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Abstract: A majority of the annual precipitation in many mountains falls as snow, and obtaining
accurate estimates of the amount of water stored within the snowpack is important for water supply
forecasting. Mountain topography can produce complex patterns of snow distribution, accumulation,
and ablation, yet the interaction of topography and meteorological patterns tends to generate similar
inter-annual snow depth distribution patterns. Here, we question whether snow depth patterns at
or near peak accumulation are repeatable for a 10-year time frame and whether years with limited
snow depth measurement can still be used to accurately represent snow depth and mean snow depth.
We used snow depth measurements from the West Glacier Lake watershed, Wyoming, USA, to
investigate the distribution of snow depth. West Glacier Lake is a small (0.61 km2) windswept (mean
of 8 m/s) watershed that ranges between 3277 m and 3493 m. Three interpolation methods were
compared: (1) a binary regression tree, (2) multiple linear regression, and (3) generalized additive
models. Generalized additive models using topographic parameters with measured snow depth
presented the best estimates of the snow depth distribution and the basin mean amounts. The snow
depth patterns near peak accumulation were found to be consistent inter-annually with an average
annual correlation coefficient (r2) of 0.83, and scalable based on a winter season accumulation index
(r2 = 0.75) based on the correlation between mean snow depth measurements to Brooklyn Lake snow
telemetry (SNOTEL) snow depth data.

Keywords: snow depth; winter season index; uncertainty; snow water equivalent; modeling; fun in
the snow

1. Introduction

In snow dominated areas, it is important to understand the quantity and distribution
of snow for purposes of streamflow forecasting [1]. In mountainous terrain, one of the
most apparent characteristics of the snowpack is its spatial heterogeneity [2–8]. Moun-
tain topography can produce complex patterns of snow distribution, accumulation, and
ablation [9]. The snowfall deposition and snowmelt patterns are a result of temporally
consistent interactions between the localized meteorology and terrain [10]. Different studies
have identified topography, solar radiation, wind, slope, aspect, and vegetation as impor-
tant drivers that control snow depth and snow water equivalent (SWE) variability [5,10–19].
The resultant distribution of snow often has a similar pattern from year to year [16,20] based
on topography, canopy, if present, and wind characteristics, i.e., speed and direction [14,15].
These distribution patterns and the associated topography (and canopy) dictate further
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distribution and ablation processes [19] that dictate peak streamflows out of the basin [21],
baseflow characteristics [22], and groundwater recharge [23].

Grayson et al. [20] identified three distinct ways to identify patterns: (1) “lots of points”
(LOP), where there is a sufficiently dense array of point measurements to be interpolated to a
pattern; (2) “binary data”, such as the presence or absence of snow cover; and (3) “surrogate
data”, used to create correlations between the snow and easily established patterns such as
topography and vegetation. Snow depth distribution studies utilize at least one or more of
these three sampling methods. For example, topographic parameters are used to explain
the spatial heterogeneity of snow depth through statistical approaches, including linear
regression models [24,25], multiple linear regression models [18,19], binary regression
trees [5,13,14,26], general additive models [27,28], and geostatistical models [5,15,17,29].

Results suggest that winter season indices can be applied to consistent snow pat-
terns [15,16,20]. The character of a winter season can be defined by features including
temperature averages and extremes [30], snowfall totals [30,31], snow depth [30,31], and
the winter duration [32]. A snowfall index [31], a snow drift factor [33], a winter season
severity index [30], and a climatological grid index [16] have all been used to evaluate and
improve distributed snow models [33–35]. A winter season index allows quantities such
as averages, percentiles, and extremes to be calculated to establish a baseline year across
individual years [30]. Such an index would compare snowpack characteristics, such as
depth, in a particular year to the long-term average.

Snow accumulation and distribution patterns are often consistent over
time [3,10,15,16,20,36–38]. This leads to the question: are spatial patterns sufficiently con-
sistent across years with abundant measurements so that we can confidently use sparse
measurements in other years to extrapolate the snowpack patterns? Here, we evaluate
whether snow depth distribution patterns are consistent over a 10-year period within a
sub-alpine basin, West Glacier Lake, in Wyoming, U.S.A., and whether spatial patterns
are sufficiently consistent across years with abundant measurements so that we may con-
fidently use sparse measurements in other years to extrapolate the snowpack patterns
and estimate basin mean snow depth. The specific questions for this study are as follows:
(1) Do snow depth measurements reveal a consistent snow depth distribution over time?
(2) What snow depth interpolation model provides the best representation of snow depth
distribution? (3) What are the dominant topographic parameters that control snow distri-
bution, and do they vary over time? (4) Can a winter season index be used to quantify
basin snow depth?

