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ABSTRACT 
 

 The high degree of spatial variability of snow in complex terrain remains the greatest hurdle for obtaining 
more accurate forecasts of snow water equivalent in the Western United States.  Expanding on previous work using 
repeated manual snow survey transects, we employ four independent airborne LiDAR scans of a 1-km2 study site at 
Walton Creek in northern Colorado at different moments during the accumulation period (snow-free, early season, 
mid-season, and max-SWE) to show that distribution patterns of snow depth maintain consistency from year to year.  
Though the LiDAR acquisitions occurred throughout different winter seasons, drifting and scouring locations 
remained relatively unchanged for the three snow-on surveys.  By normalizing and standardizing each of the three 
datasets of snow depth we determined a correlation cutoff value for extracting drift and scour locations from the 
remainder of the study area.  Next, we used the known drift and scour locations to optimize and tune the terrain 
parameters of the wind redistribution model component of Isnobal, a physically-based, energy- and mass-balance 
snow model developed by the USDA-ARS.  Finally, the optimal cutoff values for the wind model terrain parameters 
are applied to a nearby site with similar physiographic features to Walton Creek where changes in snow depth were 
estimated from the early- and mid-season LiDAR surveys.  Early results reveal that this technique can predict broad 
areas of drift and scour, but struggles with very small-scale features, likely due to physical factors that are not 
accounted for by the simple wind model. (KEYWORDS: LiDAR, snow extent, drift, scour, Isnobal) 

 
INTRODUCTION 

 
 Obtaining accurate estimates of snow water equivalent, or SWE, in snow-dominated mountain catchments 
is the primary goal for all operational hydrologic snow models.  Up until around the turn of the twenty-first century, 
model validation could only be obtained manually using in situ measurements and spatial interpolation techniques 
(Elder et al., 1991; Carroll and Cressie, 1996; Erxleben et al., 2002) and then by tuning to data obtained by stream 
flow gauges and satellite estimates of snow-covered area.  Now, novel remote sensing techniques are allowing direct 
measurements of snow depth at extremely high spatial resolutions (Hopkinson et al., 2004; Deems et al., 2006; 
Schirmer et al., 2011), thus creating new dilemmas for distributed models that previously focused solely on SWE 
rather than depth. 
 
 Due to the lack of forcing data in isolated mountain areas, many distributed hydrologic snow models are 
implemented at a much lower resolution than the hillslope-scale (10 – 100 meters), thus producing averaged 
predictions over regions comprised of high micro-scale (<10 meters) spatial variability in snow cover.  However, the 
affect of such spatial variability on the operational models has not been thoroughly tested or quantified.  One such 
model – the SNOw Data Assimilation System or SNODAS, administered by NOAA’s National Operational 
Hydrologic Remote Sensing Center (NOHRSC) – was recently investigated using two large-scale (750-km2) LiDAR 
flights during the winter of 2006/2007 (Hedrick, 2013).  Results indicated that within deep, wind-affected 
snowpacks the micro-scale variability due to topographical complexities is a possible source of discrepancies 
between model and remote sensing estimates of snow depth. 
 
 In seasonal snowpacks, many factors actually affect the spatial variability of snow depth at the hillslope 
scale, including short- and long-wave radiation, vegetation density, and topography, but it has previously been 
shown that the largest cause of snow depth variability in treeless environments is wind during storm events (Elder et 
al., 1991; Seyfried and Wilcox, 1995; Luce et al., 1998).  Strong winds transport loose snow from windward to 
leeward slopes, preferentially depositing much of the airborne grains into drifts.  Many models currently used for 
estimating mountain SWE are not capable of accounting for the effects of wind redistribution, while on the other 
hand measuring the complex spatial variability caused by wind is not possible using conventional in situ techniques. 
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 Multi-temporal Light Detection and Ranging (LiDAR) is a remote sensing technique that can provide high-
resolution measurements of snow depth over vast geographic areas (Hopkinson et al., 2004; Schirmer et al., 2011; 
Deems et al., 2013), allowing researchers to quantify the size and extent of drift and scour zones created by wind 
transport.  Nevertheless, LiDAR is only capable of estimating snow depth and cannot directly account for SWE, 
which is the primary objective for most hydrologic snow models.  Due to the high-resolution measurements given 
by LiDAR and other techniques, models are beginning to shift toward the inclusion of higher fidelity in depth and 
density estimates in addition to SWE predictions.  This study presents the usefulness of high-resolution snow depths 
obtained from repeated LiDAR surveys for assessing and validating the effectiveness of current operational snow 
models. 
 
