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The mountain snowpack provides natural storage of freshwater. This natural storage far 

exceeds the extent of manmade reservoirs. Furthermore, watersheds throughout the western 

United States can be predominantly covered in forests. Forests decrease atmospheric winds, alter 

the amount of incoming radiation, and intercept snowfall, leading to significant variation in snow 

depth throughout the forest. Snow depth variability influences the magnitude, timing, and 

temperature of streamflow. Additionally, snow depth variability can drive ecological processes 

and affect the energy exchanged between the land and the atmosphere. 

To quantify snow depth variability in forests, spatially continuous, high-resolution (1-3 m) 

observations are needed at watershed extents. Chapter I of this dissertation evaluates the ability 

for airborne lidar to derive snow depth underneath the canopy by comparing airborne lidar to 

terrestrial lidar and snow depth probe transects from NASA’s 2017 SnowEx campaign. 

Differences between gridded airborne lidar and ground-based observations did not increase 

underneath the canopy. Airborne lidar observations were therefore used in Chapter 2 to examine 

forest snow depth variability in four different snow climates throughout the western United 



States. In the Jemez Mountains, NM and in Tuolumne, CA, snow depth differences between 

north and south-facing sides of the canopy were statistically significant and greater than or equal 

to the difference between areas underneath the canopy and in the open. 

To account for this variability, a tiling parameterization, was incorporated into the 

Distributed Hydrologic and Soil Vegetation Model (DHSVM). The tiling parameterization 

explicitly simulates radiation differences within the forest and accounts for horizontal forest 

structure by using classifications from high-resolution vegetation maps. The tile parameterization 

therefore tested the impact of explicit forest representation on simulated snow water equivalent 

(SWE) and streamflow compared to the original implicit representation in three watersheds 

throughout the western United States. In Jemez, NM, where forests were relatively sparse and 

trees were 10.2 m tall, the tile model’s grid-cell average snow disappearance date (SDD) was 12 

days earlier and peak streamflow occurred 20-days earlier than the original model. In the 

Chiwawa, WA, where forests were dense and 17.2 m tall, SDD was 11 days later and late-season 

streamflow increased up to 11-13%. Despite statistically different snow depth distributions, 

forest edges had a relatively small effect on simulated streamflow (2-6%). However, grid cell 

average ablation rates and streamflow were primarily impacted by tiled grid cells, which only 

contained exposed and forested areas. The contrasting responses between the Jemez and 

Chiwawa were primarily controlled by the grid cells average fractional forest cover and the 

forest’s radiation attenuation, which is a function of tree height and the sun’s elevation angle. 

Ultimately, DHSVM’s tile parameterization is a tool that more realistically represents forest 

radiation and while forest-edge contributions were relatively small within the existing forest 

structure, going forward, forest managers could use the tile parameterization to better understand 

how changes in the forest structure (e.g. maximizing forest shading) affect streamflow. 
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Chapter 1 Introduction 

The mountain snowpack provides natural storage of freshwater that far exceeds the extent of 

manmade reservoirs. In mountainous regions of the western United States, this natural reservoir 

system produces 70% of the total annual streamflow (D. Li et al., 2017), which generates 

electricity and supplies water for agriculture and municipalities. In addition, snow controls the 

distribution of terrestrial ecosystems, influences weather and climate systems, and supplies cool 

freshwater for fish and lower trophic organisms. 

At the hillslope scale (1-100 m) (Clark et al., 2011), interactions between the meteorological 

conditions, terrain, and vegetation yield variation in snow depth and snow water equivalent 

(SWE) on the order of 100-300%. Snow depth or SWE’s spatial variability at the hillslope scale 

leads to a nonuniform snow disappearance date across the basin, and thus the spatial variability 

at the hillslope scale influences the magnitude, timing, duration, and temperature of streamflow 

(Clark et al., 2011; Leach & Moore, 2014; Luce et al., 1998, 1999; Lundquist et al., 2005; 

Lundquist & Dettinger, 2005; Sun et al., 2018).  

Recent snow depth variability studies have benefited from advancements in airborne and 

terrestrial lidar systems, which are capable of producing high-resolution (<5 m) snow depth maps 

(Broxton et al., 2015; Deems et al., 2006, 2008, 2015; Grünewald et al., 2010; Mott et al., 2010; 

Revuelto et al., 2015; Schirmer et al., 2011; Schirmer & Lehning, 2011; Trujillo et al., 2009, 

2007; Wayand et al., 2018). Other methods such as snow-probe transects, synthetic aperture 

radar, and photogrammetry (structure from motion photography, satellite based stereo imagery) 

can be used to capture the hillslope-scale variability, but lidar provides data underneath the 

canopy and at greater areal extents than snow-probe transects. However, prior lidar evaluation 

studies used point-based measurements and thus were unable to explicitly evaluate lidar’s ability 
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to capture snow depth’s spatial variability. Furthermore, previous studies differed on whether 

airborne lidar errors were higher in the forest or in the open (Hopkinson et al., 2004; Reutebuch 

et al., 2003; Tinkham et al., 2014). 

This dissertation quantifies our ability to observe snow depth variability at the hillslope scale 

in forested areas and quantifies the dominant modes of snow depth variability in these forested 

areas. This dissertation then incorporates a sub-grid cell tiling parameterization into a distributed 

hydrological model to simulate snow depth variability within model grid cells that are larger than 

the process scale. In turn, we hope that this dissertation will improve the simulation of land-

atmospheric fluxes, ecological processes, and quantify the impacts that explicitly resolving the 

dominant modes of snow depth variability have on the timing and magnitude of streamflow. To 

achieve these goals, this dissertation has done the following. 

In chapter II of this dissertation we comprehensively compared ALS, TLS, and snow-probe 

transects from NASA’s 2017 SnowEx field campaign (Kim, 2018; Kim et al., 2017) to quantify 

their sensitivity and accuracy in capturing snow depth’s spatial variability at high spatial 

resolution (50 cm – 5 m) across various vegetation types, including directly underneath the 

canopy. Once these lidar datasets were validated, in Chapter III, we used them to study snow 

depth variability within forested regions at four different snow climates within the western 

United States. In chapter III, we provide background on topographic and forest processes the 

effect snow depth variability. We also discuss how existing snow hydrology models account for 

spatial variability within model grid cells. In chapter III, we discussed how the observed snow 

depth variability could be used as an observational basis for a sub-grid cell parameterization 

within hydrologic models to account for forest-edge snow depth variability. In Chapter IV, we 

implemented this sub-grid cell tiling parameterization into a distributed hydrological model, to 
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test the watershed level impact of snow depth variability within forested areas within multiple 

climates.  
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2.1 Abstract 

NASA’s 2017 SnowEx field campaign at Grand Mesa, CO, generated Airborne Laser Scans 

(ALS), Terrestrial Laser Scans (TLS), and snow-probe transects, which allowed for a 

comparison between snow depth measurement techniques. At six locations, comparisons 

between gridded ALS and TLS observations, at 1-m resolution, had a median snow depth 

difference of 5 cm, root-mean-square-difference of 16 cm, mean-absolute-difference of 10 cm, 

and 3-cm difference in standard deviation. ALS generally had greater, but similar snow depth 

values to TLS, and results were not sensitive to the gridded cell size between 0.5 and 5 m. The 

greatest disagreements were where snow-off TLS scans had shrubs and high incidence angles, 

leading to deeper snow depths (>10 cm) from ALS than TLS. The low vegetation and oblique 

angles caused occlusion in the TLS data and thus produced higher snow-off bare earth models 

relative to the ALS. Furthermore, in sub-canopy areas where both ALS and TLS data existed, 

snow depth differences were comparable to differences in the open. Meanwhile, median values 

from 52 snow-probe transects and near-coincident ALS data had a mean difference of 6 cm, root-

mean-square-difference of 8 cm, mean-absolute-difference of 7 cm, and a mean difference in the 

standard deviation of 1 cm. Snow depth probes had greater, but similar snow depth values to 

ALS. Therefore, based on comparisons with TLS and snow depth probes, ALS captured snow 

depth magnitude with better than or equal agreement to what has been reported in previous 

studies, and showed the ability to capture high-resolution spatial variability.  
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2.2 Introduction 

Previous snow depth spatial variability studies have benefited from advancements in airborne 

and terrestrial lidar systems, which are capable of producing high-resolution (<5 m) snow depth 

maps (Broxton et al., 2015; Currier & Lundquist, 2018; Deems et al., 2006, 2008, 2013, 2015; 

Grünewald et al., 2010; Hedrick et al., 2018; Mott et al., 2010; Painter et al., 2016; Revuelto et 

al., 2015; Schirmer et al., 2011; Schirmer & Lehning, 2011; Trujillo et al., 2007, 2009; Wayand 

et al., 2018). Uncertainties in Airborne Laser Scanning (ALS) are a function of the laser’s range, 

the topography, and the accuracy and precision of the laser’s geospatial positioning and 

orientation (Deems et al., 2013; Glennie, 2007). Terrestrial Laser Scanning (TLS) views the 

terrain from a fixed height and position, and has similar sources of uncertainty to ALS (Figure 

2.1). A stable ground surface is necessary to minimize error in TLS data collections, and surveys 

that take place in deep snow can be subjected to snow compaction throughout the scan (Deems et 

al., 2015; Hartzell et al., 2015) 

The scan angle of an ALS or TLS survey is important to consider because the laser beam 

diverges as the range increases, which can increase the snow depth uncertainty, specifically in 

areas where the laser has a high incidence angle (Deems et al., 2013; Hartzell et al., 2015). For 

instance, as the incidence angle increases, the footprint of an obliquely-incident laser pulse 

elongates when interacting with the surface, which introduces uncertainty in the return signal. A 

rigorous error propagation effort showed that discrete lidar returns with incidence angles greater 

than 60º at a 500-m range have an additional vertical and horizontal uncertainty introduced, 

which ranges from 2-10 cm (Hartzell et al., 2015). This uncertainty will rise in regions where 

vegetation cover occludes (or partially occludes) the laser from penetrating to the ground (K. E. 

Anderson et al., 2018). 
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These sources of uncertainty however are offset by the ability of lidar systems to map snow 

depth at high resolutions across complex and forested terrain. Therefore, airborne lidar has been 

used to map snow depth since 2001 (Hopkinson et al., 2001, 2004). Since then, snow depth maps 

derived from ALS and TLS have been compared with snow-probe measurements, Global 

Navigation Satellite System (GNSS) observations, and acoustic snow depth sensors (Table 2.1). 

These studies have used a collection of point-scale measurements, characterized by a small 

support of 0.01 – 0.5 m (Blöschl, 1999), which can contain geolocation uncertainty, and do not 

provide the same measurement density over wide areas as lidar scans. Therefore, previous 

studies were unable to explicitly quantify the ability for aerial or terrestrial lidar systems to 

determine the spatial variability of snow depth. Furthermore, these studies come to different 

conclusions as to whether errors are higher in the forest or in the open, and whether these errors 

are due to low lying vegetation or significant geolocation errors (Hopkinson et al., 2004; 

Reutebuch et al., 2003; Tinkham et al., 2014). Lastly, previous studies have not explicitly 

evaluated discrepancies in lidar data due to different viewing perspectives.  

NASA’s 2017 SnowEx field campaign at Grand Mesa, CO generated a suite of coincident, or 

nearly-coincident, airborne and ground based observations – including ALS, TLS, and snow 

depth probe transects. This extensive data set offers the unique opportunity to test the 

consistency of different snow depth measuring techniques and test their sensitivity at various 

spatial resolutions over a gradient of different vegetation types (Kim, 2018; Kim et al., 2017).   

In this technical note, we comprehensively compare ALS observations to TLS surveys for the 

first time and also compare ALS observations to snow-probe transects from NASA’s 2017 

SnowEx campaign. We therefore quantify the sensitivity and consistency of different snow depth 
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measurement techniques to capture spatial variability at high spatial resolution across various 

land cover types, including directly underneath the forest canopy.  

2.3 Location and data 

 Grand Mesa, CO 

NASA’s 2017 SnowEx campaign took place on Grand Mesa in western Colorado, USA 

(Figure 2.2). There were six TLS sites with variable components of grasses, shrubs, and trees. 

Shrubby cinquefoil (Dasiphora fruticosa), big sagebrush (Artemesia tridentata ssp. vaseyena), 

and silver sagebrush (A. cana ssp. viscidula) are all under 1-m height and prevalent on the 

windier western end of the Mesa. Forests were present at four TLS sites (A, K, N, and the 

Ranger Station) and are predominantly Engelmann spruce (Picea engelmannii), with much rarer 

components of subalpine fir (Abies lasiocarpa), Aspen (Populus tremuloides), and lodgepole 

pine (Pinus contorta var. latifolia). The Ranger Station site was unique in that it included a 

grassy picnic area, parking lot, and two cabins with partly snow-free roofs.  

 Airborne Laser Scans (ALS) 

The snow-off ALS survey was collected by the NASA Airborne Snow Observatory (ASO) 

on 26 September 2016, with snow-on data collected on 8 and 16 February 2017 using methods, 

instrumentation, and processing steps described in Painter et al. (2016) to receive three-

dimensional point cloud data. All three flight altitudes were around 4100 m above sea level, 

which is about 1000-1100 m above the terrain leading to a footprint size of about 26 cm and an 

average total point density of around 18 points per square meter. See Text S1.a. for additional 

details. 
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 Terrestrial Laser Scans (TLS) 

Snow-off TLS data were collected between 26 September and 2 October 2016 using two 

different lidar scanners, a Riegl VZ-1000 and Leica C-10 ScanStation (Table S1). Snow-on scans 

were collected o near coincident dates in February (Table S1), and tripod legs were placed in 

contact with the ground or a packed snow surface to minimize potential errors from snow 

compaction throughout the survey. Scans with the Riegl VZ-1000 were obtained from 50º off-

nadir, to 150º pointing upwards, in a 360º rotation at a 0.03º increment (angular resolution of 

0.03º) in both rotation planes. Scans with the Leica C-10 ScanStation were obtained from 45º 

off-nadir, to 180º pointing upwards, in a 360º rotation at a 0.06º increment in both rotation 

planes. See Text S1.b. for additional details.  

 Snow depth probe transects 

Both a standard 3 m snow depth probe and a 1.2 m GPS equipped Magnaprobe (Matthew 

Sturm & Holmgren, 2018), which automatically records the geolocation of each snow depth 

measurement to within ±2.5 m, were used to compare with ALS data. Snow-probe transects did 

not overlap with TLS surveys, therefore only ALS was compared with snow-probe transects. The 

snow depth measurement uncertainty of both snow depth probe measurements is estimated to be 

around ±5 cm due to the potential penetration of the probe’s tip into the soil underneath the 

snow, impacts of low vegetation, and the angle of the probe (Matthew Sturm & Holmgren, 

2018). The location of each standard snow-probe transect was estimated using linear lines 

between georeferenced transect poles used to guide surveyors from beginning to end. This 

resulted in an estimated ±5 m geolocation error for each snow depth measurement. More details 

are provided in Text S2. 
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2.4 Methods 

 Classification and gridding 

Three-dimensional point clouds were classified as ground and non-ground points (e.g. 

vegetation) using LAStools lasground (http://rapidlasso.com/lastools/), which is a variation of 

the Axelsson (2000) methodology. We used default parameters within lasground, with the 

exception of choosing step sizes of 2 m and 10 m to allow for some uncertainty in the 

classification. 

Snow-on and snow-off scans from both ALS and TLS were gridded to 0.5, 1, 2, 3, and 5-m 

spatial resolutions using two strategies: first using the lowest of all ground points within each 

grid cell, and second, averaging all ground-classified points within a grid cell. With both 

strategies, if the difference between the two elevation models built with the two different 

classifications (step 2 m and 10 m) was greater than 20 cm, then that grid cell was removed from 

the comparison. Across all sites, this filtering removed 0.14% of the snow depth values. Lastly, 

while there was little difference in the results based on gridding methodology, we focus our 

results on snow depth values derived from the lowest-return gridding method, and show results 

from the alternative strategy in the supplemental material (Text S4). 