2. Study Site

The study site is the West Glacier Lake watershed (WGLW) in the Snowy Range
Mountains, Wyoming (41◦22′3′′ N latitude and 106◦15′30′′W longitude) (Figure 1a). WGLW
is part of the US Forest Service’s Glacier Lakes Ecosystem Experiments Site (GLEES)
developed to conduct research on the effects of atmospheric deposition on alpine and
subalpine ecosystems [39]. Approximately 5.75 km2 in size, GLEES consists of three small
watersheds beneath a northeast–southwest ridge. WGLW is 0.61 km2 in size and ranges
in elevation from 3277 m at the lake outlet to 3493 m at the top. The landscape contains
Engelmann spruce (Picea engelmannii) and subalpine fir (Abies lasiocarpa) forests with some
limber pine (Pinus flexilis) in the lower portions and krummholz stands of the same species
at the higher elevations (~40%); bare rock outcrops (~48%); open water (~7%); and a
permanent snow field (~5%) [29,39]. The mean annual temperature is −1 ◦C at the outlet
and −2.5 ◦C at the top of the basin [40]. Mean annual precipitation is 1200 mm, with
approximately 75 to 85% falling as snow, which typically remains from late October to early
June [36,40]. Large inter-annual and spatial variability exists among measured precipitation
quantities [29,41], as seen at the five precipitation monitoring stations within 4 km of
GLEES: National Atmospheric Deposition Program (NADP) WY00 and WY95, Clean Air
Status and Trends Network (CASTNET), GLEES Tower, and Brooklyn Snowpack Telemetry
(SNOTEL). This region is dominated by strong westerly winds that range between 0 and
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26 m/s with an average of 8 m/s [40]. Topographic and consistent climatic conditions
within the region create an optimal environment to evaluate whether snow distributions
repeat over time [35].

Figure 1. (a) Topographic map of West Glacier Lake watershed. Snow depth sample locations and
summary statistics for sample year (b–k) 2005 to 2014, and (l) all year locations (n = 3382).

3. Data and Methods
3.1. Survey Data

Snow depth data were collected by manual snow surveys across the WGLW from
2005 through 2014, during or close to peak snow accumulation each year (generally late
April to early May) on an approximate 50 m measurement grid using an aluminum snow
depth probe with 0.01 m graduations (purchased from https://snowmetrics.com/, last
accessed 3 December 2021) [41]. Snowpacks in the WGLW usually exhibit a large spatial
variability, and topographic parameters apply a strong, but consistent control on their
distribution. At each snow depth measurement location, either three or five snow depth
measurements were recorded to the nearest 0.01 m, and the locations were recorded with
a global positioning system (GPS) with an approximate horizontal accuracy of +/− 5 m.

https://snowmetrics.com/
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Multiple snow depth measurements were taken at a specific location to limit the effect of
local anomalies related to microtopography, rocks, woody material, or other limitations of
reaching the ground surface [42] and to account for grid size scale uncertainty [5,7,43]. The
mean snow depth was obtained by averaging all the measurements at a specific location.

The advantage of analyzing a multiyear data set is that it allows for the evaluation
of topographic controls and to identify whether snowpack depths are consistent across
years. From measurement years 2005 through 2009, between 400 and 500+ measurement
locations were collected; the measured snow depth data contained similar sampling spatial
distributions across the entire watershed and measurements had similar summary statistics
(mean, standard deviation, and coefficient of variation) for those five years (Figure 1;
Table 1). This is compared to the between 100 and 300 measurements collected near peak
snow accumulation between 2010 and 2014, with inconsistent snow depth sample locations
across the basin and a focus on the lower elevations and flatter terrain (Figure 1; Table 1).
Therefore, the snow depth measurement years were split into two groups for modeling and
evaluation: (1) measurement years 2005 through 2009 were used to determine whether a
consistent snow depth distribution could be identified and if this snow depth distribution
could be quantified and (2) the remaining measurement years, 2010 through 2014, were
used to evaluate reduced measurement location years.

Table 1. Summary of snow depth sample measurements for WGL snow surveys, concurrent Brooklyn
Lake SNOTEL snow depth measurements, and simulated snow depth statistics. The difference
and percent difference are calculated from the sample basin mean depth to the simulated basin
mean depth.

Sample Year Number of
Samples

Sample
Mean Depth

(cm)

Sample
Standard
Deviation

(cm)

Sample
Coefficient
of Variation

Brooklyn
Lake Snow
Depth (cm)

Simulated
Snow Depth

(cm)
Difference

(cm)
Percent

Difference

2005 538 182 98 0.54 117 187 5 3%
2006 395 176 105 0.60 147 206 30 17%
2007 520 198 107 0.54 152 209 11 6%
2008 407 217 104 0.48 180 227 10 5%
2009 408 204 90 0.44 175 224 20 10%
2010 182 266 98 0.37 180 227 −39 −15%
2011 118 285 118 0.42 287 295 10 4%
2012 255 173 107 0.62 91 170 −3 −2%
2013 294 195 102 0.52 157 212 17 9%
2014 265 226 99 0.44 208 245 19 8%

3.2. Topographic Parameters

Seven topographic parameters (called parameters since they do not change over
time) of elevation, slope, aspect, northness, solar radiation, water ponding, and maximum
upwind slope (see Appendix A) were considered as independent variables in snow depth
models to improve the interpolated estimates [5,12,13,44–46]. Vegetation was not used as
a predictor due to the limited vegetation within WGLW. A 5 m digital elevation model
(DEM) was generated by the U.S. Forest Service (USFS) based on aerial photographs and
infrared imagery [47], and these data were used to derive all topographic parameters. A
description of the parameter derivation is provided in Appendix A.