 Modeling how wind affects snow redistribution in heterogeneous terrain from first principles is 
computationally intensive and requires knowledge of the forcings at a resolution that is typically not available. 
Complex physics-based models have been developed to predict where drift and scour zones develop using 
meteorological and topographical data (Lehning et al., 2006; Liston and Sturm, 1998), but operational use of such 
models at scales needed for water resource planning and avalanche forecasting is not currently practical.  
Conversely, the wind model described in Winstral et al., 2009 requires merely an input DEM and calculates terrain 
parameters for given upwind directions in order to predict areas of drift and scour due to wind redistribution.  
Meteorological information is added at a later step to distribute solid precipitation for incorporation into the Isnobal 
mass- and energy-balance snow model (Winstral and Marks, 2002). 
 
 Often, high-resolution snow models use standard 30-meter DEMs as input, but topography and vegetation 
can change dramatically in complex alpine terrain in length scales much less than 30 meters.  To account for this 
complexity, portions of the Cold Lands Processes Experiments (CLPX-1 and -2) high resolution LiDAR DEMs are 
input into the wind model to observe small-scale changes in terrain, which are then compared with the LiDAR-
derived snow depth data.  A similar method was implemented by (Schirmer and Lehning 2011), which concluded 
that the output parameters from the wind model are comparably significant to snow depth measurements from 
repeated terrestrial LiDAR scans.  
 
 Of the nine intensive study areas surveyed during CLPX-1 only the Walton Creek site was revisited during 
CLPX-2, thereby providing three independent measurements of the snow depth distribution at different times during 
the winter accumulation season at this site.  These high resolution datasets, all timed before the onset of the melt 
season, furnish evidence of the interannual consistency of snow depth discussed in (Deems et al., 2008) and (Sturm 
and Wagner, 2010).  The observed consistency patterns of drifting and scouring at Walton Creek are then used to 
tune the terrain parameters obtained from the wind model. 
 

STUDY AREA 
 

 In order to analyze the inter-annual consistency of a snowpack, multiple snapshots of the snow depth 
distribution are required.  The only CLPX-1 Intensive Study Area (ISA) to be re-surveyed by LiDAR during CLPX-
2, thereby providing three independent measurements of the snow depth distribution at different times during the 
winter accumulation season, was the Walton Creek study site.  Located on Rabbit Ears Pass in the southern portion 
of the Park Range of Northern Colorado (Figure 1), the site contains a heavily wind-affected snowpack and is a 
suitable candidate for application of the wind redistribution model.  The Walton Creek site has historically been 
heavily instrumented and has been the location of various studies on spatial variability (Erxleben et al., 2002; Deems 
et al., 2006; Fassnacht and Deems, 2006; Trujillo et al., 2007). 
 