 TLS incidence angle 

For each TLS site, we used the geographic position of the snow-off TLS scan position, the 

ALS digital terrain model at 1-m resolution, and the TLS scanner’s Height Relative to the Target 

Terrain Height (HRTTH) to derive an incidence angle map for each snow-off TLS scan position. 

From each scan position, we searched out radially, computing the distance between the TLS 

scanner and the target grid cell (DIST). We then approximated the slope of each target grid cell 

using the two adjacent elevation values within the azimuthal direction of the search line. The 
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incidence angles (𝜃) corresponding to each snow-off scan position were computed over the 

entire domain (Eq. 1) to create a set of incidence angle maps for each snow-off TLS scan 

position. Finally, the lowest incidence angle within the set of maps was determined for each grid 

cell. 

𝜃	 = 	 tan() *
𝐷𝐼𝑆𝑇
𝐻𝑅𝑇𝑇𝐻1 − 𝑠𝑙𝑜𝑝𝑒	

(1) 

2.5 Results 

 ALS vs. TLS comparison 

Both ALS and TLS surveys captured a similar snow depth magnitude and variability. Using 

all data where the 1-m ALS and TLS snow depth grids overlapped, we found a median 

difference of 5 cm (4%), root-mean-square-difference (RMSD) of 16 cm, and mean absolute 

difference of 10 cm (Table 2.2). At individual TLS sites, ALS and TLS snow depth differences 

ranged from a 1-13 cm (1-10%) median difference (Figure 2.3 and S3; Table 2.2 and S3), 10-28 

cm RMSD (Table S5), and a 7-20 cm mean absolute difference (Table S6), where the ALS data 

generally showed deeper snow depth values. The closest agreement occurred at TLS Sites A, B 

and K, where median snow depth differences were less than 5 cm, while the worst agreement 

was at the Ranger Station, where median snow depth difference was 13 cm.  

 At individual sites, the difference in standard deviations from the 1-m resolution ALS and 

TLS snow depth ranged between -7 and 1 cm (mean: -3 cm). The TLS snow depth data generally 

contained a higher standard deviation due to the difficulty in obtaining a snow-off surface while 

scanning shrubs at a high-incidence angle (Section 2.6.1.i). Snow-off or snow-on surfaces were 

not compared directly because the ALS data were not subjected to absolute registration, resulting 

in a vertical bias relative to the TLS snow-off data (Text S1). 
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Differences in the median snow depth values between ALS and TLS were generally not 

sensitive to the gridding resolution between 50 cm and 5 m (Table S3). However, at the Ranger 

Station, differences in median snow depth values increased 5 cm as the gridding resolution 

increased from 50 cm to 5 m. Similar to median snow depth differences, the difference in 

standard deviations between ALS and TLS were generally not sensitive to the gridding 

resolution, except at the Ranger Station and Site P (Table S4).  

 ALS vs. snow-probe transects 

In general, both standard and magnaprobe snow depth measurements had higher snow depths 

than the ALS snow depth values on both 8 and 16 February (Figure 2.4). The median values 

from combining both standard and magnaprobe snow depth transects were on average 6-cm 

greater than the median values from ALS on 8 and 16 February, and the mean absolute 

difference and RMSD of that comparison were 7 cm and 8 cm, respectively.  

On average, snow-probe transects agreed with the ALS standard deviation. For instance, 

ALS and snow-probe transects differed in their standard deviations by 1 cm and 0 cm on 8 and 

16 February, respectively. The mean absolute difference and RMSD between the standard 

deviation values from the snow-probe and ALS transects were 3 cm and 4 cm, respectively, on 

both 8 and 16 February. The general agreement between ALS and TLS standard deviations, as 

well as between standard deviations from ALS and snow depth transects, suggests that ALS data 

were able to resolve the snow depth variability at high spatial resolution.  

 ALS and TLS vegetation interactions 

At TLS Sites A, K, N, and the Ranger Station, the domains were partly forested (Table 2.2). 

At these locations, the median snow depth difference between ALS and TLS was 1-cm greater 

underneath the canopy than in the open. Similarly, the RMSD and mean absolute difference 



 
 

13 

between ALS and TLS snow depth increased by 6 and 4 cm, respectively. The largest change in 

RMSD and mean absolute difference was at the Ranger Station site, which generally performed 

worse than the other sites likely due to multipath errors (see Section 2.6.1.ii). Removing the 

Ranger Station site, the RMSD and mean absolute difference only increased by 3 and 2 cm. 

Lastly, the difference in the snow depth’s standard deviation between ALS and TLS did not 

generally increase (Table 2.2). This implied that ALS snow depth data were not adversely 

affected by canopy cover. However, between the four forested sites, ALS data were missing 17% 

of the 1-m grid cells, and TLS data were missing 21%. This left 66% of the total forested area to 

compare ALS and TLS snow depth (Table 2.2). 

2.6 Discussion 

 Sources of snow depth differences 

2.6.1.i Shrubs and high incidence angles 

Despite similar differences between ALS and TLS within open and forested areas, TLS snow 

depth was 10-13 cm less than ALS snow depth in areas where shrub heights were greater than 20 

cm in combination with TLS incidence angles that were higher than 80º (Figure S5). These 

localized differences caused the TLS derived snow depth to be more heterogenous and have 

lower median snow depths than ALS data (Table 2.2 and S4).  

These differences were likely due to the different viewing perspectives of ALS and TLS 

(Figure 2.1). For instance, it is easier to penetrate a shrub with a laser at a normal rather than an 

oblique angle. Prior studies using snow depth probes or GNSS observations noted that airborne 

lidar systematically underestimated snow depth in areas with significant ground vegetation 

(Hopkinson et al., 2004), or ALS errors increased where there were shrubs (DeBeer & Pomeroy, 

2010; Spaete et al., 2011). In contrast, our results suggested aerial lidar did penetrate at least 
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partly through the shrubs, while the terrestrial lidar was partially occluded by the shrubs (K. E. 

Anderson et al., 2018), ultimately biasing the TLS derived snow depth too low. The ability for 

ALS to see through the shrubs in our study is likely explained by differences in ground 

vegetation type between Grand Mesa and previous studies, the relatively low altitude and high 

point density of the ALS survey, and the development in recent years of more advanced 

algorithms that extract discrete lidar returns from the return energy waveforms (Pfennigbauer & 

Ullrich, 2011; Ullrich & Pfennigbauer, 2011).  

2.6.1.ii Multipath errors. 

A combination of high incidence angles and shrubs were unable to explain all of the snow 

depth differences. For instance, we still found greater than 10-cm snow depth differences near 

the TLS snow-off scan positions at the Ranger Station site. At the Ranger Station site, TLS scans 

were not vertically or horizontally registered with each other as a result of multipath errors in the 

GNSS measurements. Multipath errors were likely more significant at the Ranger Station than 

other TLS sites due to the topography, buildings, and vegetation. We were unable to quantify 

potential registration errors at other sites due to the lack of a snow-free static structure; however, 

qualitative point cloud comparisons with trees showed that the ALS and TLS surveys were co-

registered with each other. Fortunately, we were able to detect and correct for these multipath 

errors at the Ranger Station site. Registering both the TLS scans to the snow-free roof in the ALS 

data improved the metrics at the Ranger Station site. However, the Ranger Station site was a 

smaller domain compared to other TLS sites; therefore, the TLS registration only changed the 

median snow depth difference using all ALS and TLS snow depth data from 5 cm to 4 cm. 

Furthermore, there was little change in other metrics using all the ALS and TLS snow depth 

(Table S11). 
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2.6.1.iii Snow depth probes 

ALS derived snow depth was 6 cm less on average than what was recorded with snow-probe 

measurements. We suspect that the general bias in ALS measurements relative to snow-probe 

measurements is due to snow-probe penetration through the soil/vegetation (Matthew Sturm & 

Holmgren, 2018). For instance, human observers are more likely to press a probe into duff or 

soft ground, and are known to unintentionally avoid making measurements in very low or zero 

snow (both of which would bias probe measurements high). Furthermore, while ALS reached the 

ground through shrubs more than TLS, it may have done so less frequently than a human 

observer. Interestingly, both magnaprobe and standard snow depth transects generally showed 

higher snow depth values despite different methodologies. For instance, magnaprobe geolocation 

uncertainties are independent between each measurement, while the geolocation uncertainty of a 

standard snow-probe transect increases along the transect line. Since both types of snow-probe 

transects typically provided higher median snow depth values than ALS, snow depth differences 

between median values were not likely due to geolocation errors.  

 Comparisons to previous studies 

Despite contrasting median snow depth differences between ALS vs. TLS and ALS vs. 

snow-probe transects, the RMSD was 16 cm between all 1-m gridded ALS and TLS snow depth 

data. Meanwhile, the RMSD between median values from ALS and snow-probe transects was 8 

cm. This suggested that ALS data, which was evaluated using TLS data and 52 snow-probe 

transects (n=10,926) through a variety of vegetation, resulted in a RMSD that was equal to or 

better than previous studies which evaluated ALS using point based measurements (DeBeer & 

Pomeroy, 2010; A A Harpold et al., 2014; Spaete et al., 2011; Tinkham et al., 2011, 2014). 

Lastly, the mean absolute difference using all ALS and TLS data was 10 cm, while the mean 
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absolute difference between the median values of the ALS and snow-probe transects was 7 cm. 

These mean absolute differences were similar or less than the mean absolute difference reported 

in Painter et al. (2016) (Table 2.1).  

 Context of the snow depth differences 

After co-registering the Ranger Station site (Section 2.6.1.ii), the median snow depth 

differences were relatively small, ranging between 1-7 cm, or 1-5% using the observed median 

snow depth across all TLS sites (1.29 m). Because the differences in observations are absolute in 

nature, as the snow depth decreases, the percent differences will increase. For instance, if the 

median snow depth was 25 cm, the percent difference in median values would have ranged from 

4-28%. 

2.7 Conclusions 

Both ALS and TLS data captured a similar spatial variability and magnitude of snow depth at 

high spatial resolutions. For instance, at 1-m resolution, ALS and TLS data had a median 

difference of 5 cm, RMSD of 16 cm, a mean absolute difference of 10 cm, and a difference in 

standard deviation of 3 cm. Additionally, comparisons between median values from ALS and 

snow-probe transects showed a mean difference of 6 cm, mean absolute difference of 7 cm, 

RMSD of 8 cm, and a mean difference in the standard deviation of 1 cm. These differences, in 

combination with the differences between ALS and TLS were similar or better than those 

reported in previous evaluations of ALS.  

In addition, ALS and TLS showed similar differences underneath the canopy to those in the 

open, but ALS data at 1-m spatial resolution were unable to derive snow depth in part of the 

forested area due to missing ground returns. Furthermore, ALS and TLS both inherently have 

different viewing perspectives. In localized areas where the snow-off TLS scans had high 
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incidence angles and were scanning shrubs, TLS surveys derived shallower snow depths relative 

to ALS. This implied that ALS pulses were more likely to be from the ground, whereas the 

ground was relatively more occluded in the TLS data. Using these results, we provide 

suggestions for future campaigns that evaluate ALS data (Text S5). These recommendations 

focus on explicitly evaluating void filling routines in forested areas (Zheng et al., 2016), 

minimizing differences in viewing perspective, and ground controlling observations to provide 

absolute georegistration. 
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2.8 Tables 

Table 2.1 Previous evaluations of aerial and terrestrial lidar 
 

Study 
 

Laser 
 

ALS/ 
TLS 

 
Snow 
[Y/N] 

Height 
above 
terrain 

[m] 

 
Evaluation 

method 

 
Evaluation summary 

Reutebuch et 
al. (2003) 

Saab TopEye 
Lidar System 
(Helicopter) 

 
ALS 

 
N 

 
200 

 
GNSS 

Different forest densities: 
(Mean difference ±1𝜎) 
Clearcut: 0.16 ± 0.23 m,  
Heavily thinned: 0.18 ±0.14 
m, Lightly thinned: 0.18 ± 
0.18m, Uncut: 0.31 ± 0.29 m 

Hopkinson et 
al. (2001, 
2004) 

Optech ALTM 
1210 and 1225 

 
ALS 

 
Y 

 
700-750 

 
Snow 
Depth 
Probes 

Mean Difference: 0.01-0.13 
m. Canopy understory can 
systematically 
underestimate snow depth 

Hopkinson et 
al. (2005) 

Optech ALTM 
2050 

 
ALS 

 
N 

 
1200 

 
GNSS 

Mean difference: 0.04 m 

Prokop et al. 
(2008) 

Riegl LPM-
i800HA 

 
TLS 

 
Y 

 
~2 

Tachymetry 
and Snow 
Probing 

Tachymetry: 1𝜎 = 0.02 m 
Snow Probe: 1𝜎 = 0.1 m 

Prokop (2008) Riegl LPM-
i800HA and 
LPM-2K  

 
TLS 

 
Y 

 
~2 

Snow 
Depth 
Probes 

Snow depth accuracy within 
0.1 m for distances <500 m 

DeBeer & 
Pomeroy  
(2010) 

Optech ALTM 
3100 

 
ALS 

 
Y 

 
3500 

Snow 
Depth 
Probes 

RMSD was 0.17 m, Greater 
error of up to 0.6 m in 
locations with exposed 
alpine shrubs. 

Spaete et al. 
(2011) 

Leica ALS50 
Phase II 

 
ALS 

 
N 

 
900 

GNSS RMSD 0.07-0.22 m – largest 
errors on herbaceous slopes 

Tinkham et al. 
(2011) 

Leica ALS50 
Phase II 

 
ALS 

 
N 

 
900 

GNSS RMSD 0.13 – 0.46 m 
depending on vegetation 
type. 
Mean RMSD: 0.28 m 

Hopkinson et 
al. (2012) 

Optech ALTM 
3100 

 
ALS 

 
Y 

 
3500 

Snow 
Depth 
Probes 

Mean differences: 
Lower open area: 0.07 m 
Forested areas: 0.13 m 
Alpine Open area: -0.04 m 
Lidar generally had higher 
snow depth than snow 
probe 

Tinkham et al. 
(2014) 

Leica ALS50 
Phase II 

 
ALS 

 
Y 

 
900 

Snow 
Depth 
Probes 

Shrub/meadow: RMSD = 
0.14 m 
Forested areas 0.2-0.35 m 

Kirchner et al. 
(2014) 

Optech GEMINI 
ALTM 1233 

 
ALS 

 
Y 

600 Plowed 
Area 

Comparison 

Biased up to 0.05 m 

Harpold et al. 
(2014) 

Optech GEMINI 
ALTM 1233 

 
ALS 

 
Y 

 
Varied 

Acoustic 
Snow 
Depth 

Sensors 

RMSD 0.23 m between 60 
acoustic snow depth sensors 
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Deems et al. 
(2015) 

Riegl VZ-4000 
and Riegl VZ-
6000 

 
TLS 

 
Y 

 
~2 

Snow Pit Difference was 0.01 m 
between TLS and corner of 
snow pit 

Painter et al. 
(2016) 

Riegl Q1560 - 
Dual lasers. 

 
ALS 

 
Y 
 

 
~3000 

 
 

 
Snow 
Depth 
Probes 

 

Exposed area, Mean 
Absolute Difference: 0.08 m 
in 15 x 15 m area  
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Table 2.2 Percentage of the domain that contained a vegetation height > 2 m (forest), snow depth 
differences between lidar datasets at 1-m spatial resolution in the open and in the forest, and 
percent of the forested area where both ALS and TLS data were unable to derive snow depth.  