The topographic parameter elevation was considered since precipitation generally
increases with elevation due to orographic lifting [2,11,48–50]. Even in low relief basins,
small changes in elevation can alter snow distribution processes through wind scour and
deposition. Slope is an important terrain feature affecting the snow depth distribution [51].
In topographically similar terrain, snow depth can be exposed to high wind shear forces: a
slope that is oriented toward the mean wind direction tends to have a decrease in snow
depth whereas a downwind-facing slope tends to have an increase in snow depth [48].
Aspect has been attributed to the snowmelt effect [11]. The exposure of the slope aspect to
the sun can affect solar radiation inputs, which in turn controls snowpack temperature and
stability [49,52]. Solar radiation influences snowmelt. Northness is commonly considered
as a substitute for solar effects [5]. A solar radiation index was calculated for the basin for
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the 15th of each month from December to April, as per previous research [5,12,13]. The
average monthly value for the five dates was used as an index of direct solar radiation
during the accumulation season [53].

Water ponding depth is a parameter used to delineate drainage paths and depres-
sions [44]. In windswept landscapes, such as GLEES [36], it can be an indicator of a topo-
graphic low points where there is significant snow accumulation [44,54]. Water ponding
represents the depth (m) of surface depression on the surface in regard to the surroundings
in elevation [44]. To capture this process, a ponding depth [44] parameter was estimated
and used in the modeling of snow depth distribution.

Strong winds interact with local topography and are critical to the creation of het-
erogeneous snow depth distribution, often cited as one of the dominant influences on
snow accumulation and distribution [3,5,14,19,35,55]. Accounting for wind interactions is
a crucial process to aid in the understanding of snow distribution and snow variability. To
capture this process, a wind shelter index [56] was used to aid in the modeling of snow
depth distribution.

3.3. Interpolation Methods

In this study, we compared three commonly used interpolation methods (binary re-
gression tree, multiple linear regression, and generalized additive models) that are applied
in snow depth distribution research. The binary regression tree (BRT) method and multiple
linear regression (MLR) models were selected for ease of calculation, interpretation of
results, and due to previous success in snow distribution studies [5,7,13,42,45,57]. Gen-
eralized additive model (GAM) methods were selected for the ease of calculation, the
ability to capture non-linear interactions, and due to previous success in snow distribution
studies [27,28,46,58]. More details on these methods are provided in Appendix B. Models
with the lowest deviance and highest coefficient of determination (r2) were selected.

The calibration measurement years 2005 through 2009 were used to assess the three
interpolation methods (Table 1). To assess the accuracy of the interpolation methods, cross-
validation was used to compare the estimated and the observed values. The predicted snow
depth values were used to calculate error estimates such as mean absolute error (MAE),
root mean squared error (RMSE), and Willmott’s index of agreement (D) statistics [59].

To evaluate the calibration years, we ran the optimal model type using data from four
of the five focus years (2005 to 2009) and omitted one year at a time. Fit statistics were
computed from each four-year modeled snow depth and the snow depth observed in the
omitted year. Residuals were computed between the modeled snow depth values and
those observed in the omitted year. The correlation coefficient was computed between the
residuals and each of the seven topographic parameters to identify any spatial bias.

3.4. Standardized Snow Depth Distribution

Our study focused on the repeatability of snow depth distributions using the model
interpolated snow depth distributions and observed snow depth measurement locations
across WGLW from different years. We examined the modeled snow depth distributions
to the observed snow depth data to correlate snow depth patterns from different years.
Modeled snow distributions for each year were standardized by the basin mean snow
depth based on snow depth measurements. Standardized snow depth values (SDV) were
calculated based on the methods of Sturm and Wagner [16]:

SDVi =
di

µd,y
(1)

where di is the modeled snow depth at grid cell I and µd is the survey snow depth measure-
ment location’s mean snow depth for year y. From the 2005 through 2009 SDV patterns, we
developed a climatological snow distribution pattern (CSDP) by calculating the arithmetic
mean of five survey patterns [16].
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3.5. Climatological Snow Distribution Pattern Uncertainty

To quantify the uncertainty in snow depth distribution of the estimated SDV grids
that were used to estimate the CSDP, we conducted a Monte Carlo analysis that used
repeated random sampling of input variables to calculate a distribution of output variables.
Monte Carlo methods utilize computational algorithms to model the probability of different
outcomes in a process that cannot easily be predicted due to the intervention of random
variables and/or uncertainty [60]. We repeated the random sampling process 2000 times,
resulting in a distribution of CSDP values based on the mean and standard deviation of the
scaled snow depth grids.

