð003
1Ð000

0Ð620
0Ð265
0Ð500
0Ð701
1Ð000

0Ð614
0Ð119
0Ð467
0Ð697
0Ð955
1Ð000

0Ð292
0Ð280
0Ð122
0Ð249
0Ð177
0Ð136
1Ð000

0Ð184
0Ð564
0Ð570
0Ð043
0Ð100
0Ð008
0Ð002
1Ð000

0Ð381
0Ð315
0Ð494
0Ð039
0Ð128
0Ð144
0Ð353
0Ð239
1Ð000

Copyright  2010 John Wiley & Sons, Ltd.
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Table IV. Cross-validation results. N represents the number of stations used in each multivariate regression equation for the 6 days
analysed for the Big Wood Basin. N/A is used to designate dates where the basin was determined to be 100% snow-covered using
the snow cover imagery
Date
1
1
1
1
1
1

March 2003
March 2004
March 2005
April 2003
April 2004
April 2005

Snowline
elevation (m)

N

1628
N/A
N/A
2011
2209
1956

17
17
17
12
10
14

R2
0Ð80
0Ð91
0Ð71
0Ð90
0Ð74
0Ð86

MAE (cm)
5Ð00
4Ð45
5Ð39
4Ð35
3Ð26
3Ð59

RMSE (cm)
5Ð99
5Ð14
6Ð70
5Ð28
4Ð49
4Ð14

Independent variables
and sign of coefficient
CElevation
CElevation, Cruggedness
CElevation
CElevation, Cruggedness, solar
CElevation, Cruggedness
CElevation

Figure 4. Gridded estimates of SWE (cm) for the Big Wood River Basin:
(a) 1 March 2003 and (b) 1 April 2003

Figure 5. Gridded estimates of SWE (cm) for the Big Wood River Basin:
(a) 1 March 2004 and (b) 1 April 2004

solar radiation was also identified as a predictor variable
for one of the days tested. The sign of the coefficient
was negative, which suggests that as the amount of solar
radiation increased the amount of SWE decreased. This
is because of the fact that incoming solar radiation is
an important source of energy for melting the snowpack
(Zuzel and Cox, 1975; Leavesley et al., 1983).
The distributed SWE grids (Figures 4–6), produced
using the spatial interpolation method, indicate that
the interpolated values were successfully decreased to
0 cm at the snowline elevation. This result is significant because one of the major goals of the study was

to constrain the spatial interpolation to the SCA. Multivariate regression was not used to extrapolate data in the
area between the snowline and the lowest SWE observation station above the snowline; because this can result
in SWE values greater than 0 at the snowline. Instead,
single-variable linear regression (elevation vs SWE only)
was used to interpolate SWE values between the snowline
(at 0 cm) and the elevation of the lowest SWE observation station above the snowline.
The distributed SWE grids (Figures 4–6) also successfully capture the temporal variability in the observed
SWE data. The distributed SWE values tend to be more

Copyright  2010 John Wiley & Sons, Ltd.
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Figure 7. Histograms for the physiographic variables used in the multivariate regression equations of SWE in the Big Wood River Basin:
(a) elevation, (b) ruggedness, and (c) clear-sky radiation index values

Figure 6. Gridded estimates of SWE (cm) for the Big Wood River Basin:
(a) 1 March 2005 and (b) 1 April 2005

evenly distributed (less spatial variability) on March 1
(Figures 4a, 5a, and 6a) than on April 1 (Figures 4b,
5b, and 6b). This is due to the fact that the snowpack
is diminishing in the lower elevations (between March 1
and April 1), but is still accumulating at the higher elevations. Thus, the SWE-elevation gradient becomes steeper
around April 1. The SWE grids can also be used to identify years with lower basin-wide SWE values. As can be
seen on 1 April 2005 (Figure 5b), the SWE was much
lower in the low-elevation areas than it was for the other
2 years (Figures 4b and 6b).
Discussion of errors
In addition to the regression errors (Table IV) and measurement error inherent in the SWE observations, which
was discussed in the Section on Data, there are several
other potential sources of uncertainty in the interpolated
SWE values. First, the median snowline elevation was
used in the analysis that may introduce an error because
the snowline is highly variable and changes spatially and
temporally in response to meteorologic and other physiographic characteristics. In addition, since the MODIS
snow cover grids have a spatial resolution of 500 m,
errors in the determination of the snowline elevation
Copyright  2010 John Wiley & Sons, Ltd.