 Forested 
area 

 
 

Median 
difference 

[Open/ 
Forest] 

 

 
 

𝒎𝒆𝒅𝒊𝒂𝒏(𝑨𝑳𝑺
− 𝑻𝑳𝑺) 

RMSD 
[Open/ 
Forest] 

 
 

 
 

E
∑(𝑨𝑳𝑺 − 𝑻𝑳𝑺)𝟐

𝑵
 

Mean 
absolute 

difference 
[Open/ 
Forest] 

 
 

 
𝒂𝒃𝒔(𝑨𝑳𝑺 − 𝑻𝑳𝑺KKKKKKKKKKKKKKKKKKKKK) 

Difference 
in standard 
 deviation 

[Open/ 
Forest] 

 
𝝈𝑨𝑳𝑺	 − 𝝈𝑻𝑳𝑺	 

 

Forested 
area 

missing 
by ALS  

 

Forested 
area 

missing 
by TLS  

 

Forested 
area 

captured 
by both 
ALS and 

TLS 
 

 

Site A 
 

17% 
2,685 m2 

2 cm 
0 cm 

17 cm 
18 cm 

12 cm 
11 cm 

-3 cm 
-3 cm 

26% 
689 m2 

15% 
405 m2 

63% 
1,687 m2 

 

Site B 
 

-- 1 cm 
-- 

16 cm 
-- 

10 cm 
-- 

-7 cm 
-- 

 

-- 
 

-- 
 

-- 
 

Site K 
 
 

20% 
3,552 m2 

4 cm 
5 cm 

9 cm 
13 cm 

7 cm 
10 cm 

-1 cm 
-4 cm 

12% 
417 m2 

24% 
859 m2 

67% 
2,392 m2 

 

Ranger 
Station 

 

 

36% 
2,257 m2 

 

12 cm 
16 cm 

 

25 cm 
34 cm 

 

18 cm 
24 cm 

 

-6 cm 
-6 cm 

 

21% 
479 m2 

 

30% 
684 m2 

 

59% 
1,328 m2 

 

Site P 
 

-- 7 cm 
-- 

11 cm 
-- 

8 cm 
-- 

6 cm 
-- 

 

-- 
 

-- 
 

-- 
 

Site N 
 
 

37% 
3,887 m2 

6 cm 
8 cm 

20 cm 
22 cm 

12 cm 
15 cm 

-5 cm 
-5 cm 

14% 
549 m2 

17% 
663 m2 

71% 
2,745 m2 

All Forested 
Sites  

 

 

24% 
12,381 

m2 

 

5 cm 
6 cm 

 

16 cm 
22 cm 

 

10 cm 
14 cm 

 

-3 cm 
-3 cm 

 

17% 
2,134 m2 

 

21% 
2,611 m2 

 

66% 
8,152 m2 

All Sites 
(Forest + 

Open) 

 

-- 
 

5 cm 
 

 

16 cm 

 

10 cm 

 

-3 cm 

 

-- 

 

-- 

 

-- 

  



 
 

21 

Table 2.3: Manufacturer specifications for different lidar scanners 
ALS/ 
TLS 

Lidar 
Scanner 

Sites: Snow-on 
Survey Date 

Horizontally 
Adjusted 

Scanner 
height 
above 
terrain 

[m] 

Scanner’
s Range 

[m] 

Wavelength 
[nm] 

Beam 
Divergence 

[mrad] 

ALS Riegl LMS-
Q1560 

8 and 16 February 
2017 

N ~1000-
1100 

5800 1064 0.25 

TLS Leica 
ScanStation 
C-10 

A: 9 February 2017 
B: 17 February 2017 
N: 15 February 2017 
Ranger Station: 17 
February 2017 

Y 2 300 532 0.1 

TLS Riegl VZ-
1000 

K: 8 February 
P: 9 February 2017 

N 2 1400 1550 0.3 
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Table 2.4 Snow depth transect date, type, and sample size. 
Date Type Total Number of 

Transects (n) 
Notes 

February 8 Standard Transect 15 (n=1248) -- 
February 9 Magnaprobe Transect 16 (n=1657) -- 
February 16 Standard Transect 9 (n=2447) -- 
February 17 Magnaprobe Transect 12 (n=5574) Spiral 
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Table 2.5: Median snow depth differences between ALS and TLS at the six different TLS 
locations based on the gridding resolution. Differences are reported in cm and percentages. 
Percentages were normalized by the median snow depth from the ALS survey. 

 Median Snow Depth Differences [cm/%] 
 ALS – TLS 

Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N All 
Data 

 

50 cm 
 

2 
2% 

4 
5% 

4 
2% 

12 
9% 

6 
5% 

6 
4% 

5 
4% 

 

1 m 
 

1 
1% 

1 
1% 

4 
2% 

13 
10% 

7 
5% 

7 
4% 

5 
4% 

 

2 m 
 

2 
2% 

1 
1% 

4 
2% 

16 
12% 

6 
5% 

7 
4% 

5 
4% 

 

3 m 
 

2 
2% 

0 
0% 

3 
2% 

19 
15% 

6 
5% 

7 
4% 

5 
4% 

 

5 m 
 

2 
2% 

0 
0% 

3 
2% 

22 
17% 

6 
5% 

9 
6% 

5 
4% 

 
 
Table 2.6: Difference in snow depth standard deviation between ALS and TLS at the six 
different TLS locations based on the gridding resolution. Differences are reported in cm and 
percentages. Percentages were normalized by the median snow depth from the ALS survey. 

 Difference in Standard Deviation [cm/%]  
ALS – TLS  

Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N Mean 

 

50 cm 
 

-4 
-4% 

-6 
-8% 

-1 
-1% 

-3 
-2% 

-1 
0% 

-2 
-1% 

-3 
-3% 

 

1 m 
 

-3 
-3% 

-7 
-10% 

-1 
-1% 

-5 
-4% 

1 
1% 

-3 
-2% 

-3 
-3% 

 

2 m 
 

-1 
-1% 

-6 
-8% 

-2 
-1% 

-10 
-8% 

3 
3% 

-3 
-2% 

-3 
-3% 

 

3 m 
 

-1 
-1% 

-5 
-6% 

-2 
-1% 

-15 
-11% 

6 
4% 

-3 
-2% 

-2 
-2% 

 

5 m 
 

2 
2% 

-7 
-9% 

-4 
-3% 

-24 
-19% 

11 
8% 

-1 
0% 

-2 
-2% 
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Table 2.7: Root mean square difference between ALS and TLS derived snow depth at the six 
different TLS locations based on the gridding resolution. 

 Root Mean Square Difference [cm]  
Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N All Data 

 
50 cm 

 
19 

 
16 

 
8 

 
21 

 
11 

 
16 

 
15 

 
1 m 

 
17 

 
16 

 
10 

 
28 

 
11 

 
20 

 
16 

 
2 m 

 
19 

 
18 

 
12 

  
36 

 
13 

 
24 

 
19 

 
3 m 

 
23 

 
20 

 
14 

 
45 

 
16 

 
28 

 
22 

 
5 m 

 
32 

 
20 

 
15 

 
51 

 
23 

 
30 

 
27 

 
 
 
Table 2.8: Mean absolute difference between ALS and TLS derived snow depth at the six 
different TLS locations based on the gridding resolution. 

 Mean Absolute Difference [cm]  
Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N All 
Data 

 
50 cm 

 
13 

 
11 

 
6 

 
16 

 
8 

 
11 

 
10 

 
1 m 

 
12 

 
10 

 
7 

 
20 

 
8 

 
13 

 
10 

 
2 m 

 
11 

 
10 

 
8 

  
25 

 
8 

 
15 

 
11 

 
3 m 

 
12 

 
11 

 
8 

 
30 

 
8 

 
17 

 
12 

 
5 m 

 
13 

 
11 

 
8 

 
35 

 
10 

 
18 

 
13 
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Table 2.9: Median snow depth differences between ALS and TLS. Percentages were normalized 
by the median snow depth from the ALS survey. Table S7 differs from Table S3 as the gridding 
was performed using the average of the classified ground points instead of the lowest ground 
point. 

 Median Snow Depth Differences [cm/%] 
 ALS – TLS 

Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N All Data 

 

50 cm 
 

8 
8% 

4 
5% 

2 
1% 

13 
10% 

8 
6% 

10 
6% 

6 
5% 

 

1 m 
 

8 
8% 

1 
1% 

2 
1% 

15 
11% 

8 
6% 

11 
7% 

6 
5% 

 

2 m 
 

9 
9% 

1 
1% 

1 
1% 

16 
13% 

9 
7% 

12 
7% 

6 
5% 

 

3 m 
 

11 
11% 

0 
0% 

2 
1% 

17 
13% 

10 
8% 

13 
8% 

7 
5% 

 

5 m 
 

13 
14% 

0 
0% 

3 
2% 

18 
15% 

10 
8% 

14 
8% 

7 
5% 

 
 
Table 2.10: Difference in snow depth standard deviation between ALS and TLS at the six 
different TLS locations based on the gridding resolution. Percentages were normalized by the 
median snow depth from the ALS survey. Table S8 differs from Table S4 in the text as the 
gridding was performed using the average of the classified ground points instead of the lowest 
ground point. 

 Difference in Standard Deviation [cm/%]  
ALS – TLS  

Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N Mean 

 

50 cm 
 

-5 
-5% 

-6 
-8% 

-1 
-1% 

-3 
-2% 

-2 
-2% 

-2 
-1% 

-3 
-2% 

 

1 m 
 

-5 
-5% 

-7 
-10% 

-1 
-1% 

-5 
-4% 

-2 
-2% 

-4 
-2% 

-3 
-2% 

 

2 m 
 

-4 
-4% 

-6 
-8% 

-2 
-1% 

-8 
-6% 

-3 
-2% 

-5 
-3% 

-3 
-3% 

 

3 m 
 

-4 
-4% 

-5 
-6% 

-2 
-1% 

-8 
-6% 

-5 
-4% 

-8 
-5% 

-4 
-3% 

 

5 m 
 

-6 
-7% 

-7 
-9% 

-4 
-3% 

-10 
-8% 

-9 
-7% 

-10 
-6% 

-5 
-4% 

 
 
 
 
 
 
 



 
 

26 

Table 2.11Root-mean-square-difference between ALS and TLS derived snow depth at the six 
different TLS locations based on the gridding resolution. Table S9 differs from Table S5 in the 
supplement as the gridding was performed using the average of the classified ground points 
instead of the lowest ground point. 

 Root Mean Square Difference [cm]  
Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N All Data 

 
50 cm 

 
23 

 
16 

 
7 

 
23 

 
12 

 
17 

 
16 

 
1 m 

 
22 

 
16 

 
8 

 
31 

 
12 

 
20 

 
17 

 
2 m 

 
21 

 
18 

 
9 

  
39 

 
13 

 
23 

 
19 

 
3 m 

 
23 

 
20 

 
10 

 
45 

 
14 

 
25 

 
21 

 
5 m 

 
26 

 
20 

 
12 

 
52 

 
28 

 
26 

 
25 

 
 
Table 2.12 Mean absolute difference between ALS and TLS derived snow depth at the six 
different TLS locations based on the gridding resolution. Table S10 differs from Table S6 in the 
supplement as the gridding was performed using the average of the classified ground points 
instead of the lowest ground point. 

 Mean Absolute Difference [cm]  
Gridding 
Resolution 

Site A Site B Site K Ranger 
Station 

Site P Site N All 
Data 

 
50 cm 

 
15 

 
11 

 
5 

 
17 

 
9 

 
13 

 
11 

 
1 m 

 
15 

 
10 

 
6 

 
22 

 
10 

 
15 

 
11 

 
2 m 

 
16 

 
10 

 
6 

  
27 

 
11 

 
17 

 
13 

 
3 m 

 
18 

 
11 

 
6 

 
30 

 
11 

 
18 

 
14 

 
5 m 

 
20 

 
11 

 
7 

 
35 

 
14 

 
20 

 
16 
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Table 2.13 Snow depth differences between ALS and TLS using different metrics at the Ranger 
Station site after the TLS data were co-registered to the snow-free part of the roof. `All data` 
reflect the snow depth difference metric using all data from TLS Sites A, B, K, N, P, and the co-
registered Ranger Station. Gridding was performed using the lowest of the classified ground 
points instead of the average of the ground points. 

 Median Snow 
Depth Difference 

[cm] 
ALS-TLS 

Difference in 
Standard Deviation 

[cm] 
ALS-TLS 

Root Mean 
Square 

Difference [cm] 

Mean Absolute 
Difference 

[cm] 

Gridding 
Resolution 

Ranger 
Station 

All 
Data 

Ranger 
Station 

All Data Ranger 
Station 

All 
Data 

Ranger 
Station 

All Data 

 
50 cm 

 
3 

 
5 

 
-3 

 
-3 

 
17 

 
15 

 
10 

 
10 

 
1 m 

 
5 

 
4 

 
-5 

 
-3 

 
26 

 
16 

 
14 

 
10 

 
2 m 

 
6 

 
4 

 
-8 

  
-3 

 
34 

 
19 

 
19 

 
11 

 
3 m 

 
7 

 
4 

 
-8 

 
-2 

 
40 

 
22 

 
23 

 
12 

 
5 m 

 
8 

 
4 

 
-10 

 
-1 

 
47 

 
27 

 
28 

 
13 

 
  



 
 

28 
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2.9 Figures 

 

Figure 2.1 Conceptual diagram of ALS and TLS scans during the snow-off survey. Photo is from 
the western end of Grand Mesa, CO, USA. Aircraft height and size are not to scale. 
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Figure 2.2 Distribution of ALS, TLS, and snow-probe transects across Grand Mesa, Colorado 
(top panel). Ground images collected in September 2016 demonstrate the variability and state of 
the ground vegetation at the TLS sites (bottom panels). Many gaps within the ALS data are water 
bodies which were intentionally masked out with the national hydrography dataset. 
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Figure 2.3 a-c: True color imagery for TLS Sites A, B (USDA NAIP), and the Ranger Station (© 
2018 Google). d-f: Average of the ALS and TLS snow depth. Areas that were missing either 
ALS or TLS data were removed from the analysis and are shown in white. g-i: ALS snow depth 
minus TLS snow depth at 1-m resolution. j-l: ALS and TLS snow depth distributions. Dashed 
lines show the median value of the distribution. Figure S3 shows similar results for TLS Site K, 
N, and P. 
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Figure 2.4 Left column: comparison between median snow depth values from snow-probe 
transects (standard and magnaprobe) and ALS snow depth data from 8 and 16 February 2017. 
Right column: comparison between standard deviations from the snow-probe transects (standard 
and magnaprobe) and the ALS data from 8 and 16 February 2017. “(All)” implies that the mean 
difference was used by combing either the standard deviation of the transect or the median snow 
depth values from both the standard and magnaprobe snow depth transects.  
 



 
 

33 

 
Figure 2.5: ALS derived snow depth at 1-m resolution on 8 February 2017 along a section of 
plowed road (route 65) just south of TLS Site K. Mean snow depth along the road was 1 cm with 
17% of the area showing snow depths exactly equal to 0 cm. 
 

 

Figure 2.6: a.) South to north point cloud transect at TLS Site B. Point cloud transect was 0.5 m 
wide. All points are shown. b.) West to east point cloud transect at TLS Site B. c.) NAIP imagery 
showing south to north and west (a) to east point (c) cloud transects 
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Figure 2.7: Same as Figure 2.3 in the main text but for TLS Site K, N, and P. 
 