3.6. SNOTEL Data and Winter Season Index

The Natural Resources Conservation Service (NRCS) operates a snow pillow sensor at
the Brooklyn Lake SNOTEL site (3121 m). Table 1 shows the snow depth measured at the
SNOTEL site obtained from the USDA NRCS website (https://www.wcc.nrcs.usda.gov,
last accessed 27 October 2021) during the snow depth measurement dates compared to the
WGLW mean measurement depth. The WGLW measurements occurred near or at the peak
SWE date. Since the Brooklyn Lake SNOTEL site is within 2 km of WGLW, these data were
used to scale the SDV distribution within a WGLW.

A winter season index was estimated based on the ordinary least squares (OLS)
correlation between mean snow depth measurements by year to Brooklyn Lake SNOTEL
snow depth data by year following methods discussed in Erickson et al. [15] and Mayes
Boustead et al. [30]. The OLS correlation was investigated for the five calibration years and
for all 10 sample years. The winter snow depth season index was applied to the CSDP to
provide a direct scaling of snow depth distribution for WGLW. The scaled snow depth was
calculated by

SDi = CSDPi ∗WSDindex, y (2)

where SDi is the snow depth at grid point i, CSDPi is the climatological snow distribution
pattern snow depth at grid point i, and WSDindex,y is the winter snow depth season index
for year y.

4. Results
4.1. Snow Survey Data

The snow depth distribution was modeled using 10 years with a total of 3382 depth
measurements (each representing the mean of three or five measurements per location)
(Figure 1), ranging from 118 measurements in 2011 to 538 measurements in 2005 (Table 1).
The 10 years encompassed normal snow years, as well as record dry (2012) and wet (2011)
snow years. Most other datasets have fewer snow depth measurements and/or fewer
years of data [29]. The average snow depth ranged from 173 to 285 cm with an annual
coefficient of variation (CV) ranging from 0.37 to 0.62 (Table 1); these values are within
the range of 0.33 to 0.63 reported by Elder et al. [3]. A summary of each of the 10 years
is presented in Table 1. The spatial extent of measurements varied inter-annually due to
weather conditions, the number and experience of field personnel, and safety concerns
(Figure 1), with the snow depth measurements ranging from 0 to 505 cm (Table 1).

4.2. Selection of Model

Three interpolation models were used to estimate the dependent variable of snow
depth. We used the 2006 snow depth data set to evaluate the performance of the three
interpolation methods. The 2006 data set was selected based on a balance between sample
distribution and the number of sample points; although 2006 had the least amount of
sample points (by twelve), it had a larger standard deviation and coefficient of variation,
which provide a more robust data set to test interpolation methods. The best predictor
was the GAM model with an MAE, RMSE, and D of 68 cm, 86 cm, and 0.715, respectively,
with a basin mean snow depth of 197 cm (Figure 2a). The MLR model provided a decent

https://www.wcc.nrcs.usda.gov
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representation of the snow depth distribution and the influence of wind redistribution, but
had overall poor snow depth estimates: the MAE, RMSE, and D were 86 cm, 103 cm, and
0.396, respectively, with a basin mean snow depth of 190 cm (Figure 2b). The pruned ten
node BRT model has a similar basin mean snow depth (196 cm), but provided the poorest
snow depth distribution estimate, similar to that of López-Moreno and Nogués-Bravo [27].
The topographic and wind redistribution parameters were not well represented around the
lake (Figure 2c), as illustrated by the error statistics for this method (MAE of 86 cm, RMSE of
109 cm, and Willmott’s D of 0.552). The MLR and GAM methods provided better estimates;
from our results (Figure 2) and the literature [27,28,46,58], we used GAM methodology
with topographic parameters to estimate the distribution of snow depth across the study
domain for the subsequent analysis.

Figure 2. The distribution of snow depth computed using three statistical interpolation techniques:
(a) GAM, (b) linear regression, and (c) binary regression tree for 2006. The mean snow depth (cm) is
presented in the upper left corner, and error statistics are presented in the lower left (mean absolute
error or MAE) and lower right corner (Willmott’s D).

All seven topographic parameters were identified as significant predictors of the WGL
distribution of snow depth for at least two of the five calibration years (2005–2009, Table 2).
Slope was statistically significant for all calibration years, with elevation being significant
for all years except 2009 and aspect being significant for three years (Table 2). Ponding
was significant (p < 0.05) in one year and moderately significant (p < 0.1) for three years
(Table 2). The sample year 2009 had a different parameter set compared to the other four
years. The four topographic parameters that were significant (elevation, slope, aspect, and
maximum upwind slope) (Table 2) for at least two calibration years were used to estimate
the distribution of snow depth for each calibration year. To illustrate the ability of GAMs
to capture non-linear correlations, the GAM response curves for calibration years 2006
and 2008 were examined in detail to examine the effects that the individual topographic
parameters had on the estimated snow depth (see Supplementary Materials, Figure S1).

Table 2. Topographic parameters used with the GAM method to estimate the distribution of snow
depth for WGL, illustrating the parameters used for each year and the level of significance: *** is
p ≤ 0.001, ** is p ≤ 0.01, * is p ≤ 0.05, and + is p < 0.1.