 For the CLPX-1 campaign, the Walton Creek Intensive Study Area (ISA) was originally selected to 
represent an environment with a very deep, wind-affected snowpack with sparse conifer groves, dense underbrush, 
and easy accessibility (Cline et al. 2009).  Airborne LiDAR surveys were performed twice for the CLPX-1 mission – 
once on September 19th, 2003 to supply the snow-free surface and again on April 9th, 2003, the approximate date of 
maximum snow water equivalent.  A few year later, the CLPX-2 LiDAR acquisitions were carried out over a large 
750-km2 swath that encompassed the Walton Creek ISA, providing repeated surveys on December 3rd, 2006 and 
February 22nd, 2007.  The resulting 5-meter resolution Digital Surface Models (DSMs) were then used to create 
three rasters of approximate snow depth over the Walton Creek ISA. 
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 Located directly to the east of the Walton Creek ISA lies the Dumont Lake study area, which ground crews 
intensively sampled for snow depth during each of the CLPX-2 LiDAR acquisitions of December 3rd, 2006 and 
February 22nd, 2007.  These manual measurements helped constrain remote sensing uncertainty for the LiDAR 
surveys but also revealed the difficulty involved for in situ measurements to effectively sample snow depths in 
complex terrain like that of the Rabbit Ears Pass area.  This is due to the fact that manual measurement transects will 
never be able to sample at a spatial resolution similar to that of LiDAR, and at a resolution required to resolve snow 
drift features in this environment over a reasonable geographic extent. 
 
 Due to their proximity, both the Dumont Lake and Walton Creek study areas portray similar physiographic 
features of terrain, slope, and vegetation density.  But because the Walton Creek LiDAR dataset incorporates three 
high-resolution images of snow depth at different times and in different years, we can test the correlations between 
the three acquisitions to predict areas of drift and scour within the study area.  After applying the wind model to 
derive terrain parameters within the Walton Creek site, we will execute the wind model at the Dumont Lake site to 
predict drifting and scouring given only a snow-free DEM. 
 

Figure 1.  Location of the two LiDAR study areas at Rabbit Ears Pass in Northern Colorado.  The Walton Creek area 
was surveyed on April 22nd and September 19th of 2003 as part of the CLPX-1 campaign, then again on 
December 3rd, 2006 and February 22nd, 2007 for the CLPX-2 mission, providing a snow-free, early-
season, mid-season, and peak-SWE surface throughout different years. The Dumont Lake study plot was 
scanned during the large-scale 750-km2 LiDAR survey of CLPX-2 and was the site of a simultaneous 
intensive manual measurement campaign. 
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WIND REDISTRIBUTION MODELING 
 

 The wind redistribution model described by (Winstral et al. 2013) uses geometry and a simple slope-
finding algorithm to determine the maximum upwind slope, Sx, over a user-defined search vector length.  This 
directional search calculation is performed beginning from each grid cell of a DEM in every upwind direction 
provided to the model, warranting a buffer zone surrounding the study area.  The calculated maximum upwind slope 
value is then assigned to a corresponding cell position in a newly defined raster, Sx.  This parameter describes the 
relative exposure of that cell for the given upwind direction. 
 
 Next, the model calculates the difference, Sb, between a newly calculated parameter, Sx,Local (defined by a 
shorter local search vector) and Sx,Outlying (defined by a longer search vector).  This parameter determines if any 
topographical features exist upwind that may separate wind flow, and thus allow drift formation over the cell of 
interest.  A sample calculation is depicted in Figure 2 using two hypothetical sample 20-meter resolution DSMs. 
 
 Lastly, the parameters are averaged for each upwind direction in 5° increments over an encompassing 30° 
window to account for small changes in the wind field due to small terrain features.  The resulting window-averaged 

Figure 2.  Sample terrain parameter calculations for Isnobal wind redistribution model.  a) depicts a scenario where 
the DSM cell of interest lies in the leeward side of a terrain break, has a large Sb parameter value, and is 
likely to have drift formation. b) portrays a similar cell, but this time with a much larger obstacle in the 
upwind direction, thus causing the Sb parameter to be much lower.  For each calculation the search vector 
length for Sx,Local and Sx,Outlying was 100 meters and 1000 meters, respectively. 
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terrain-

break, Sb, and maximum upwind slope, Sb, parameters are calculated over each grid cell of a DEM and stored in a 
new gridded raster library for all upwind directions 0°-355° in 5° increments. 
 