 

Figure 2.8 Left: Averaged snow depth between ALS and magnaprobe at sampled areas. Right: 
Spatial distribution of snow depth differences between the magnaprobe and ALS. 
The spiral had a 0 cm difference between the median snow depth value despite normally distributed 
errors around 0 cm (1𝜎 = 10 cm). Furthermore, the magnaprobe standard deviation had a 0 cm 
difference from the standard deviation of the gridded ALS snow depth data. 
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Figure 2.9 a.) Snow depth differences between ALS and TLS derived snow depth at TLS Site A 
(same as in Figure 2.3). b.) The lowest incidence angle that a TLS snow-off pulse hit the terrain 
from any of the TLS snow-off scan positions. c.) Shrub height map. d.) Binary classification that 
considers the incidence angle and shrub height. e-f.) Histograms showing ALS snow depth 
subtracted by TLS snow depth, separated into different areas using the binary classification map 
(d). 
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Figure 2.10 Snow-on and snow-off, south to north point cloud transects of a cabin at the Ranger 
Station site. South side of the cabin was snow free. Black dots show the elevation difference 
(axis right) between the lowest point within a 25-cm bin. 
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2.10 Appendix A: Additional specifications and details of ALS and TLS data 

 Airborne Laser Scans (ALS) 

ALS point cloud data were originally processed to a WGS84 UTM Zone 13 N horizontal 

reference system, which had a WGS84 ellipsoid as the vertical datum. To ensure consistency 

with the TLS data, the ALS point cloud’s vertical datum was transformed from Ellipsoidal to 

NAVD88 GEOID12B. Using 243 RTK survey points that had a 2 – 7 cm vertical uncertainty, we 

found that the snow-off ALS survey gridded at 1-m resolution had an elevation difference that 

was on average 69 cm (elevation difference: 1𝜎 =	39 cm). These differences in elevation can be 

explained by the ALS survey not being registered to ground control points, as the survey was 

designed to determine relative differences in snow depth. Using known snow-free targets 

(plowed road, buildings, and trees) within the domain, we found that the relative difference 

between the snow-on and snow-off ALS surveys were negligible (Figure S1). Therefore, other 

than changing the vertical datum, no relative registration adjustments were made to the ALS 

point clouds used for snow depth quantification. 

 Terrestrial Laser Scans (TLS) 

Both snow-off and snow-on TLS surveys used reflectors along with differentially corrected 

GNSS surveys to merge individual point clouds together and transform these point cloud data 

from the scanner reference system to the geographical coordinate system - WGS84 UTM Zone 

13N with an NAVD88 vertical datum (GEOID12B).  

An analysis of the ALS and TLS scans at the Ranger Station, the only area where all three 

units scanned, indicated satisfactory horizontal agreement between Riegl scanners, while the 

Leica ScanStation C-10 survey appeared to have a horizontal offset. When the ALS data from 

the 17 February and the 23 February 2017 Riegl VZ-1000 point clouds were compared, they 
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were horizontally aligned (easting and northing) with the two man-made structures, which served 

as reference targets. However, the Leica ScanStation C-10 survey was horizontally offset 1.22 m 

to the east and 0.49 m south, relative to the ALS scan and the Riegl VZ-1000 scan. At TLS Sites 

A and N, translating the snow-on and snow-off data from the Leica ScanStation C-10 by the 

same amount resulted in the correct horizontal alignment of the trees relative to the snow-off and 

snow-on ALS surveys. Thus, TLS point clouds that used the Leica ScanStation C-10 were 

translated 1.22 m to the east and 0.49 m south to match the ALS and Riegl VZ-1000, but were 

not rotated or vertically translated (Table S1). At TLS Site K, the Riegl VZ-1000 snow-on and 

snow-off survey showed that the data were horizontally aligned with the trees from the ALS 

scans without any translation. At TLS Site B and P, there were no trees or man-made objects, but 

shrubs and the topography appeared to align (Figure S2).  
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2.11 Appendix B: Sample sizes, dates, and methods for snow depth transects  

On the western end of Grand Mesa, standard snow depth probe transects were coincident 

with snow-on ALS flights, while magnaprobe measurements occurred one day after the snow-on 

ALS flights (Table S2). One magnaprobe transect on 17 February 2017 was sampled in a spiral 

starting at the center, rather than a straight line. The spiral consisted of 2701 snow depth 

measurements, walking a total distance of 5.9 km in a 240 x 214 m area. The nearest 1-m ALS 

snow depth value was extracted from the estimated position of each snow-probe measurement.  

In September 2016, the beginning, intermediate, and end points of the standard snow-probe 

transects were marked with t-posts and vertically placed, red PVC piping. The t-posts’ 

geographic coordinates were obtained in July 2017 using differentially corrected GNSS surveys. 

On 8 and 16 February 2017, snow depth measurements were collected along a transect every 3-m 

using the standard 3-m snow depth probe. In forested areas, flagging was used to guide the 

individual walking the snow depth transect. Despite efforts to guide the manual snow depth 

transects with marked posts, flagging, and a compass, maintaining a straight line was difficult, 

especially in the forest.  
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2.12 Appendix C: Sensitivity to results from different survey dates 

 Ultrasonic snow depth sensors and observed changes in snow depth 

At TLS Sites K and N, ten and seven ultrasonic snow depth sensors were installed, respectively. 

The Ranger Station site and TLS Site A each had a meteorological tower with one ultrasonic snow 

depth sensor. At TLS Sites K and N, depth sensors were placed underneath the canopy and in the 

open, while at the Ranger Station and TLS Site A, snow depth sensors were in the open. All 

ultrasonic sensors were used to determine relative snow depth changes between the ALS flight and 

TLS scan, as the lidar surveys did not always occur on the same day. For instance, between 8 and 9 

February, snow depth decreased at Sites K, N, and A by 1-3 cm. Similarly, between 15 and 16 

February, snow depth decreased by 1-5 cm across all monitored sites. Lastly, between 16 and 17 

February, snow depth decreased by 1-4 cm and was unchanged at TLS Site A.  

 Effect on results 

Differences reported within the main text should not be adversely affected due to changes in 

snow depth between survey dates. Using the observed changes in snow depth from compaction, we 

note that median differences reported in Table S3 and Table 2.2 could decrease by a maximum of 3-

4 cm at TLS Sites A, B, K, P, and the Ranger Station. Median snow depth differences at these sites 

could therefore range from -2 – 10 cm instead of 1 – 13 cm (Table S3).  

TLS Site N had a TLS survey one day before the ALS survey, while the aforementioned sites 

had a TLS survey after the ALS survey. At site N there was 1-5 cm of snow compaction at the site 

between the TLS and ALS survey. However, in general ALS still recorded higher snow depth 

values. Similarly, the magnaprobe observations took place one day after the ALS survey where snow 

depth was observed to compact and/or melt, but magnaprobes generally recorded more snow depth 
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than the ALS observations. Both the comparison at Site N and the comparison to the magnaprobes 

implied that snow depth differences are dominated by uncertainties in the accuracy of the 

instrumentation, different viewing perspectives, and inherent survey errors, their combined influence 

being of greater magnitude than snow compaction and melt between surveys. 
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2.13 Appendix D: Sensitivity between using the lowest ground point or the average of 
the ground points 

 
Sensitivity tests between using the lowest ground point or the average of the ground points to 

grid snow-off and snow-on bare-earth models from ALS and TLS (Section 3.a.) showed that the 

greatest agreement was when we used the lowest of the ground points to grid bare-earth models. 

However, results were not much different. For instance, the median snow depth difference between 

all ALS and TLS data increased 1 cm when using the average of the ground points to create bare-

earth models instead of the lowest grid point. Across all sites, the median snow depth difference 

between ALS and TLS ranged from 1-15 cm using the average of the ground points to grid the 1-m 

spatial resolution bare-earth models, instead of 1-13 cm when using the lowest ground point (Table 

S3; Table S7). The most sensitive site was TLS Site A, where snow depth differences between ALS 

and TLS were 7 cm higher using the average of the ground points at 1-m spatial resolution rather 

than the lowest ground point (Table S3; Table S7). We found that the TLS snow-off bare-earth 

model was the most sensitive to the gridding decision. Shrubs in the snow-off TLS data were being 

classified as “ground,” and using the average of the TLS snow-off ground points increased the 

elevation of the snow-off TLS bare earth model, ultimately deriving less snow depth than when 

using the lowest ground point to create the bare-earth model. 

Similar to the median snow depth difference, there were little change in other metrics when using 

the average ground points instead of the lowest ground point to grid the bare-earth models. The 

difference in standard deviation between ALS and TLS snow depth data at 1-m spatial resolution 

ranged from -7 to 1 cm depending on the TLS site no matter whether we used the average of the 

ground points or the lowest ground point to create the bare-earth model (Table S4; Table S8). The 

RMSD between ALS and TLS snow depth data at 1-m spatial resolution ranged from 8-31 cm using 

the average of the ground points, instead of 10-28 cm using the lowest ground point to grid the bare-
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earth models (Table S5; Table S9). Lastly, the mean absolute difference between ALS and TLS 

snow depth data at 1-m spatial resolution ranged from 6-22 cm using the average of the ground 

points, instead of 7-20 cm using the lowest ground point to grid the bare-earth models (Table S6; 

Table S10). 
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2.14 Appendix E: Suggestions for future evaluations of airborne lidar 

This study used ALS data that was surveyed from 1000-1100 m above ground level (AGL), 

resulting in point densities of around 18 pts/m2. However, airborne lidar is often flown at higher 

altitudes to maximize aerial coverage during flight times. Uncertainty in ALS surveys generally 

increase with flight altitude due to angular uncertainties in the inertial measurement unit and 

boresite calibration. Furthermore, the laser beam footprint increases with flight height. This 

reduces the return energy magnitude, and in steep terrain can adversely affect the 3-D positional 

accuracy of the elevation point (for both discrete and waveform-recoding systems). Lastly, flying 

at higher AGL altitudes decreases the ground point density (for given lidar system settings) and 

can reduce point densities to around 1-4 pts/m2 (Painter et al., 2016). While ground point 

densities can be artificially reduced and examined using this data, the influence of angular 

uncertainties, which increase with flight height and a changing footprint, could be explored in 

future comparisons if multiple flight altitudes are included in the ALS survey. 

While the airborne survey was at a relatively low AGL (~1000 m), ALS data were not 

spatially complete in heavily forested areas at 1-m spatial resolution (Table 2.2). To have a 

spatially complete dataset, values are often interpolated using a void filling routine. Zheng et al. 

(2016) interpolated areas underneath the canopy with areas in the open and found that this risked 

overestimating snow depth by 10 cm. TLS data were also not spatially complete in the forest, 

due to the spatial configuration of the scan positions, and therefore we could not properly assess 

the effect of a void filling routine on the spatial variability and magnitude of snow depth. We 

advocate that future studies use ground-based observations to identify proper void filling routines 
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and determine their effects on the magnitude and spatial variability of snow depth underneath the 

canopy. 

Furthermore, future ground validation studies of remote sensing products should attempt to 

minimize geolocation errors in ground observations, reduce different viewing perspectives, and 

ground control remote sensing observations to minimize potential vertical and horizontal offsets. 

Future ground observations should take advantage of marked locations that can be identified 

while in the field and within the remote sensing data. Known locations could include unique 

trees identified from a snow-off ALS survey or unique man-made structures. Additionally, 

utilizing drone based lidar would yield high point density observations, view the terrain from the 

same perspective as airborne lidar scans, and provide greater flexibility than TLS in covering 

larger areas. Lastly, using ground control will reduce uncertainty in the vertical and horizontal 

position of the lidar returns (Text S1.a.). This will allow quantification of absolute errors, rather 

than relative differences, within each snow-off or snow-on dataset. This would also improve 

comparisons of spatial variability between other independent datasets (e.g. terrestrial lidar, 

structure-from-motion, stereo-based satellite imagery, or synthetic aperture radar) to ALS snow-

off and/or snow-on data. 

  



 
 

46 

Chapter 3 Snow depth variability at the forest edge in multiple climates in the western 
United States 

William Ryan Currier & Jessica D. Lundquist 

Department of Civil and Environmental Engineering, University of Washington, Seattle, WA, 
USA  

Note: This chapter has been published in its current form as an article in Water Resources 
Research (Currier & Lundquist, 2018); the only differences are in section, figure, and table 
numbering. It is used here by permission of John Wiley and Sons.  
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3.1 Abstract 

Snow depth variability between different sides of the forest edge was analyzed using airborne 

lidar in the Olympic Mountains, WA; Tuolumne River Watershed, CA; Jemez Caldera, NM; and 

the Boulder Creek Watershed, CO. At Boulder Creek there were statistically significant snow 

depth differences between leeward and windward forest edges (mean: 38%), which were likely 

the result of cold winter temperatures (-5 - -10°C), substantial wind speeds (>10-12 m s-1), and 

the forest architecture. In the Olympic Mountains, wind speeds were similar to Boulder Creek, 

but snow depth differences between forest edges were not significantly different, likely due to 

winter temperatures near 0°C and a more continuous forest distribution. At Jemez, forest shading 

likely caused significant snow depth differences between north and south-facing forest edges 

(mean: 32%). Tuolumne had similar incoming solar radiation to Jemez, but only two of the four 

sites contained significant snow depth differences between north and south-facing forest edges 

(14% and 31%). The Tuolumne sites without significant edge differences received less direct 

solar radiation due to shading by surrounding topography. At Jemez, Boulder Creek, and 

Tuolumne, snow depth differences between forest edges were greater than or equal to differences 

between exposed and under canopy areas. Furthermore, at Jemez and Tuolumne, forest-edge 

snow depth differences were similar to snow depth differences between different aspects in 

exposed areas. Therefore, snow depth differences between forest-edge classifications are of 

similar magnitude to classifications currently used to represent sub-element heterogeneity within 

hydrologic models. Therefore, representation of forest-edge variability within models should be 

explored.  
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3.2 Introduction: 

Across a distance of 100-m, i.e., the hillslope scale (Clark et al., 2011), snow depth and snow 

water equivalent (SWE) can vary on the order of several meters or 100-300%. This variability is 

a function of the topography, meteorological conditions, and forest architecture. Understanding 

and predicting snow depth’s spatial variability at the hillslope scale based on these interactions 

improves the prediction of processes at the watershed scale, such as streamflow magnitude, 

timing, and temperature, particularly during late summer flows (Clark et al., 2011; Leach & 

Moore, 2014; Luce et al., 1998, 1999; Lundquist et al., 2005; Lundquist & Dettinger, 2005; Sun 

et al., 2018). Furthermore, understanding snow depth’s spatial variability is valuable for 

ecologists predicting species distributions (Carlson et al., 2015; Dedieu et al., 2016; Ford et al., 

2013), and for simulating land-atmosphere interactions (Liston, 1999, 2004). 

 Prior work has shown significant snow depth variability along forest edges (Broxton et al., 

2015; Church, 1933; Hiemstra et al., 2002, 2006; Musselman et al., 2008). In this manuscript, we 

used high-resolution (1-3 m) digital elevation models (DEM) and canopy height models (CHM) 

to test two hypotheses regarding the amount of snow located along the forest edge, labeled HP1 

and HP2. 

 (HP1) Motivated by previous work that has showed the importance of forest shading on 

forest-edge snow depth distributions (Golding & Swanson, 1978; Lawler & Link, 2011; 

Musselman et al., 2008, 2015; Seyednasrollah & Kumar, 2014), we tested whether north-facing 

forests edges contained statistically greater snow depths than south-facing forest edges.  

 (HP2) In addition, previous work has also demonstrated the importance of scour and wind 

related deposition along forest edges (Brandle, J.R., Finch, 1991; Geddes et al., 2005; Hiemstra 
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et al., 2002, 2006; Tabler, 2003), and therefore we tested whether leeward forest edges have 

statistically greater snow depths than windward forest edges.  

 To determine which processes affect snow depth differences along the forest edge between 

various climates, we tested HP1 and HP2 at four different regions within the western United 

States. Using these results along with a comparison of meteorological data, we provide insight 

into why snow depth variability along forest edges differs between regions. Furthermore, we 

related the snow depth differences between different sides of the forest edge to the variability 

within the rest of the domain.  For instance, we compared forest-edge snow depth differences to 

snow depth differences between exposed and forested areas, as well as snow depth differences 

between different slope aspects within exposed areas. Ultimately, we used the forest-edge snow 

depth distributions as an observational basis to discuss conceptual ideas for simulating this 

heterogeneity within a model element.  