Sample Year Elevation Solar
Radiation Slope Northness Aspect Ponding Maximum

Upwind Slope

2005 *** + *** +
2006 *** * *** + *
2007 * * ** *** **
2008 *** ** + *** +
2009 * + **

Using multiple years in the GAM framework yielded consistent results in terms of the
fit statistics (Table 3). The statistics were not quite as strong as the GAM model with the
2006 data (Figure 2a). The correlation between residuals and the topographic parameters
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(listed in Table 2) were small (Table 3). The best correlation was between the four-year
model omitting 2006 and elevation (r = 0.29; Table 3; Supplementary Materials, Figure S2).
All other correlations were smaller than 0.2.

Table 3. The fit of the multi-year GAM model, in terms of the mean absolute error (MAE) and
Willmott’s D, and the correlation between topographic parameter and omitted year snow depth
residual. Note that * indicates that the parameter was not included in the model omitting a specific
year (2006 to 2008 for northness and 2009 for maximum upwind slope).

Omitted
Year

Snow Depth
Correlation Correlation with Residual

MAE D Elevation Solar
Radiation Slope Northness Aspect Ponding

Max.
Upwind

Slope
2005 73 0.608 −0.06 −0.03 0.01 −0.11 −0.05 0.17 0.01
2006 73 0.559 0.29 0.18 0.16 −0.02 * 0.10 −0.10 −0.02
2007 72 0.598 −0.15 −0.03 −0.02 0.11 * −0.01 −0.09 −0.01
2008 73 0.568 0.07 −0.06 −0.07 0.07 * 0.10 −0.03 −0.04
2009 75 0.575 −0.15 −0.13 −0.10 0.01 −0.09 0.06 0.03 *

4.3. Standardized Snow Depth and Pattern Repeatability

The patterns of snow depth distribution were similar from year to year, with the
deepest snow on the east facing slopes and the shallowest snow on the west facing slopes
(Figure 3). The five years of SDV data (Figure 3) were used to develop the CSDP (Figure 3f)
by calculating the arithmetic mean of five SDV grids. The Monte Carlo analysis provided
a sensitivity of the normalized basin mean snow depth (1.038). This mean snow depth
was within 1% yet estimated a larger range in SDV variability. The snow depth pattern
repeatability was computed with the Pearson’s correlation coefficient (r) for the CSDP
versus individual years SDV (Figure 4). This pattern repeatability ranged from 0.78 to 0.88
with a mean of 0.83 (Figure 4). This is within the range of 0.70 to 0.89 reported by Pflug and
Lundquist [10]. A highly correlated pattern repeatability is important since it indicates that
the estimated CSDP can be used to simulate the distribution of snow depth patterns with a
reasonable degree of confidence [10,16].

Figure 3. The estimated standardized distribution of snow depth values (SDV) and the mean SDV in
the upper left corner for (a–e) 2005 to 2009, and (f) the mean over 2005–2009.
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Figure 4. The CSDP (Pearson correlation, r) computed from standardized climatological snow depth
pattern and the SDV of individual years. The mean r value at 0.83 is represented by a vertical red
dashed line.

4.4. Winter Season Index

The WGL winter season index was estimated from the Brooklyn Lake snow depth data
(see Supplementary Materials, Figure S3) and their correlation to mean annual measured
snow depth. Brooklyn Lake snow depth and the WGLW measured snow depth mean
were correlated for (a) the ten measurement years (r2 = 0.75) and (b) the five calibration
measurement years (r2 = 0.69) (Figure 5). The correlation between the Brooklyn Lake snow
depth and the WGLW measured snow depth mean (Figure 5 was used as the winter season
index since the correlation was high (r2 = 0.75). For snow depth, five of the survey dates
occurred during above normal (median) years, five during below normal years, one (2011)
was above the 90th percentile, and one (2012) was below the 10th percentile.

Figure 5. The correlation between the observed or measured annual mean snow depth and the
Brooklyn Lake SNOTEL snow depth for all years (2005 to 2014 in grey circles) and the calibration
years (2005 to 2009 in orange triangles).

4.5. Simulated Snow Depth

The combined winter season index, the CSDP, and the measured snow depth estimated
the distribution of snow with good accuracy with an average difference within 10 percent
(Table 1; Figure 6). The mean simulated to observed basin snow depth difference was 8 cm,
and the percent difference for the ten years was 5% (Table 1). The snow depth estimated
for the record dry (2012) and wet (2011) years were captured well, with the basin mean
difference of less than 10 cm and the percent difference of 5% (Table 1).
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Figure 6. The estimated distribution of snow depth for the 10 study years: (a–j) 2005 to 2014, where
snow depth was sampled at approximately the time of peak snow accumulation. The percent
difference from the 10-year mean snow depth (169 cm) estimated from the Brooklyn Lake SNOTEL
snow depth sensor is presented in the upper left of each figure.

There was more variability in the measured snow depth than in the simulated snow
depth (one standard deviation shown in the dark versus light grey boxes in Figure 7). The
measurements ranged from 0 to 500+ cm, while the simulated snow depth ranged from
50 to 485 cm; minimum depth was limited in the model but maximum depth was more
similar (Figure 7). Overall, the basin mean snow depth was within 10% (Figure 7; Table 1).