RESULTS 
 

 The Walton Creek December LiDAR-derived 5-meter DEM was used as input for the redistribution model 
to produce maximum upwind slope and terrain break parameters.  The prevailing winds for the site are 
predominantly out of the West, as shown in Figure 3, so the terrain parameters derived for the 270° upwind direction 
were used for comparison with LiDAR-derived snow depths. 
 
 The image of the calculated 270° Sb parameter for the Walton Creek ISA is depicted in Figure 4, while the 
LiDAR-derived change in snow depth from the CLPX-2 LiDAR surveys for December to February is shown in 
Figure 5.  The circled drift areas in the images signal qualifiable trends between the two datasets.  Certain portions 
of the terrain-modeled image reveal large values of Sb that do not represent areas of drift formation (e.g., the 
northwest and southwest corners), but these may be explained by other factors such as incoming solar radiation and 
upstream vegetation that blocks the wind, calling for further investigation. 
 
Inter-annual Consistency 
 Fortunately, four LiDAR flights were flown in different years over the Walton Creek ISA as a component 
of the CLPX-1 and CLPX-2 campaigns, resulting in three separate observations of the snow distribution at distinct 
moments of the accumulation season.  Designated as the December, February, and April surveys, the snow depth 
distributions were rigorously compared to one another to detect any quantifiable correlations between the 
observations.  
 
 First, a standardized dataset of snow depths was created by subtracting the mean and dividing by the 
standard deviation of the depth distribution for each survey.  Next, three sets of correlations were obtained by 
multiplying the standardized depths for December to February, December to April, and February to April, 

Figure 3.  Wind rose from the Walton Creek anemometer from October 2002 to May 2003.  Only wind speeds 
capable of transporting and depositing snow (5–15 m/s from Li and Pomeroy 1997) are depicted. 
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Figure 5. Snow depths at 5-meter resolution derived from the December and February CLPX-2 LiDAR surveys.  
Circled regions correspond to the circled regions in Figure 3 above. 

Figure 4. The terrain break parameter, Sb, for the 270° wind direction over the Walton Creek study area.  The search 
vector lengths for Sx,Local and Sx,Outlying were 70 meters and 700 meters, respectively, and were chosen 
arbitrarily.  The false easting and northing is relative to the lower left corner of the CLPX-2 LiDAR 
survey swath.  The contours were produced from the 5-meter snow-free DSM. 
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respectively.  Finally, the cube-root of the product of the three correlation sets resulted in a final metric for 
interannual consistency of snow distribution.  By setting a cutoff to the correlation dataset, we designated each pixel 
as either a scour zone, drift, or neither cell (Figure 6).  This method worked to expose all snow depth pixels that 
were persistently much higher or much lower than the overall mean snow depth for the study area (Figure 7).  The 
fact that the method located many of the drifting and scouring grid cells indicates an existing interannual trend for 
the snow depth distribution at Walton Creek. 
 
 The drifting and scouring locations developed in the previous section using multi-temporal LiDAR datasets 
can also be used to determine the effectiveness of the Sb and Sb wind model terrain parameters for predicting drift 
and scour locations in similar terrain.  It must be mentioned, however, that the interplay between vegetation and 
spatial variability at Walton Creek is not investigated in this work because only the vegetation-filtered DEM has so 
far been applied to the wind model.  Future work will look into the proportional amount of vegetation and terrain 
effects on wind-blown snowpacks.  
 

 
 
 The ‘neither’ pixels that were not found to consistently scour nor drift in Figure 6 were indexed and 
removed from both the modeled Sx and Sb parameters at Walton Creek.  The distributions of Sx and Sb were then 
plotted as probability density functions (PDFs) in Figure 8, where the points of intersection between the drift and 
scour cell peaks were considered the optimal cutoff values for predicting drifting and scouring in similar 
environments.  For all cells, if Sb ≥ -0.4° and Sx ≥ 3.4°, then that particular cell has the possibility of drift formation.  
Similarly, if Sx < 3.4°, then that cell is likely a scoured location. 
 