 This paper is organized as follows: Section 3.3 provides background on hillslope-scale snow 

processes and sub-element spatial representations within current hydrologic models. Section 3.4 

details the locations of our study sites and the data used. Section 3.5 describes how we classified 

different domains and the statistical tests used in this study. Section 3.6 presents our results. 

Section 3.7 provides insight into why forest-edge snow depth distributions differed between sites 

and discusses the hydrologic modeling implications of our results. We conclude in section 3.8. 

3.3 Background 

 Forest and topographic processes affecting snow depth variability 

 Topography and vegetation both influence the accumulation and ablation of snow at the 

hillslope scale. In windy locations, more snow can accumulate on the leeward side of a hillslope 

due to preferential deposition (M. Lehning et al., 2008; Mott et al., 2010; Mott & Lehning, 
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2010), as well as redistribution of already fallen snow from the windward location (Elder et al., 

1991; Greene et al., 1999; Liston & Sturm, 1998; Pomeroy & Gray, 1990). Furthermore, in the 

northern hemisphere, north-facing slopes receive less incoming solar radiation and can 

experience lower melt rates than south-facing slopes (Grünewald et al., 2010). However, the 

magnitude of this effect varies as a function of slope, aspect, latitude, cloudiness, snow albedo, 

and the horizon angle. 

 Similarly, forests affect ablation rates by diminishing turbulent heat fluxes and reducing 

incoming solar radiation (Table 3.1) (T. E. Link et al., 2004; T. Link & Marks, 1999; Musselman 

et al., 2008, 2015; Veatch et al., 2009). Simultaneously, snow receives enhanced longwave 

radiation from the forest, which increases the melt rate, but the enhancement of longwave 

radiation has a more localized effect (Table 3.1) and varies between sun-lit and shaded forest 

edges  (Lawler & Link, 2011; Musselman & Pomeroy, 2017; Seyednasrollah & Kumar, 2014; 

Webster et al., 2016, 2017; Woo & Giesbrecht, 2000).  

 Throughout the winter, forests also influence the accumulation of snow at the forest edge 

(Table 3.1). As the forest attenuates the wind speed, snow that has previously been scoured or 

snow that is falling from the atmosphere can be preferentially deposited and stored on the 

leeward side of the forest (Brandle, J.R., Finch, 1991; Geddes et al., 2005; Hiemstra et al., 2002, 

2006; Tabler, 2003). We therefore combine two individual processes, snow redistribution and 

preferential deposition of snow on leeward forest edges, into the term wind related deposition, as 

data presented herein are insufficient to separate these two processes.  

 Modeling sub-element variability within existing snow models 

 Many of these physical processes are implemented in a variety of snow models, such as 

ALPINE3D (Michael Lehning et al., 2006) and SnowPALM (Broxton et al., 2015), but these 
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models often require explicit, high-resolution (< 10 m) simulations to resolve the hillslope-scale 

heterogeneity. Snow models that contain model element areas, or grid cells, greater than the 

process scale have developed parameterizations to address snow depth or SWE’s variability 

within the model element.  

 Implicit representations assume processes affecting the snowpack behave linearly, and 

therefore physical characteristics within the model element can be averaged linearly (Blöschl, 

1999; Slater et al., 2001). For instance, consider a model element that has a discontinuous forest 

distribution. An implicit representation of forest-snow interactions within this model element 

would linearly scale a vegetation characteristic (e.g. tree height) with the fractional 

representation of other land cover types so that the magnitude of the physical process (e.g. forest-

snow interception) represents the average effect over the entire model element. Broxton et al. 

(2015) showed that an implicit representation of forest-snow interactions resulted in different 

simulations of physical processes (e.g. interception, wind redistribution) and less overall SWE 

than an explicit representation through high-resolution simulations, reflecting nonlinearities 

within forest-snow interactions.  

 Snow heterogeneity can be accounted for with sub-element probability distributions (Clark et 

al., 2011; Essery & Pomeroy, 2004a; Liston, 2004; Luce et al., 1999; Luce & Tarboton, 2004). 

Sub-element probability distributions assume a generally non-gaussian parametric distribution, 

which depends primarily on the coefficient of variation (Liston, 2004; Luce & Tarboton, 2004). 

Sub-element probability distributions have successfully been implemented for lumped and 

gridded model elements where they effectively simulated more realistic melt out dates and 

improved late-season streamflow (Clark et al., 2011; Luce et al., 1998, 1999), as well as land-

atmospheric fluxes (Liston, 2004).  
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Another approach to capture the sub-element variability is through tiling, which groups 

different classifications based on vegetation types, elevation, or a combination of these, and 

assigns each classification a proportion of the model element. Therefore, snow depth variability 

is accounted for by independently simulating the physical processes unique to each 

classification. This effectively increases model resolution and requires unique meteorological 

conditions for each classification but reduces the computational load relative to high-resolution 

simulations by lumping areas that are hydrologically similar together (e.g. Moore, 1985). Tiling 

is often implemented within regional scale models such as the Variable Infiltration Capacity 

model (Andreadis et al., 2009; Liang et al., 1994; Nijssen et al., 2001) to explicitly represent 

processes related to elevation (e.g. orographic precipitation enhancement and temperature lapse 

rates), as well as those related to vegetation (e.g. differences in radiation and forest-snow 

interception). Tiling has also previously been used in the Arctic to simulate lateral exchange of 

blowing snow between model elements that are bare of vegetation to those filled with shrubs 

(Essery & Pomeroy, 2004b; MacDonald et al., 2009).  

 We note that implicit representations, sub-element probability distributions, and tiling are not 

mutually exclusive. For instance, within each tile, finer-scale processes could be implicitly 

represented, or each tile could be assigned its own probability distribution. Furthermore, land-

atmospheric-fluxes within sub-element probability distributions are often implicitly represented 

(Liston, 2004). 

 In this paper, we built classifications based on forest and topographic processes using high-

resolution (1-3 m) DEMs and CHMs to examine gridded snow depth observations. We used the 

forest-edge classifications and snow depth data to test whether forest-edge classifications based 

on solar and wind directions would include statistically different snow depths (HP1-HP2), and 
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thus require more explicit representation within sub-element model parameterizations. We leave 

the testing and evaluation of different sub-element model parameterizations for future work. 

3.4 Location and Data 

 Lidar-derived snow depth data, lidar-derived canopy height models (CHMs), and 

meteorological data were collected from study sites in four different regions across the western 

United States (Figure 3.1). These sites included Olympic National Park, WA; Tuolumne River 

Watershed, CA; Jemez Caldera, NM; and the Boulder Creek Watershed, CO, which have 

different forest cover densities and tree heights (Table S3). For the four different study sites 

within the western United States, we specifically identified four 1000-m by 1000-m domains that 

were at least partly below tree line and where the topography exhibited various slope and aspects 

within each domain. All four sites were classified into different snow climates using the Sturm et 

al. (1995) classification on a 30 arcsec grid. The four sites in the Olympic Mountains were all 

classified as maritime. Boulder Creek had three of the four sites classified as taiga and one site 

classified as tundra (Devils Thumb Lake). Tuolumne had two sites classified as taiga (Dana 

Meadows and Dana Meadows South) and two sites classified as tundra, while sites at Jemez 

were all classified as warm forest. Warm forest was previously referred to as alpine in Sturm et 

al. (1995) and is used to describe relatively warm regions with continental precipitation, and low 

wind speed. While Tuolumne and Boulder Creek both contained similar snow climates, we note 

that the sites evaluated in Tuolumne were generally warmer, had higher incoming shortwave 

radiation, and were less windy than those at Boulder Creek (Figure 3.1).  

 Airborne lidar data 

 The Airborne Snow Observatory (ASO) (Painter et al., 2016) collected lidar observations in 

Olympic National Park, WA on 29-30 March 2016, when snow depth at Waterhole was about 



 
 

54 

92% of peak. These data were post-processed to snow depth rasters at a 3-m gridded resolution 

(Painter et al., 2016). In addition, ASO flew over the Tuolumne Watershed, CA on a semi-

weekly basis between 26 March 2016, when snow depth at the Dana Pillow was about 80% of 

maximum, and 25 June 2016, when snow depth was about 2% of maximum, to provide snow 

depth derived rasters at 3-m resolution throughout the ablation season. We primarily show results 

using the 26 March 2016 data and note when discussing spatial snow depth patterns using snow 

depth datasets from later in the ablation season. 

 The National Center for Airborne Laser Mapping (NCALM) collected snow-on flights over 

Jemez, NM between 27 March and 3 April 2010, when the nearby Quemazon SNOTEL site 

showed snow depth was at 64% of peak. Furthermore, NCALM collected snow-on flights over 

the Boulder Creek Watershed in Colorado on 20 May 2010, when the snow depth at the Niwot 

SNOTEL site was at 55% of peak. For both sites, the first return lidar data and bare earth models 

(snow-on and snow-off) were provided at 1-m resolution and are further described in Harpold et 

al. (2014). Following methods in Harpold et al. (2014), snow depth rasters were derived by 

taking the difference between the bare earth models during the snow-on and snow-off periods.  

 For both NCALM and ASO data, the CHM was calculated by taking the difference between 

the bare earth model and a model based on first returns during the snow-off flights. Following 

previous studies, a binary canopy mask was derived using canopy height values that were greater 

than 2 m (A A Harpold et al., 2014; Tennant et al., 2017; Zheng et al., 2016). Furthermore, for 

all lidar datasets, any negative or zero values were removed from the analysis (Table S3). Zero 

snow depth values were present primarily within forested areas of the ASO lidar datasets and 

generally appeared to be unrealistic based on adjacent snow depth values and nearby time-lapse 

cameras, which showed snow underneath the canopy. Meanwhile, negative snow depth values at 
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Boulder Creek, CO and Jemez, NM were found in steep rocky outcrops where landslides were 

possible or where lidar observations are more prone to vertical errors due to slight horizontal 

errors (Deems et al., 2013; Hodgson et al., 2005). Furthermore, negative values existed over 

lakes in the NCALM data where aerial imagery showed a changing water level between the 

snow-on and snow-off flights. Meanwhile, lakes were removed from the ASO dataset with 

polygons from the National Hydrography Dataset. We note that the results were insensitive to 

the decision to remove zero or negative snow depth values, and in section 3.7.3, we discuss the 

sensitivity of our results to lidar accuracy. 

 Meteorological data 

In Olympic National Park, the Northwest Modeling Consortium (Mass et al., 2003) provided 

wind speed and wind direction data from the Weather Research and Forecasting (WRF) model 

(Skamarock et al., 2008) for water year (WY) 2016 . Over Washington state, WRF used NCEP’s 

Global Forecast System as lateral boundary conditions along with the Thompson microphysical 

scheme (Thompson et al., 2008) at a spatial resolution of 1.33 km. Similarly, in the Tuolumne 

Watershed, CA, WRF data were provided by Mimi Hughes at a 6-km spatial resolution using the 

North American regional reanalysis data for lateral boundary conditions (Mesinger et al., 2006) 

and the Thompson microphysical scheme during WY 2008 and 2014 (Hughes et al., 2017). Wind 

directions from the 6-km WRF runs in the Tuolumne Watershed were predominantly from the 

southwest at our study sites for both WY 2008 and 2014, and therefore we assume the 

predominant wind direction was consistent for WY 2016 as well. Wind speed and direction from 

the 6-km WRF run were also downscaled using Micromet (Liston & Elder, 2006) with a 250-m 

DEM and showed a negligible difference in the most frequent wind direction from the 6-km 

resolution at our study locations. Wind speeds and directions at the Jemez River Basin Critical 
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Zone Observatory in northern New Mexico were obtained from the Valles Caldera Mixed 

Conifer (MCon) eddy covariance tower (Ameriflux US-Vcm), while wind data for the Boulder 

Creek Watershed were gathered from the Niwot eddy covariance tower (Ameriflux site US-

NR1). All other meteorological information is described in Table S2 (Bohn et al., 2013; Currier 

et al., 2017; Hughes et al., 2017; Lundquist & Huggett, 2010; Mass et al., 2003). 

3.5 Methods 

 Classifications 

 In each study site, snow depth distributions within four 1000-m domains were broken into six 

different classifications (Figure 3.2). The six classifications included forested areas, forest edges, 

and exposed regions. The forest edge classification was based on the CHM, solar direction, and 

primary wind direction, while the length of the forest edge classification varied based on a range 

of literature values (Table 3.1). We defined exposed classifications as areas that were not 

underneath the canopy and not along the forest edge. Therefore, the fractional area of the 

exposed classification changes with the length of the forest-edge classification. The exposed 

classification was broken into two sub-classifications based on the slope with respect to the 

predominant wind or solar direction. 

 We added directionality to the forest-edge classification to test whether snow was 

redistributed primarily from wind or whether there were snow depth differences due to forest 

shading. Specifically, we classified areas within the forest-edge as directly north-facing (NFE) or 

leeward (LWFE) of the forest and as directly south-facing (SFE) or windward (WWFE) of the 

forest. All of these classifications were tested, but only the pair with the greatest difference for a 

location are shown, specifically, north-facing and south-facing in Tuolumne, CA and Jemez, 

NM, and leeward and windward in Olympic National Park, WA and at Boulder Creek, CO. The 
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classification labeled “overlapping forest edge (OFE)” represents grid cells where the 

NFE/LWFE and SFE/WWFE forest-edge classifications overlap (Figure 3.2).  

 The extent of the forest edge classification varied based on literature values (Table 3.1). The 

classification algorithm searched out from each forest grid cell (tree height >2 m) using its CHM 

value and selected forest-edge search distance. The algorithm classifies areas as a forest edge if 

the canopy height is less than 2 m and within a given forest-edge search distance. When 

classifications were defined based on solar direction, north-facing forest edges and south-facing 

forest edges were classified using forest-edge search distances of 0.5, 1, 2, and 3 H, where H is 

the tree height from the canopy height model. When the classifications were defined based on the 

predominant wind direction, the forest edges were classified using forest-edge search distances 

of 1, 3, 6, and 10 H because wind related deposition has a larger expected extent than forest 

shading (Table 3.1). 

 Similar to the forest edges, exposed regions were also sub-classified based on aspect. We 

classified exposed regions as either north-facing slopes (NSlp) or leeward slopes (LWSlp) and 

compared these classifications to south-facing (SSlp) or windward slopes (WWSlp). As above, 

all were tested, but only the pair with the greatest difference for each location are shown. Slope 

classifications were only determined using the slope’s aspect and not magnitude. Leeward forest 

edges and slopes were based on the most frequent wind direction using the nearest WRF grid cell 

or nearest Ameriflux tower.  

 Statistical Significance Tests 

 To test whether snow depth within the different forest-edge classifications were statistically 

different from one another (e.g. north-facing forest edges vs. south-facing forest edges) we used 

the non-parametric Wilcoxon rank-sum test (Wilcoxon, 1945), with the large sample 
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approximation (Helsel & Hirsch, 2002) and an alpha value of 0.05 for sample sizes greater than 

ten. To remove spatial autocorrelation, the classification maps and snow depth data were 

subsampled every 40-m (Figure 3.3).  

 Variogram analysis previously showed that there is a scale break in snow depth at 15-40 m 

(Deems et al., 2006) and in forested areas the scale break was even less (Trujillo et al., 2007, 

2009). Furthermore, scale breaks were found to be consistent between years with different 

accumulation patterns (Deems et al., 2008) and for lidar datasets at a spatial resolution between 

1.5 and 5-m (Fassnacht & Deems, 2005). Similarly, we found correlation lengths at our sites that 

were similar to the previously mentioned scale breaks (Figure S1), suggesting that 40-m 

subsampling should be sufficient to remove autocorrelation within our study sites. This was 

further supported by a Morans I test (Moran, 1950), which showed that subsampling these data 

provided a decrease in spatial autocorrelation from strong to weak (Table S1) (Griffith, 2009).  