Figure 7. Summary of the maximum, minimum, mean (black line), and standard deviation (grey bar)
of the observed versus simulated snow depth.

The modeled basin mean snow depth was deeper than the measured depth (Figure 7)
for the five years with the most measurements (2005 to 2009; Table 1) and in three other
years (Figure 7). In the two other years (2010 and 2011), the snow depth measurements were
concentrated at lower elevations (Figure 1g,i). Sampling year 2011 had a deep snowpack
and, although the fewest points were collected, the mean modeled snow depth was only
slightly larger than the measured snow depth (Figure 1). Sampling year 2012 also had
the next fewest number of measurements but included samples at high elevations within
WGLW (Figure 1i); thus, it yielded a better estimated basin mean compared to the observed
mean (Figure 7). There is a positive bias of the basin mean snow depth estimated when
measurements do not adequately cover the range of elevations across West Glacier Lake
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(Figures 1 and 7), supporting the need for a model development/evaluation based on 2005
to 2009 alone, when the data are better distributed.

5. Discussion

Numerous (3382) measurements of snow depth were collected at WGLW over the
10 study years (Figure 1; Table 1). A variety of snow years were measured, including
average snow years, as well as record dry (2012) and wet (2011) snow years (Figure 7),
yet the standard deviation of the annual measurements had a small range, from 90 to
118 cm (Figure 1). However, due to the variation in the mean, the range of the coefficient
of variation was a factor of two (0.33 to 0.63). The distribution of snow across WGLW
illustrates drifted and wind scoured patterns that were controlled by persistent westerly
winds [40] and topographic influences [29].

The LOP sampling method is labor intensive [20], yet it provided a robust dataset
that was able to confirm a consistent snow depth distribution and repeatability (Figure 4)
with the same accuracy as airborne LiDAR surveys (ALS) [10]. More advanced snow
depth sampling methods, such as ALS [10,37,61], can likely spatially improve the sampling
footprint (~1 m). Recent ALS efforts [62] illustrate that an increase in the temporal sampling
frequency of sampling is possible [10].

The topography of WGLW dictates its distribution of snow; spatial interpolation
techniques such as binary regression tree models, MLR models, geostatistical models,
and GAM methods have been used to estimate snow depth and SWE distribution in
complex terrain with good results [5,15,18,19,27,28,42,45,58]. Spatial modeling results
indicated the GAMs provided more robust and better estimates of the basin mean snow
(Figure 2), while MLR and binary regression tree models provided a decent estimate of
the basin mean snow depth (Figure 2) but showed a relatively low predictive capability
similar to that found by López-Moreno and Nogués-Bravo [27]. In this study, as in recent
studies [27,28,46,58], the snow depth distribution modeling was performed using GAMs
with topographic parameters to capture the nonlinear interactions controlling snow depth
distribution. While this study utilized GAM interpolation methods, it also illustrated the
methods to estimate a CSDP based on snow depth samples, how to estimate and apply a
winter season index with limited snow depth samples and/or surrogate information for
the CSDP to estimate a basin mean snow depth and spatial pattern.

Here, the optimal approach was chosen based on one year (2006) that had a good
distribution of sampling, with almost 75% of the sampling points of the maximum number
collected and a larger CV than other years in the testing period of record (Figure 1 and
Table 1). Other investigations have compared interpolation methods in detail, such as
Erxleben et al. [13], Hultstrand [29], and López-Moreno and Nogués-Bravo [46]. However,
these only focused on one time period of data collection, though Erxleben et al. [13]
examined several locations. Hultstrand [29] compared nine spatial interpolation methods
for the same location (study year 2005). Such analyses are important, as the optimal
model can vary depending on the location [13] or inter-annual variation in snowpack
patterns, especially shallow (in this study, 2012) and deep (in this study, 2011) snow years
(Figures 1, 6 and 7 and Table 1). Not only are snowfall quantities different in extreme snow
years (Table 1), other processes have differing importance, such as sublimation, which was
shown to disproportionately alter the amount of snow on the ground between 2011 and
2012 at this study site [63].

Mountain snow depth distribution is highly variable and typically controlled by meteo-
rologic and topographic parameters [9,10,14,15]. We identified four topographic parameters
that influenced snow depth distribution that were significant and consistent among the
years for elevation, slope, aspect, and maximum upwind slope (Table 2; Figure S3), similar
to other studies [14,56]. The slope parameter has been found to largely explain the snow
distribution in steep terrain related to snow redistribution, avalanches, and as a surrogate
for solar radiation [12,13,51] and northness [7,17,42,53]; in this study, slope was identified as
the most significant parameter controlling snow depth distribution. Elevation is important
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for larger scales [24] and still relevant for more flat, forested terrain [7,13]; here, it was the
second most important parameter (Table 2). Elevation and slope are correlated; where
there is a larger elevation gradient across a study domain, especially a small domain, i.e.,
where measurements are meters to tens of meters apart (rather than kilometers, such as in
Fassnacht et al. [24]), the slopes are steeper. Water ponding [44] is a partial surrogate for
the topographic position index, that has been used as an indicator of the distribution of
snow depth [19]; here, it was minimally relevant (Table 2).