 Because of their close proximity, the Dumont Lake study area was used to test the applicability of the 
optimal terrain parameter cutoff values determined at Walton Creek.  Shown in Figure 9, the LiDAR-observed snow 
depth change distribution at Dumont Lake exhibits similar patterns to the Walton Creek site (Figure 5).  The 
parameter cutoff values of Sx = 3.4° and Sb = -0. 4° were used to trim predicted drift locations (Figure 10a) and 
scour locations (Figure 10b) from the LiDAR-estimated snow depth change raster. 
 
 The results qualitatively show that when the correct wind redistribution model cutoff values are known for 
a particular area, the terrain parameters can effectively determine high and low snow accumulation cells.  The areal 
extent could easily be increased while remaining at a high 5-meter resolution in order to determine fine-scale spatial 
variability over very large regions, given that the landscapes for the determined parameter cutoff values remain 
physiographically similar. 

Figure 6. This raster depicts all the cells from the Walton Creek DSM as drift cells, scour cells, or neither; 
statistically determined by the three independent LiDAR-derived snow depth rasters. 
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Figure 8. The upper PDF for the Sb terrain break parameter shows the distributions for the classified drift and scour 
cells as determined from the inter-annual consistency study.  The lower PDF depicts the same for the Sx 
maximum upwind slope parameter.  The point of intersection was chosen as the optimal cutoff point for 
drift and scour prediction in similar terrain to that of Walton Creek. 

Figure 7. Histograms representing distributions of the classified scour, drift, and neither cells for each LiDAR-
derived snow depth raster at the Walton Creek site. 
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Figure 10. a) Image of all snow depth change grid cells with wind models terrain parameters Sb ≥ -0.4° and Sx ≥ 3.4° 
from the raster in Figure 9.  b) Image of all snow depth change grid cells with terrain parameters Sx < 3.4°. 

Figure 9. The 5-meter resolution change in snow depth between December 3rd, 2006 and February 22nd, 2007 as 
derived from the CLPX-2 LiDAR acquisitions.  The large area in the northeast corner is Dumont Lake 
itself. 
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DISCUSSION 
 

 Micro-scale terrain features significantly affect the spatial distribution of snow in seasonal snowpacks.  
Presently, the degree to which such variability affects our operational snow models is relatively unknown.  Multi-
temporal, high-resolution, LiDAR-derived DSMs were employed here to optimize the terrain parameters of a wind 
model for predicting drift and scour locations in mountain snowpacks.  The quantified inter-annual consistency 
patterns observed from several independent LiDAR flights over the same 1-km2 study site were used to determine 
the optimal cutoff values that separate the terrain parameters’ ability to predict drift and scour for the site’s 
particular physiographic environment. 
 
 Then, at a nearby site, the wind model was again executed and the terrain parameter cutoff values used to 
designate drift and scour cells.  The relative spatial snow distribution at this site was known from two mid-season 
LiDAR flights that provided estimates of snow depth change, enabling us to qualitatively check the ability of the 
wind model to predict drifting and scouring, without specific knowledge of inter-annual consistency.  The results 
encourage a larger study of this method in regions where LiDAR-derived distributions of snow depths are known. 
 
 Considerations for future work using this particular method include using the vegetation that was filtered 
from the original LiDAR point clouds for the assessment of the wind redistribution model.  Also, higher resolution 
LiDAR-derived snow depth distributions are available for many portions of the Western U.S. and elsewhere, 
encouraging even finer-scale studies of spatial variability effects on hydrologic snow models.  Regardless, however, 
of the future work of this particular study, LiDAR surveys of snow depth are well suited for tuning both operational 
and research-related snow models. 
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