would be expected to be larger in areas with rugged terrain. Additionally, it is often difficult for satellite sensors
to detect the presence of snow cover under the forested
canopy. Secondly, the use of single-variable linear regression (elevation vs SWE) to interpolate the SWE values
between the snowline and the elevation of the lowest station above the snowline may introduce uncertainty in the
gridded estimates, especially if the elevation change is
significant.
Finally, there is the possibility that the SWE measurement locations (snow course and SNOTEL) may
not be representative of the physiographic and snowpack conditions in the study area (Molotch and Bales,
2006). Daly et al. (2000) stated that most SNOTEL
stations are located in forest openings that are relatively flat, wind-sheltered, and easily accessible. They
also suggested that this may lead to the over-estimation
of SWE. To address this uncertainty, histograms were
created for the three physiographic variables identified in the multivariate regression models (Figure 7).
The numbered values on the plots indicate the number of SWE stations that are found within each class.
The distribution of elevation (Figure 7a), ruggedness
(Figure 7b), and clear-sky radiation index (Figure 7c)
values within the study are represented fairly well by
the stations, with the exception of the lowest and highest
values.
In addition to examining the above variables for representativeness, we recognize that there may be other
variables influencing SWE that are not reliably or readily
available as spatially distributed data sets to be used as
input to interpolation schemes (i.e. wind, drifting potential, etc.). Snow cover persistence maps were created to
Hydrol. Process. 24, 1285– 1295 (2010)
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further address the representativeness of the SWE observation (SNOTEL and snow course) stations used in this
project. MODIS snow cover data were used to generate
snow cover persistence maps for the months of March
and April. In generating these maps, values of 1–6 were
assigned to each 500 m pixel based on the number of
years during the period 2001–2006 where snow cover
was detected (using MODIS data) during a given month.
Average persistence values were computed for individual
elevation zones in the basin. Five elevation zones were
used in the analysis. Persistence values were also computed using ground data collected at the SWE observation
stations in order to compare the snow cover persistence
at the sites to those calculated for elevation zones within
the basin. The results, shown in Table V, indicated that
in the higher elevation zones, the average persistence
values for the SWE observation stations were similar to
the mean persistence values for all of the pixels in the
individual elevation zones. However, the snow persistence values were greater for the SWE observation sites
at the lower elevations (i.e. zones 1 and 2). This indicates that the SWE observation sites located at lower
elevations are holding their snow longer than other cells
within that elevation zone. This, however, is not a major
limitation for the interpolation technique described here
because there is often very little snow predicted by the

regression in the lowest parts of the basin in March
and April. Thus, the SWE grids produced here should
not be severely affected by persistence differences in
the lower elevations. In addition to the results described
above, persistence values were also calculated for each
elevation zone taking into account the density of vegetation cover. This analysis was completed to assess the
influence of snow interception by the forest canopy on
the interpolated SWE values. Three vegetation density
classes were used, and were derived from leaf area index
(LAI) data values obtained from NASA. The results indicated that vegetation density had a very minimal effect
on the persistence values calculated within each elevation
zone.
Table VI shows the percentage of the drainage basin
that falls outside of the data range for the physiographic
variables identified in the multivariate regression models.
These data are organized by date and exclude the
portion of the basin that was deemed non-snow-covered
using the MODIS snow cover grids. The amount of
uncertainty in the distributed SWE values would be
expected to be highest in the portion of the basin that
falls outside of the data range for the regression input
variables. While this is true, however, SNOTEL and
snow course data are the only widely available SWE
measurements.

Table V. Average snow cover persistence values for SWE observation stations and 500 m MODIS pixels located within each elevation
zone. The elevation ranges for each of the elevation zones are listed
Zone 1
(1615–1990 m)
Satellite

Zone 2
(1991–2358 m)

Zone 3
(2359–2727 m)

SWE sites

Satellite

SWE sites

Satellite

4Ð70

6Ð00

5Ð23

6Ð00

5Ð79

1Ð23

4Ð50

3Ð44

5Ð29

5Ð42

SWE sites

Zone 4
(2728–3095 m)

Zone 5
(3096–3628 m)

Satellite

SWE sites

Satellite

SWE sites

6Ð00

5Ð99

6Ð00

6Ð00

6Ð00

6Ð00

5Ð93

6Ð00

5Ð99

N/A

March
April

Table VI. The percentage of the drainage basin that falls outside of the data range for the physiographic variables identified in the
multivariate regression models. Data are organized by date and exclude the portion of the basin that was deemed non-snow-covered
using the MODIS snow cover grids
Date

% of basin covered
with snow

Independent
variables

% of basin located
below the
range of data

% of basin
located above
the range of data

Total % of basin
outside the range
of data

1 March 2003
1 March 2004

99Ð9
100Ð0

7Ð0
7Ð0
3Ð0

9Ð0
9Ð0
7Ð0

1 March 2005
1 April 2003

100Ð0
83Ð0

7Ð0
0Ð0
1Ð0
14Ð0

9Ð0
11Ð0
9Ð0
1Ð0

1 April 2004

64Ð0

1 April 2005

87Ð0

Elevation
Elevation
Ruggedness
Elevation, ruggedness
Elevation
Elevation
Ruggedness
Solar
Elevation, ruggedness, solar
Elevation
Ruggedness
Elevation, Ruggedness
Elevation

16Ð0
16Ð0
10Ð0
22Ð0
16Ð0
11Ð0
10Ð0
15Ð0
26Ð0
14Ð0
10Ð1
20Ð0
10Ð0
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0Ð0%
0Ð1%

14Ð0%
10Ð0%

0Ð0

10Ð0
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CONCLUSIONS
A new methodology was developed and tested for the
creation of gridded estimates of SWE using surface observations (snow course and SNOTEL) and remotely sensed
estimates of SCA. Although the methodology is rather
simple, the cross-validation results indicate that the spatial interpolation method produces accurate SWE estimates (mean R2 D 0Ð82, mean MAE D 4Ð34 cm, and
mean RMSE D 5Ð29 cm). The regression model errors
(MAE and RMSE) were smaller for the April 1 dates
than for the March 1 dates. Three predictor variables
were identified in the multivariate linear regression (elevation, ruggedness, and clear-sky solar radiation) with
elevation being the most important. Visual inspection of
the SWE grids indicates that the predicted SWE values were successfully decreased to 0 cm at the snowline elevation. Since the methodology is rather simple,
and the results are similar to those found using more
sophisticated spatial interpolation techniques, we believe
that there is potential for this method to be successfully applied to other mountainous basins in the western United States. The simplicity of the methodology
should also make it relatively easy for water managers
and other operational forecasters (i.e. federal agencies) to
generate accurate gridded estimates of SWE in a timely
manner.
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