Where large elevational differences exist, elevation explains much of the snow distri-
bution [5,12,13,24], or in some cases such as WGLW (Table 2), limited elevational differ-
ences [7]. Aspect was the second most significant variable. The maximum upwind slope
has been found to largely explain the snow distribution in areas of topography that have
consistent prevailing winds [3,5,14,19,55].

We modeled snow depth distribution for five calibration years (2005 to 2009) with
a high degree of accuracy and repeatability (r = 0.83). These five years were used to
estimate a CSDP for WGLW. To characterize the winter season in regard to precipitation
magnitude, we developed a winter season index for WGLW based on the nearby Brooklyn
Lake SNOTEL station data. Then, the CSDP and winter season index were used to estimate
the at or near peak distribution of snow depth with a relatively high confidence for years
with fewer measurements. The estimated basin mean snow depth represented the snow
depth measurements well (r2 = 0.75), but as is typical with many models, it did not capture
the range of snow depth measurements as well (Figure 7). To estimate snow depth for
years with limited or no snow depth samples, the winter season index, based on Brooklyn
Lake’s snow depth near peak accumulation, can be used to estimate the mean snow depth
at the WGLW basin (Figure 5) and the CSDP (Figure 3f) can be applied to estimate the
snow depth spatial distribution when snow depth data are not collected. However, when
direct samples of snow depth are available then, GAMs can successfully model snow depth
distribution and SWE using topographic indicators to capture the nonlinear interactions
controlling snow depth distribution

Hydrological applications require the snowpack to be characterized in terms of SWE
rather than snow depth [2,11,24]. Measuring and/or estimating snow density and SWE
requires substantially more effort than snow depth sampling [3,64]. It has been observed
that snow depth is highly variable compared to depth integrated snowpack density [3,64],
and SWE is strongly correlated to snow depth [12,64]. Therefore, much fewer density
measurements are needed to capture the variability in density, and thus SWE, than snow
depth. Thus, good estimates of the distribution of snow depth (Figures 6 and 7) with an
adequate number of density measurements [64] can be used to estimate SWE.

Under a changing climate, snow distribution for a given date, such as 1 April, may
be less repeatable during water years where deviations from normal temperature and
precipitation influence the amount and precipitation phase [10]. Although snow depth for
a given date may change, the underlying interaction of topography and meteorological
patterns that influence snow distribution should not change. This implies that the modeled
CSDP and winter season index methods discussed should be applicable to estimate snow
depth distribution in WGLW under future climate conditions.

This study helps to advance the science by estimating snow distributions within a
small watershed using CSDP and WSI methodology over a 10-year period; it is important
to highlight some of the limitations and potential future investigations. The limitations of
this study are that it is focused on a high elevation, windy environment. The LOP snow
depth sampling method was used, which is only relevant for small basins. The accuracy of
the CSDP is influenced by the GAM interpolation methods and the 5 m. Future research
that is focused on simulating the processes driving snow distribution or the development
of CSDP at fine resolution (1 m), based on field measurements and ALS, may be particularly
useful for model evaluations [10], to investigate snow distribution repeatability [16] and to
quantify uncertainty.
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6. Conclusions

Ten years of snow depth measurements at or on the peak were analyzed and showed
a consistent snow depth distribution over the period of measurements. A method was
illustrated to map the distribution of snow depth. A general additive model (GAM) was
shown to be statistically superior to a binary regression tree or multiple linear regression
approaches. The GAM interpolation was able capture the nonlinear nature of the corre-
lation between snow depth and the topographic parameters. The parameters that were
significant predictors of the distribution of snow depth were elevation, slope, aspect, and
maximum upwind slope. The GAM was used with topographic parameters to estimate a
climatological snow depth pattern which was scaled based on a winter season index with
high accuracy, both quantitatively and qualitatively.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/atmos13010003/s1, Figure S1: Significant topographic parameters elevation (a,e); slope
(b,f); aspect (c,g); and maximum upwind slope (d,h) non-linear relationships to snow depth for
sample years 2006 and 2008, Figure S2: The strongest correlation for all topographic parameters
and multi-year models (r = 0.29) for the residuals from the multi-year model omitting 2006 versus
elevation. All other residual versus topographic parameter correlations (Table 2) were less than 0.19.
Figure S3: Snow survey dates plotted on top of snow depth data from the Brooklyn Lake SNOTEL site
for available years of data: 2004 through 2021. The gold symbols are the survey dates and associated
SNOTEL date values.

Author Contributions: Methodology, D.M.H. and S.R.F.; software, D.M.H.; formal analysis, D.M.H.;
investigation, D.M.H., S.R.F., J.D.S. and C.A.H.; resources, D.M.H.; data curation, D.M.H.; writing—
original draft preparation, D.M.H. and S.R.F.; writing—review and editing, D.M.H., S.R.F., J.D.S. and
C.A.H.; supervision, S.R.F. and J.D.S. All authors have read and agreed to the published version of
the manuscript.