 These subsampled data may not fully represent the variability captured within the domain. 

Therefore, we shifted the sampling locations (Figure 3.3, black squares) and repeated the 

Wilcoxon rank-sum test. Each shift in the sampling location was 3 m, either in latitude or 

longitude, resulting in potentially 169 rank-sum tests for each domain. To fulfill the large sample 

approximation requirement (Helsel & Hirsch, 2002), a rank-sum test was only performed when 

the sample size for each classification was at least 10.  

3.6 Results 

 Boulder Creek, CO 

In Boulder Creek, CO the dominant process controlling snow depth variability along the 

forest edge appeared to be wind related deposition (Figure 3.4, Table 3.2). Across the four sites, 

the median snow depth value of leeward forest edges differed the most from windward forest 
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edges when the forest-edge search distance was at 6H (38%). Using the 6H forest-edge search 

distance, the Wilcoxon rank-sum tests at three out of the four sites indicated that snow depth 

along leeward forest edges was statistically greater than snow depth along windward forest edges 

at 100% of the subsampled locations (section 3.5.2). When each 1000-m domain was classified 

based on solar direction, the greatest difference in snow depth between north and south-facing 

forest edges was when the forest-edge search distance was at 0.5 H (13%), but the differences 

were not statistically significant, therefore rejecting HP1 and supporting HP2.  

When we compared the difference between median snow depth values for leeward and 

windward forest edges to the snow depth difference between leeward and windward-facing 

slopes, we found that the differences between slopes were greater (53%) than between forest 

edges (38%; Table 3.2). However, the difference between the median snow depth value for 

leeward and windward forest edges was greater than differences in the median snow depth value 

for exposed (combining leeward and windward facing slopes) and forested classifications (17%). 

This implies that at these locations in Boulder Creek, wind related deposition as a result of the 

forest has a greater influence on snow depth variability than processes controlling snow depth 

beneath the forest, such as forest-snow interception and subsequent sublimation. 

Interestingly, we found that snow depth along leeward forest edges was greater in areas that 

were also on leeward slopes, superimposing the effects from the forest and topography on wind 

related deposition. For instance, across all four sites, the median snow depth value in areas that 

were both leeward of the forest edge and on leeward slopes had a 20% greater median snow 

depth value than leeward forest edges that were on windward slopes. However, snow depth in 

areas that were leeward of the forest edge and on windward slopes were still 17% greater on 

average than windward forest edges. 
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At Jasper Lake, where 75% of the subsampled snow depth values reported statistically 

significant differences between leeward and windward forest edges, the snow depth difference 

between leeward and windward forest edges was 10%. This implies that at Jasper Lake, there is 

more snow on leeward forest edges than windward forest edges, but it’s not as substantial as it is 

at the other three locations within Boulder Creek, CO. 

We note that when the CHM and bare earth models were gridded to 3-m spatial resolution 

from the original point cloud data, results were generally consistent, as there were still greater 

than 30% differences on average between leeward and windward forest edges. Furthermore, 

across all four sites, the percent difference between the median snow depth values for leeward 

and windward forest-edge classifications were similar when the forest-edge search distances 

were 3H (32%) and 10H (34%), respectively. Lastly, at Jasper and Albion Lake, leeward of 

ribbon forests, some snow drifts were classified as overlapping forest edges. This implied that 

either more detail on the forest morphology is needed to improve the classification of leeward 

forest edges or that drifts preferentially form in areas that are sheltered from multiple directions 

(see section 3.7.1). 

 Jemez Caldera, NM 

At Jemez Caldera, NM, forest shading appeared to be the dominant process controlling snow 

depth variability along the forest edge (Figure 3.5; Table 3.2). Across the four sites, the median 

snow depth value of north-facing forest edges differed the most from south-facing forest edges 

when the forest-edge search distance was at 1H (32%). At all four sites, the Wilcoxon rank-sum 

tests for 100% of the subsampled locations indicated that snow depth along north-facing forest 

edges displayed statistically greater snow depth than south-facing forest edges when the forest-

edge search distance was at 1H. When the forest-edge classifications were based on the most 
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frequent wind direction, the snow depth differences between median snow depth values for 

leeward and windward forest edges were less than 2% across all four forest-edge search 

distances, therefore rejecting HP2 and supporting HP1.  

The snow depth differences between the median values for north and south-facing forest 

edges were generally similar to the snow depth differences between median snow depth values 

for north-facing and south-facing slopes (28%), which had snow depth differences that were 

statistically significant at all subsampled locations. Furthermore, the snow depth differences 

between the median values for north and south-facing forest edges were similar to the differences 

between the median values for exposed and forest classifications (27%). This implies that at 

these locations in Jemez, forest shading had a similar degree of influence on snow depth 

variability within the domain as did radiative differences between north and south-facing slopes 

or forest-snow processes affecting snow depth underneath the forest. 

Similar to Boulder Creek, we found that snow depth along north-facing forest edges was 

greater in areas that were also north-facing slopes, superimposing the effects from the forest and 

topography on forest shading. For instance, on average, the median snow depth value in areas 

that were both in north-facing forest-edge classifications and on north-facing slopes had a 33% 

greater median snow depth value than north-facing forest edges that were on south-facing slopes. 

Meanwhile, the median snow depth values for north-facing forest edges that were on a south-

facing slope were also greater than the median snow depth values for the south-facing forest 

edge classification using all slope aspects (23%). 

Furthermore, we note that when the CHM and bare earth models were gridded to 3-m spatial 

resolution from the original point cloud data, results were similar. At 3-m spatial resolution, the 

results showed that on average there were greater than 20% differences between median snow 
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depth values for north and south-facing forest edges when the forest-edge search distance was 

0.5 to 2 H.  Lastly, across all four sites, the percent difference between the median snow depth 

values for north and south-facing forest-edge classifications were similar when the forest-edge 

search distances were of 0.5H (29%), 2H (27%), and 3H (22%), respectively. 

 Tuolumne River Watershed, CA 

In the Tuolumne River Watershed, CA forest shading appeared to be the dominant process 

controlling snow depth variability. At the 2H forest-edge search distance, across all sites, the 

median snow depth value of the north-facing forest edge was 14% greater than the median snow 

depth value for south-facing forest edges. Using this classification, the Wilcoxon rank-sum tests 

showed statistically significant snow depth differences between north and south-facing forest 

edges at Dana Meadows and Dana Meadows South, where snow depth differences between 

median values for north-and south-facing classifications were 14% and 31%, respectively. At 

Lyell and Matterhorn Canyon, the subsampled snow depth differences between north and south-

facing forest edges were 5% and not significant, which was likely the result of topographic 

shading from terrain outside the analyzed domain (see section 3.7.1). 

 Meanwhile, on average across all sites, the difference between median snow depth values for 

leeward and windward forest-edges was 8% or less depending on the forest-edge search distance. 

Furthermore, the Wilcoxon rank-sum tests showed that snow depth from leeward and windward 

classifications were not statistically different, except at Dana Meadows South. Therefore, results 

support HP1, specifically at Dana Meadows and Dana Meadows South, because forest-edge 

classifications showed greater differences than wind related deposition classifications. At both 

Lyell and Matterhorn Canyon results were not statistically different for either forest shading or 

wind related deposition classifications.  
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At Dana Meadows and Dana Meadows South, the snow depth differences between north and 

south-facing forest edges were either greater than or equal to the snow depth difference between 

north and south-facing slopes. However, at Lyell and Matterhorn Canyon, the greatest snow 

depth differences were between north and south-facing slopes. Furthermore, snow depth 

differences between north and south-facing forest edges were greater than or equal to snow depth 

differences between exposed and forested areas. 

Similar to Boulder Creek, CO and Jemez Caldera, NM, we found that snow depth along the 

forest edge was greatest when the forest-edge aspect aligned with the slope aspect. On average, 

the median snow depth value in areas that were both in the north-facing forest-edge classification 

and on a north-facing slope had a 15% greater median snow depth value than north-facing forest 

edges that were on south-facing slopes. Meanwhile, the median snow depth value for north-

facing forest edges that were on a south-facing slope were greater than the median snow depth 

value for the south-facing forest edge classification using all slope aspects (8%). 

As the season progressed, the differences between north and south-facing forest edges 

generally remained the same for each site and there was no change in the statistical significance 

results. We also note that the difference between north and south-facing slopes did not change 

significantly throughout the melt season. Lastly, despite the results supporting HP1, we reiterate 

the uncertainty in the wind data described in section 3.4.ii, and therefore further discuss the 

results in context with the potential of a poorly resolved wind field in section 3.7.1 and 3.7.2. 

 Olympic National Park, WA 

In Olympic National Park, WA, snow depth differences between either leeward and 

windward forest edges, or north and south-facing forest edges were not statistically significant 

(Figure 3.7). On average, the greatest snow depth differences, across the four sites, were when 
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the forest edges were classified based on the most frequent wind direction and the length of the 

forest edge was 3H. Using this classification, the snow depth difference between median values 

was 13% (Table 3.2). However, in the four domains, the results were not statistically significant, 

therefore rejecting HP1 and HP2.  

In Olympic National Park, the greatest snow depth differences appeared between leeward 

and windward facing slopes, where on average the difference between slopes was 78%. 

Furthermore, the difference between snow depth in exposed and forested areas was on average 

54%, indicating that processes affecting the snow depth distribution along the forest edge (Table 

3.1) were not responsible for the dominant modes of heterogeneity in Olympic National Park, 

WA. 

3.7 Discussion 

 Variation in Forest-Snow Processes at the Forest Edge by Study Site 

At Boulder Creek, CO, we found that wind related deposition was likely the dominant 

process controlling snow depth variability between forest edges. We believe that snow drifts on 

the leeward side of the forest were due to a combination of cold mean winter temperatures (-5 – -

10°C), strong winds coming from the west (>10 – 12 m s-1), and the forest distribution. The 

Boulder Creek, CO sites contained ribbon forests (Billings, 1969; Hiemstra et al., 2002, 2006; 

Liston, 1999), and therefore the forests served as wind breaks (Brandle, J.R., Finch, 1991) which 

led to the preferential deposition of snow on the leeward side of the forest.  

Interestingly, in the Olympic Mountains, WRF wind speeds at 10 m indicated wind speeds 

that were similar to or greater than those measured at the Boulder Creek Ameriflux Tower 

(Figure 3.1), even when wind speeds were filtered to snowfall events. Despite high wind speeds, 

the Olympic Mountains did not have statistically significant snow depth differences between 
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leeward and windward forest edges. In Olympic National Park, the forests were generally more 

continuous and did not contain ribbon forests. Furthermore, in the Olympic Mountains, the mean 

winter temperature was around 0°C (Figure 3.1), and the wet and heavy snowpack could 

generally resist scour from high winds (LaChapelle, 1958; L. Li & Pomeroy, 1997). Therefore, 

the snow depth differences between slope aspects, as well as the snow depth differences between 

exposed and forested areas, implies that snow depth variability was likely due to wind related 

deposition across topographic ridges during snowfall events (M. Lehning et al., 2008; Mott & 

Lehning, 2010) and forest-snow interception (Dickerson-Lange et al., 2017; Martin et al., 2013; 

Pascal Storck et al., 2002), rather than from forest shading or the forest serving as a wind break.  

The snow depth data from ASO in the Olympic Mountains was collected early in the ablation 

season when snow depth was around 92% of peak. We therefore evaluated NAIP imagery from 

later in the season, and consistently found that snow was present in exposed areas but not 

underneath the forest or along the forest-edge. This supports conclusions from Dickerson-Lange 

et al. (2017), which showed that for areas similar to the Olympic Mountains, snow depth 

heterogeneity is primarily the result of accumulation differences (e.g. forest-snow interception) 

rather than ablation differences. Furthermore, this supports the conclusion that the generally 

cloudy conditions in the winter and spring (Figure 3.1) did not lead to radiative differences 

between different sides of the forest edge, and therefore there was not greater snow retention 

along north-facing forest edges in the Olympic Mountains (Figure 3.1). 

Across all the sites, we note that a classification between leeward and windward forest edges 

could be improved with more detailed meteorological data and by including the length, width, 

and porosity of the forest patches. Previous studies suggested that when forest porosity, defined 

as the ratio of open area to total frontal area of the trees, becomes greater than 50%, snow will 
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begin to be deposited on the windward side (Tabler, 2003). Furthermore, the deposition of snow 

on the leeward side was more effective when the length of the forest (length perpendicular to the 

wind direction) was at least ten times the height of the tree (Brandle, J.R., Finch, 1991; Brandle 

& Nickerson, n.d.; Tabler, 2003). Lastly, consistent with previous studies, we note that leeward 

snow drifts generally begin several meters from the leeward edge of the forest (Hättenschwiler & 

Smith, 1999; Hiemstra et al., 2002, 2006; Tabler, 2003), which was reflected in the 1 H vs. 3-

10H forest-edge search distances at Boulder Creek. 

In Jemez, NM there were statistically significant snow depth differences at all sites between 

north-facing and south-facing forest edges, which was consistent with previous findings 

(Musselman et al., 2008; Veatch et al., 2009). At the four sites in Jemez, NM, the horizon angle 

was always lower than the sun’s elevation angle at each daylight hour on 1 February, and 

therefore the sites at Jemez, NM received little topographic shading from outside the examined 

1000-m domains. Interestingly, despite Jemez, NM and Tuolumne, CA differing by only two 

degrees in latitude and having similar monthly mean solar radiation, two of the sites in 

Tuolumne, CA (Lyell and Matterhorn Canyon) did not have significant differences between 

north and south-facing forest edges. Both Lyell and Matterhorn Canyon were surrounded by 

steep topography, which shaded the entire area. This likely explains the lack of significant snow 

depth differences between north and south-facing forest edges at these two locations. For 

instance, on 1 February, at Lyell and Matterhorn Canyon the sun was beneath the horizon angle 

30% and 40% of the daylight hours, respectively. Meanwhile, at Dana Meadows and Dana 

Meadows South, the sun was beneath the horizon angle only 10% of daylight hours. This 

suggests that in areas with significant amounts of solar radiation, such as Tuolumne and Jemez, it 

is important to consider the amount of direct radiation received throughout the day while the 



 
 

67 

sun’s elevation angle is still low when determining whether forest shading will cause significant 

snow depth variability. 

 In Tuolumne, CA, snow depth variability appeared to be predominantly controlled by 

variation in incoming radiation, but additional radiation and wind observations would better 

support this conclusion. For instance, the results from multiple ASO overpasses in Tuolumne 

suggested that snow depth distributions were primarily set up by radiative differences before 26 

March 2016 and that ablation after 26 March 2016 was relatively uniform between 

classifications. Relatively uniform melt rates later in the season have previously been observed 

and explained by an increase in the solar elevation angle throughout the ablation season 

(Anderton et al., 2004; Egli & Jonas, 2009). Furthermore, the wind magnitudes and directions for 

this study site were less certain than the other three study sites (see section 3.4.2). Therefore, in 

Tuolumne, it is possible that forest shading and wind related deposition both have an impact on 

forest-edge snow depth variability because winds were likely steered through Tioga Pass and 

were probably predominantly from the south despite WRF indicating southwesterly flow in the 

lower atmosphere.  

 Modeling application 

These results highlight forest-edge snow processes that should be resolved within high-

resolution simulations. Furthermore, these results advocate that sub-element model 

parameterizations explore the representation of forest-edge variability within hydrologic models. 

We note that the variability exhibited between forest edges would not necessarily be resolved by 

any but the highest-resolution simulations (Broxton et al., 2015) because results suggested that 

slope (topographic shading and wind-induced deposition) and forest-edge snow depth variability, 
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which existed in the 1000-m domain, also existed with a similar magnitude in the 50-m domain 

(see supplemental material).   

Since the variability exhibited between forest-edge classifications is significant and as great 

as the snow depth variability between forest and exposed classifications, which are already 

accounted for in many models, the results suggest that exploration of a tiling parameterization 

might be one solution (Figure 3.8). Within each model element, each tile could independently 

simulate its own snowpack drawing on physical relationships that describe forest shading 

(Lawler & Link, 2011; Musselman et al., 2015; Seyednasrollah & Kumar, 2014), and wind 

related snow deposition (Brandle, J.R., Finch, 1991; Tabler, 2003). Actual implementation of a 

tiling parameterization would need to be adaptable to the climatic conditions, and the 

classifications (north vs. south or leeward vs. wind forest edges) would need to be assigned 

based on the appropriate physical process (forest shading vs. wind related deposition). Therefore, 

the hydrologic modeler should consider the magnitude and confidence in their meteorological 

data (i.e. mean winter temperature, incoming solar radiation, wind speed, and wind direction) as 

well as the forest distribution and surrounding topography, all of which changes significantly 

throughout a watershed. 

Furthermore, we note that substantial heterogeneity remained within each classification, 

especially at Boulder Creek (Figure 3.4-3.7, Table S4). While tiles could simulate the median 

snow depth value for each classification within a model element, each classification could also 

be prescribed its own sub-element probability distribution using the coefficient of variation to 

account for finer scale variability within the classification (Liston, 2004; Luce & Tarboton, 

2004). Therefore, the representation of the forest-edge variability within sub-element 



 
 

69 

parameterizations is non-trivial and warrants further research, specifically evaluating the 

parameterization’s effect on streamflow and land-atmospheric interactions.  

 Results with respect to lidar accuracy 

 In an exposed area with little elevation relief, ASO has been shown to have a mean absolute 

error of less than 8 cm and an overall bias of less than 1 cm (Painter et al., 2016). In coniferous 

forests, other airborne lidar data, including NCALM, have been evaluated using snow-probe 

transects, individual acoustic snow depth sensors, and GNSS observations to have a root-mean-

square-error of 10 – 31 cm and an overall mean difference of 1 – 13 cm depending on the study 

and canopy cover type (A A Harpold et al., 2014; Hopkinson et al., 2004; Reutebuch et al., 2003; 

Tinkham et al., 2014).  

 We believe our results should be robust despite potential inaccuracies within forested areas, 

as we largely focused on areas beside but not directly underneath the canopy. Snow depth 

differences between median values from different forest-edge classifications resulted in snow 

depth differences greater than mean absolute snow depth errors found within ASO (Painter et al., 

2016). At three out of the four study sites in the western United States, snow depth differences 

between median values from exposed and forested areas were less than potential inaccuracies of 

airborne lidar within forested areas (Table 3.2). However, previous studies that used acoustic 

snow depth sensors at these sites showed snow depth differences between exposed and forested 

areas of similar magnitude (Adrian A. Harpold et al., 2015; Molotch et al., 2009; Rice & Bales, 

2010). To better understand the uncertainties of ASO and NCALM lidar data and to further 

investigate snow depth variability beneath the canopy, we advocate future studies that further 

evaluate the spatial patterns of ASO and NCALM lidar data within forested areas. 
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3.8 Conclusions 

 Snow depths between different sides of the forest edge were significantly different at three of 

the four study sites, likely due to the interaction of unique climatic conditions (i.e. mean winter 

temperature, incoming solar radiation, wind speed, and wind direction) experienced within the 

entire domain, as well as the forest distribution. In Jemez, NM and Tuolumne, CA, where there 

was the greatest amount of incoming solar radiation, the statistically significant snow depth 

differences between the north and south-facing forest edges were likely the result of forest 

shading, specifically in areas where there was no topographic shading from the surrounding 

terrain. In the relatively cold and windy environment of Boulder Creek, wind related deposition 

and the presence of “ribbon forests,” which served as wind breaks, likely influenced the 

statistically significant snow depth differences between leeward and windward forest edges. 

Meanwhile, in the relatively warm, cloudy, and windy Olympic Mountains, where there was a 

more continuous forest distribution and snow was more resistant to scouring due to the maritime 

environment, snow depth differences were not statistically significant between either north and 

south-facing or leeward and windward forest edges.  

 Forest-edges contain unique physical snow processes that result in statistically significant 

snow depth differences between different forest-edge classifications. The snow depth differences 

between forest-edge classifications were equal to or greater than the snow depth differences 

between exposed and forested classifications at Jemez, NM; Tuolumne, CA; and Boulder Creek, 

CO.  The significant variability in snow depth at the forest edge justifies further exploration of 

sub-element model parameterizations to represent forest-edge snow depth variability and 

evaluate how those parameterizations affect model representations of late-season streamflow and 

land-atmospheric interactions. Future sub-element modeling parametrizations that account for 
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forest-edge snow depth distributions should consider the interaction between meteorological 

conditions, topography, and the forest distribution, all of which change throughout the 

watershed.   
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3.9 Tables 

Table 3.1 Expected Extents of Forest-edge Processes 
Forest-edge process Expected extent of 

the process 

Citation 

 

Forest Shading 

 

0.5-2 H 

(Golding & Swanson, 1978; Lawler & 

Link, 2011; Musselman et al., 2015; 

Seyednasrollah & Kumar, 2014) 

 

Enhanced longwave 

radiation from the forest 

 

1-2 m or 0.5 H 

(Lawler & Link, 2011; Musselman & 

Pomeroy, 2017; Seyednasrollah & 

Kumar, 2014; Webster et al., 2016; 

Woo & Giesbrecht, 2000) 

Wind related deposition as a 

result of the forest 

5-100 m or 3-10 H (Brandle, J.R., Finch, 1991; Hiemstra 

et al., 2002, 2006; Tabler, 2003) 
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Table 3.2 Median Snow Depth Differences  
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Boulder Creek, 
CO 
(0.5 Ha and 6 Hb) 

18 
13% 

57 
38%+ 

26 
17% 

87 
53%+ 

 

32 
17%+ 

Jemez, NM 
(1 Ha and 1 Hb) 

31 
32%+ 

1 
2% 

19 
28%+ 

6 
8% 

19 
29%+ 

Tuolumne, CA* 
(2 Ha and 1 Hb) 

21 
14% 

13 
8% 

32 
19%+ 

19 
12%+ 

25 
16% 

Olympic 
Mountains, WA 
(0.5 Ha and 3 Hb) 

22 
11% 

29 
13% 

93 
48%+ 

148 
81%+ 

126 
55%+ 

The snow depth difference or percent differences between median values for different forest-edge 

classifications, slope classifications, and between exposed and forested areas. The mean 

difference from the four domains within each different study site was reported. See Figures 3.4-

3.7 for snow depth differences per 1000-m domain and for each classification’s snow depth 

value. Percent differences were normalized by the median snow depth value for the entire 

domain. 

* Results between north and south-facing forest edges were statistically significant at two of the 

four locations. The other two locations were shaded by the surrounding topography – see section 

3.7.1 for more details. 

+ The snow depth differences between classifications were statistically significant. See text for 

more details. 
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a North and south-facing forest-edge search distances that provided the greatest difference in 

median snow depth values. 

b Leeward and windward forest-edge search distances that provided the greatest difference in 

median snow depth values. 
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Table 3.3: Spatial autocorrelation is reduced for each domain and within each climate as Moran’s 
Index is reduced with 40-m subsampling of the 1 or 3-m snow depth data.  

Moran’s Index 

 
Olympic 

National Park, 
WA 

 

 

Site Name 
Waterhole Hurricane 

Ridge 
Mount Hopper Anderson Pass 

 
All Data Points 0.67 0.61 0.78 0.82 

40-m 
Subsampled 
Data Points 

0.27 0.20 0.28 0.31 

 
Tuolumne, CA 

 

 

Site Name Dana 
Meadows 

Dana 
Meadows 

South 

Lyell Canyon Matterhorn 
Canyon 

All Data Points 0.76 0.75 0.80 0.87 
40-m 

Subsampled 
Data Points 

0.21 0.12 0.30 0.28 

 
Boulder 

Creek, CO 
 

 

Site Name 
Jasper Lake Devils Thumb 

Lake 
Diamond Lake 

Trail 
Albion Lake 

All Data Points 0.90 0.96 0.96 0.91 
40-m 

Subsampled 
Data Points 

0.20 0.30 0.44 0.31 

 
Jemez, NM 

 

 

Site Name 
Ameriflux 

Tower 
Cerro del 

Medio Peak 
Ameriflux 
North East 

Caldera Valley 

All Data Points 0.80 0.91 0.83 0.84 
40-m 

Subsampled 
Data Points  

0.22 0.19 0.28 0.30 
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Table 3.4: Source of meteorological data for the most frequent wind direction and for display in 
Figure 3.1. To be consistent between climates, shortwave and longwave radiation were derived 
using MTCLIM with methods described in Bohn et al. (2013). 

 Olympic National 
Park, WA 

Tuolumne, CA Boulder Creek, CO Jemez, NM 

 

Water Year 
 

2016 

 

 

2016 

 

 

2011 

 

 

2011 

 
 

Snow Depth 
 

Waterhole 
SNOTEL Site 

 

 

CDWR Dana Snow 
Depth Sensor 

 

 

Niwot SNOTEL 
Site 

 

 

Quemazon 
SNTOEL Site 

 

 

Relative Humidity 
(RH) 

 

Waterhole 
SNOTEL Site 

 

 

HOBO U23 Pro v2 
at Dana Meadows 
-following methods 

of Lundquist & 
Huggett, (2010)  

 

 

Niwot eddy 
covariance tower  
(Ameriflux site US-

NR1)  
 

 

Valles Caldera 
eddy covariance 

tower  
(Ameriflux US-Vcm) 

 

 

Temperature 
 

Waterhole 
SNOTEL site – 

corrected for using 
Currier et al. (2017) 

 

HOBO U23 Pro v2 
at Dana Meadows 

– following 
methods of 
Lundquist & 

Huggett, (2010) 

 

Niwot eddy 
covariance tower  
(Ameriflux site US-

NR1) 

 

Valles Caldera 
eddy covariance 

tower  
(Ameriflux US-Vcm)  

 

 

Longwave 
Radiation (LW) 
 

 

MTCLIM 
(Bohn et al., 2013) 

 

MTCLIM 
(Bohn et al., 2013) 

 

MTCLIM 
(Bohn et al., 2013) 

 

MTCLIM 
(Bohn et al., 2013) 

 

Shortwave 
Radiation (SW) 
 

 

MTCLIM  
(Bohn et al., 2013)  

 

 

MTCLIM  
(Bohn et al., 2013)  

 

 

MTCLIM  
(Bohn et al., 2013)  

 

 

MTCLIM  
(Bohn et al., 2013)  

 
 

Wind Speed &  
Wind Direction 

 

Nearest WRF Grid 
Cell 

(Mass et al., 2003; 
Skamarock et al., 

2008) 

 

Nearest WRF Grid 
Cell 

(Hughes et al., 
2017; Skamarock et 

al., 2008) 

 

Niwot eddy 
covariance tower  
(Ameriflux site US-

NR1) 

 

Valles Caldera 
eddy covariance 

tower  
(Ameriflux US-Vcm) 
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Table 3.5: Average fractional forest cover within 1000-m domains, average tree height within 1-
km domains, average percent of 1000-m domains that contains negative values (removed from 
the analysis), average percent of 1000-m domains that contains zero values (removed from the 
analysis). Negative snow depth values were not prevalent in ASO datasets due to a relative 
registration step that matched elevations of snow-free areas in both snow-on and snow-off data 
sets 
 
Climatic Region Average Forest 

Cover 

[%] 

Average Tree 

Height 

[m] 

Average Number of 

Negative Values [%] 

Average Number 

of Zero Values [%] 

 
Olympic National 

Park, WA 
 56.7 8.1 0.0 12.7 

 
Tuolumne, CA 

 48.9 5.5 0.0 3.4 

 
Boulder Creek, CO 
 24.0 6.7 5.0 0.0 

 
Jemez, NM 

 
 

38.9 9.4 2.5 0.0 
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Table 3.6: The mean and range of the coefficient of variation from the four 1-km domains for 
each classification within different regions of the western United States. In Tuolumne, CA and 
Jemez, NM, classifications were based on forest-shading and used tree height search distances of 
2H and 1H, respectively. Olympic National Park, WA and Boulder Creek, CO had classifications 
based on wind related deposition and used tree height search distances of 3H and 6H, 
respectively. 
 

Coefficient of 
Variation  

 
North-facing 

Slope 

 
North-facing 
Forest Edge 

 

 
South-facing 
Forest Edge 

 

 
South-facing 

Slope  

 
Underneath 
the Canopy 

 
Overlapping 
Forest Edge 

 
Tuolumne, CA 
 

0.28 
0.14 – 0.47 

 

0.31 
0.21 – 0.37 

 

0.32 
0.25 – 0.40 

  

0.33 
0.16 – 0.53 

  

0.55 
0.50 – 0.61 

  

0.30 
0.27 – 0.34 

 
 

Jemez, NM 
 
 

0.17 
0.16 – 0.18 

 

0.28 
0.23 – 0.40 

 

0.42 
0.34 – 0.63  

 

0.26 
0.18 – 0.32  

 

0.37 
0.29 – 0.49 

  

0.31 
0.25 – 0.44 

 
  

Leeward-
facing Slope 

 
Leeward-

facing Forest 
Edge 

 

 
Windward-

facing Forest 
Edge 

 

 
Windward-
facing Slope 

 
Underneath 
the Canopy 

 
Overlapping 
Forest Edge 

 
Olympic 

National Park, 
WA 

 

0.25 
0.23 – 0.30 

 

0.39 
0.29 – 0.44 

 

0.42 
0.27 – 0.47  

 

0.59 
0.25 – 0.94 

  

0.73 
0.62 – 0.87 

  

0.47 
0.39 – 0.51 

 
 

Boulder 
Creek, CO 

 

1.03 
0.55 – 2.13 

 

0.62 
0.40 – 0.87 

 

0.70 
0.47 – 1.10 

  

2.03 
1.23 – 2.90  

 

0.38 
0.30 – 0.52 

  

0.44 
0.34 – 0.60 
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3.10 Figures 

 

Figure 3.1 Location of NCALM and ASO lidar datasets within different snow climates as 
classified by Sturm et al. (1995). Monthly averages of meteorological variables as described in 
the text and Table S2. Wind roses for the Olympics and Tuolumne are shown as an example for 
the nearest WRF grid cells to the Waterhole SNOTEL site and CDWR Dana Pillow, 
respectively. Daily snow depth data is from the SNOTEL and CDWR snow pillow sites. A 
marker is used to represent the date of the lidar acquisition. Missing temperature and relative 
humidity data were prevalent at Jemez, NM in February and was not filled in. This limited the 
derivation of longwave and shortwave radiation 
 