Funding: This research did not have any direct funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Hourly meteorological data of air temperature, solar radiation, relative
humidity, scalar wind speed, wind direction, soil temperature, and wet–dry sensor measurements
from the Glacier Lakes Ecosystem Experiments Site (GLEES), in the Snowy Range near Centennial,
Wyoming [65]. The snow depth field sample dataset is currently in the formal data review process [66].

Acknowledgments: Numerous individuals assisted with field work and the collection of the data
at the Glacier Lakes Ecosystems Experiments Site over the 10 years; we thank them for their hard
work. Robert Musselman and John Korfmacher of the Rocky Mountain Research Station (RMRS)
provided logistical support, access to the site in the winter, and access to the data; we are grateful for
this support. We thank the two anonymous reviewers provided good insight.

Conflicts of Interest: The authors declare no conflict of interest.

Appendix A. Topographic Parameters

This Appendix summarizes the topographic parameters and their derivation.

Appendix A.1. Elevation

Point elevation was extracted directly from the 5 m digital elevation model (DEM).
This DEM was then used to generate the snow depth maps.

Appendix A.2. Slope

Slope was calculated from the DEM using the Spatial Analyst Tool in ArcGIS® [67].
This function calculates the maximum rate of change between each cell and the surrounding
cell. Each cell in the output raster has a slope; a lower slope corresponds to flatter terrain
while a higher slope represents steeper terrain.

https://www.mdpi.com/article/10.3390/atmos13010003/s1
https://www.mdpi.com/article/10.3390/atmos13010003/s1
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Appendix A.3. Aspect

Aspect was calculated from the DEM using the Spatial Analyst Tool in ArcGIS® [67].
This function identifies the steepest downslope direction from each cell to its neighbors.
Each cell in the output slope raster is a categorical value representing the direction that the
cell’s slope faces.

Appendix A.4. Northness

Northness was calculated as the product of the sine of the slope and the cosine of the
aspect [5].

Appendix A.5. Solar Radiation

The Solar Analyst is an ArcGIS® extension that computes various components of
solar radiation following the routine of Fu and Rich [68] using the elevation, slope, and
aspect rasters summarized in Appendix A.1–A.3. Here, the clear sky solar radiation was
computed to consider the shading from surrounding hillslopes.

Appendix A.6. Ponding

Ponded water is the depth (m) of any surface depression compared to the surrounding
cells and is determined from the DEM [44]. Ponding depth was computed as the difference
from the 5 m DEM and the filled (FILL function in ArcGIS®) or modified block-filter average
smoothed DEM.

Appendix A.7. Maximum Upslope Wind

The maximum upwind slope parameter (Sx), defined by Winstral and Marks [56], is

SxA,dmax(xiyi) = max

tan−1

 ELEV(xvyv)− ELEV(xiyi)(
(xv − xi)

2 + (yv − yi)
2
)0.5


 (A1)

where A is the azimuth of the search direction, dmax is lateral search distance, (xi,yi) are the
coordinates of the cell of interest, and (xv,yv) are the set of cell coordinates located along the
line segment defined by (xi,yi), A, and dmax. Negative Sx values indicate exposure relative
to the shelter-defining pixel (i.e., the cell of interest is higher than the shelter defining pixel).

Averaging the Sx value across the upwind direction is shown to be more robust to
both natural and systematic deviations [56]. The mean maximum upwind slope parameter
(Sx), defined by Winstral and Marks [56], is

SxA,dmax(xi, yi)|A2
A1

=
1

nv

A2

∑
A=A1

SxA,dmax(xi, yi) (A2)

where A1 and A2 define the outer limits of the upwind directions, A bisects A1 and A2, and
nv is the number of search vectors in the window defined by A1 and A2.

Appendix B. Interpolation Models

Appendix B.1. Binary Regression Tree

BRT models estimate dependent variables from a group of independent variables
(here parameters, since they are constant over time) in a non-linear hierarchical manner
through a series of binary decisions [69]. Snow depth data are often related to independent
variables in a non-linear and hierarchical manner [5,13]. Binary recursive partitioning bin
together increasing homogenous subsets of data. Detailed explanations of BRT fitting,
pruning, and cross-validation are found in Balk and Elder [44], Breiman et al. [69], and
Elder et al. [70]. The optimal combination of topographic parameters within a specific BRT
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model was selected based on the lowest deviance and highest coefficient of determination
(r2) [71].

Appendix B.2. Multiple Linear Regression

MLR models can estimate the non-linear correlations between a dependent variable
and one or more independent variables, and thus go beyond traditional linear regression
models. The MLR model approach was used for snow depth versus topographic parameters.
The initial parameter was selected based on the largest correlation with snow depth. The
stepwise addition of parameters continued until the addition/removal of new variables no
longer increased the correlation coefficient by a specific amount, as per the procedure of
Fassnacht et al. [24].

Appendix B.3. Generalized Additive Model

GAM models go beyond linear regression models by applying non-parametric smooth-
ing functions to each predictor and additively calculating the component response [27,72].
GAM models can incorporate non-Gaussian error distributions and non-linear correlations
between response and predictor variables.
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