. 
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Figure 3.2 a.) Aerial image from the National Agriculture Imagery Program (NAIP) on 25 June 
2016 in Dana Meadows, Tuolumne River Watershed, CA. b.) Gridded snow depth (3 m) from 
ASO. Dark green shading represents trees. c.) Classification of regions within a 150-m domain 
based on the CHM and DEM. The length of the forest edge was at 3 H. Acronyms of each region 
are defined in the histogram’s legend. d.) Snow depth distributions for the six classifications. 
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Figure 3.3 a-b.) An example of removing spatial autocorrelation through subsampling (black 
squares) to perform a hypothesis test between independent snow depth samples in Dana 
Meadows, CA on 26 March 2016. Green shading represents forested areas in a) and b). 
Acronyms for each classification are defined in Figure 3.2d. c.) Subsampling changed the sample 
size of the snow depth distribution for north-facing forest edges from 3899 to 25, and the median 
value (vertical lines) did not change. Subsampling changed the sample size of the snow depth 
distribution for south-facing forest edges from 3469 to 23, and the median values changed from 
150 cm to 154 cm. 
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Figure 3.4 Snow depth distributions in the Boulder Creek Watershed, CO using four different 
forest-edge search distances (1, 3, 6, 10 H) at four different 1000-m domains. The canopy mask 
(black) is draped over the snow depth and slope maps for each domain to show how the slope 
and snow depth vary with respect to the forest. Latitude and longitude are for the center point of 
the domain. Each dot and line plot represent the median, mean, and interquartile range for a 
given forest-edge search distance classification in a specific domain. Forest-edge search 
distances increase along the y-axis. 
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Figure 3.5 Snow depth distributions as the result of four different forest-edge search distances 
(0.5, 1, 2, and 3H) in Jemez, NM at for four different 1000-m domains. See Figure 3.4 for more 
information. 
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Figure 3.6 Snow depth distributions as the result of four different forest-edge search distances 
(0.5, 1, 2, and 3H) in Tuolumne, CA at four different 1000-m domains. See Figure 3.4 for more 
information. 
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Figure 3.7 Snow depth distributions as the result of four different forest-edge search distances (1, 
3, 6, and 10H) in Olympic National Park, WA at four different 1000-m domains. See Figure 3.4 
for more information. 
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Figure 3.8 Conceptual diagram for a tiling approach to model forest-edge snow depth variability 
within a model element. In this diagram the model element is represented as a grid cell, and each 
classification could independently simulate its own mass and energy fluxes while total melt 
could be weighted by each classification’s fractional area. 
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Figure 3.9 Snow depth variograms for each snow climate and each 1000-m domain using 10-m 
bin widths. The correlation length was estimated to be the distance where the semivariance 
reaches around 95% of the sill, or where the semivariance begins to no longer increase with 
distance. 
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Figure 3.10 Median percent snow depth differences between the forest-edge and slope aspect at 
the four different regions in the western United States as a function of the analyses areal extent 
(See Text S2 for a more thorough explanation). In the Olympics, Tuolumne, Boulder Creek, and 
Jemez the forest-edge search distance classification was at 1, 2, 6, and 3H, respectively. The 
direction of the forest-edge classification is noted in the legend. Mean snow depths are shown to 
provide insight into what the median percent difference is with respect to snow depth 
differences. 
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3.11 Appendix A: Spatial autocorrelation 

 Spatial autocorrelation exists when values similar in space are more similar to one another 

than values farther apart. Moran’s Index (Moran, 1950) is a measure of spatial autocorrelation 

that varies from negative one to positive one. Values of positive one indicate positive spatial 

autocorrelation. Positive autocorrelation is when similar values are clumped together within the 

domain. Negative one indicates data that has high values located closely to low values. Zero 

indicates that the values are randomly distributed and thus completely independent from one 

another. In general, values of 0.25 to 0.5 indicate weak spatial autocorrelation, 0.5 to 0.7 indicate 

a moderate spatial autocorrelation, 0.7 to 0.9 indicates a strong spatial autocorrelation and values 

of 0.9 to 1.0 denote a substantial amount of spatial autocorrelation (Griffith, 2009). 

The high-resolution, non-subsampled snow depth data showed strong spatial autocorrelation 

according to Moran’s Index (Table S1) (Griffith, 2009; Moran, 1950). In this study, Moran’s 

Index was calculated using ArcMap’s Spatial Autocorrelation (Global Moran’s I) tool with all 

data points and the 40-m gridded subsample of the data points (Table S1). An inverse-distance-

weight-matrix was used with a Euclidean distance method. The data were not row standardized. 

Variogram’s were computed using 10-m bin widths for distances between 10 and 500 m and 

were used to define the process scale (Figure S1) (Blöschl, 1999; Deems et al., 2006). Here, the 

process scale is the length at which various fluxes of mass and energy influence the snow depth. 

On a variogram the process scale is the region where the variance is increasing with distance. 

The correlation length is the distance at which the variance no longer increases with distance. 

Using log-log variograms this distance is referred to as a scale break. Values at distances less 

than the correlation length were interpreted to be spatially autocorrelated and thus subject to the 
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same process, while values at distances greater than the correlation length were interpreted to be 

uncorrelated or independent from one another.  

Previous work has identified the scale break for snow depth at several sites in Colorado to be 

40-m or less (Deems et al., 2006, 2008) and in forested areas the scale break to be even less 

(Trujillo et al., 2007, 2009), suggesting that the 40-m subsampling was sufficient. The Devils 

Thumb Lake and Diamond Lake Trail sites at Boulder Creek and the Caldera Valley site at 

Jemez all showed a larger correlation length than 40 m while the remaining sites showed 

correlation lengths of 40-m or less (Figure S1). This was due to processes within those particular 

domains that acted on a larger scale. For instance, at the Caldera Valley site in Jemez, NM there 

is a distinct north vs. south pattern within the snow depth data (Figure 3.7). We suspect that this 

is due to the differences in slope and thus differences in direct incoming shortwave radiation 

causing variation in ablation.  

In places where the dominant processes act at larger scales than 40-m, the results from 

hypothesis tests that used the 40-m subsampling should be interpreted carefully. For instance, at 

Caldera Valley samples on north-facing and south-facing slopes may not be independent because 

at this site, the process scale is larger. However, subsampling at 40-m for different forest edges 

leads to independent sampling because forest shading has an expected extent less than 40-m 

(Table 3.1).  

At sites where the variogram suggests that the process scale was larger than 40-m we decided 

to report the statistical significance tests for differences between slopes using 40-m subsampling 

because subsampling for all sites decreased Moran’s Index values from strong spatial 

autocorrelation to weak spatial autocorrelation (Table S1) (Griffith, 2009). Furthermore, at sites 

with larger process scales, statistical significance tests were in agreement with the other sites that 
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had a smaller correlation length. In addition, at Devils Thumb Lake, Diamond Lake Trail, and 

Caldera Valley where it is subjective whether 40-m subsampling leads to independent 

observations within different slopes, the snow depth distributions between different slope aspects 

visually look different and differ by more than 27% (Figure 3.4 & 3.5).  
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3.12 Appendix B: Sensitivity to the areal extent of the analysis 

 To determine whether snow depth variability between forest edge and slope classifications 

existed within smaller areal extents, we repeated the snow depth comparisons by separating the 

1000-m by 1000-m snow depth rasters into smaller areal extents. In addition, we also separated 

the corresponding classification maps into smaller areal extents. Specifically, we separated the 

1000-m domain into 4 (250-m), 36 (150-m), 100 (100-m), and 400 (50-m) individual square 

domains. For clarity, we outline our analysis using the 150-m areal extents at Jemez with a 

forest-edge search distance of 1H as an example.  

 Within each of the 36, 150-m areal extents, we computed the percent difference between the 

median snow depth value for north and south-facing forest edge classifications (with the 

requirement that at least 5% of the area fell into each classification to ensure reasonable sample 

size). The mean of the percent differences between median snow depth values from each 

classification within the 36, 150-m domains was then computed, and the same analysis was 

repeated for the three other sites at Jemez. To report the general difference between north and 

south-facing forest edges at Jemez within the smaller areal extent, we then averaged and reported 

the mean percent differences between median snow depth values from north and south-facing 

forest edges. 

 This analysis was repeated for the other areal extents and for other classification-pairs (such 

as slope-aspect within exposed areas). For simplicity, we only report the results from the forest-

edge search distance that showed the greatest difference in median snow depth values between 

forest edge classifications from the 1000-m analysis.   

 We found that when we separated the 1000-m domain into 4 (250-m), 36 (150-m), 100 (100-

m), and 400 (50-m) individual square domains that the snow depth differences between 
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classifications were generally consistent despite changes to the areal extent (Figure S2). For 

instance, at Boulder Creek, CO, across all four sites, the 6H forest-edge search distance on 

average showed a 38% difference between the median snow depth value along leeward and 

windward forest edges (Table 3.2; Figure S2). Meanwhile, the snow depth difference between 

windward and leeward slope classifications was on average was 53% (Table 3.2; Figure S2). As 

the analysis was performed on smaller areal extents the average differences between forest edges 

and slopes remained around 38% and 53% for snow depth differences between forest edges and 

slopes, respectively. Similar results were also true for Jemez, NM and Tuolumne, CA. In 

Olympic National Park, WA there was generally little difference in snow depth between leeward 

and windward forest edges. However, there was an 81% snow depth difference between median 

values for leeward and windward slopes. At smaller areal extents the snow depth difference 

between leeward and windward slopes decreased to less than 35%. 
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4.1 Abstract 

At hillslope scales, significant spatial variability in snow depth occurs at forest edges, and 

between exposed and forested areas. To account for this variability, a tiling parameterization, 

which simulates four snowpacks (one per tile) per grid cell, each drive by their own unique 

radiation conditions, was incorporated into the Distributed Hydrologic and Soil Vegetation 

Model (DHSVM). The impact of the tiling parameterization on simulated snow water equivalent 

(SWE) and streamflow was examined in three watersheds and was based on classifications from 

high-resolution (1-3 m) vegetation maps. In Tuolumne, CA, the tile model had little effect on 

grid-cell average SWE and streamflow. In Jemez, NM, where forests are relatively sparse and 

trees were 10.2 m tall, the tile model’s grid-cell average snow disappearance date (SDD) was 12 

days earlier and peak streamflow occurred 20-days earlier than the original (single snowpack per 

grid cell) model formulation. In Chiwawa, WA, where forests were dense and trees were 17.2 m 

tall, SDD was 11 days later and streamflow increased up to 11-13% between mid-July and 

August. Despite statistically different snow depth distributions, forest edges had a relatively 

small effect on simulating streamflow (2-6%) due to small contributing areas. However, grid cell 

average ablation rates and streamflow were primarily impacted by exposed and forest tiles. The 

contrasting responses between watersheds were primarily controlled by the grid cells average 

fractional forest cover and the forest’s radiation attenuation, which is a function of tree height 

and the sun’s elevation angle. Lastly, the response to tiled grid cells highlighted nonlinear 

responses in SWE and streamflow to forest-snow interactions. 
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4.2 Introduction: 

Snow depth variability at the hillslope scale (Clark et al., 2011) affects watershed scale 

processes, such as streamflow timing, magnitude, and temperature (Leach & Moore, 2014; Luce 

et al., 1998, 1999; Lundquist et al., 2005; Lundquist & Dettinger, 2005; Sun et al., 2018). 

Additionally, snow depth variability can drive ecological processes (Carlson et al., 2015; Dedieu 

et al., 2016; Ford et al., 2013; Hättenschwiler & Smith, 1999), and affect land-atmospheric 

feedbacks (Liston, 1999, 2004).  

The spatial distribution of trees within a forest affects the spatial distribution of snow in a 

variety of climates (Church, 1933; Currier & Lundquist, 2018; Dickerson-Lange et al., 2015, 

2017; Hiemstra et al., 2006; Lundquist et al., 2013; Mazzotti et al., 2019; Moeser et al., 2016; 

Musselman et al., 2008; Sun et al., 2018). Across multiple climates, significant hillslope scale 

spatial variability in snow depth occurs at forest edges (depending on orientation), and between 

exposed and forested areas (Broxton et al., 2015; Currier & Lundquist, 2018; Hiemstra et al., 

2006). This small scale variability between forest edges is driven largely by differences in the 

amounts of shortwave and longwave radiation received between exposed and forested areas, or 

the orientation of forest edges (Golding & Swanson, 1978; Lawler & Link, 2011; Musselman et 

al., 2008, 2015; Musselman & Pomeroy, 2017; Seyednasrollah & Kumar, 2014; Webster et al., 

2016, 2017; Woo & Giesbrecht, 2000).  

Historically, even spatially distributed hydrologic models that implicitly represent forest 

characteristics and their effect on radiation have not resolved forest-edge snow processes. For 

instance, it is common to linearly scale a vegetation characteristic (e.g. LAI) with the fractional 

representation of the forest and other landcover types to represent the average magnitude of a 

physical process (e.g. canopy radiation attenuation) over the entire model element. At grid cell 
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resolutions larger than 10 m, the forest distributions impact on fine-scale variability, specifically 

at forest edges, begins to disappear causing less simulated snow water equivalent (SWE) and less 

snowmelt (Broxton et al., 2015). 

In this study we present a method that explicitly accounts for differences in radiation between 

north and south-facing forest edges, as well as between exposed and forested areas, within grid 

cells of a distributed model applied at the watershed scale. To explicitly resolve forest-edge snow 

processes, we used high-resolution (1-3 m) vegetation maps to identify the fractional area of 

each tile within 90-150 m grid cells. Separate tiles were used to represent forest and exposed 

areas, as well as north and south-facing forest edges in each grid cell (Figure 4.1; Currier & 

Lundquist, 2018). Fractional area maps were used as input data for the tiling parameterization 

incorporated into the Distributed Hydrologic and Soil Vegetation Model (DHSVM) (Wigmosta 

et al., 1994, 2002). DHSVM was adapted to explicitly simulate radiation differences and unique 

individual snowpack’s for north and south-facing edges, as well as exposed and forested areas 

(Figure 4.1).  

We first compared simulated SWE to lidar-derived SWE in each tile. We then quantified the 

effect that the tile parameterization has on grid cell average SWE, evapotranspiration, and 

streamflow, compared to the implicit, forest-radiation parameterization within the non-tiled 

version of DHSVM, which uses a single snowpack per grid cell. This comparison was done for 

three different watersheds with different forest characteristics and meteorological conditions. We 

therefore determined the impact that simulated forest-edge snow depth variability has on 

streamflow and determined what forest characteristics controlled the response of SWE and 

streamflow within different watersheds. 
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4.3 Location and Data 

 Site overview 

We chose three watersheds for our study that had publicly available lidar data and differed in 

forest characteristics, meteorological conditions, and elevation distributions (Figure 4.2; Table 

4.1). The Upper Tuolumne contains primarily lodgepole pine (Pinus contorta) and generally has 

the shortest trees. The forest cover is less than half the watershed, as the watershed is mostly 

above tree line. The Jemez contains a variety of different tree species such as, Douglas fir 

(Pseudotsuga menziesii), white fir (Abies concolor), blue spruce (Picea pungens), limber pine 

(Pinus flexilis) and ponderosa pine (Pinus ponderosa). The trees in the Jemez were less dense 

than in the Upper Tuolumne and generally more dispersed. Furthermore, the Jemez received the 

highest amounts of incoming radiation throughout the winter (Table 4.1). Lastly, the Chiwawa 

received the least amount of incoming shortwave radiation and primarily consists of grand fir 

(Abies grandis) at low elevations and subalpine firs (Abies lasiocarpa) at high elevations. The 

Chiwawa had the densest and tallest canopy, with the greatest spatial coverage in forests (Table 

4.1). 

 Model Input Data 

4.3.2.i Upper Tuolumne River Watershed, CA, USA 

Precipitation data were collected using methods described in (Lundquist et al., 2016). 

Missing air temperature data after July 11, 2015 at Dana Meadows CDEC were filled in using 

the average of two coincidently located HOBO temperature sensors. Relative humidity data were 

provided from the Dana Meadows CDEC tower. Shortwave and longwave radiation were 

provided from the CUES met tower that is 36-km south of Dana Meadows (Bair et al., 2018). 

Other methods were explored, such as MTCLIM (Bohn et al., 2013), or using observed 
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shortwave and empirically derived longwave radiation (Lundquist et al., 2016), but CUES data 

produced the best simulations.  

Precipitation data from Dana Meadows were distributed throughout the watershed using 800-

m PRISM data (Daly et al., 2008). Temperature data were lapsed with elevation by -6.5°C km-1. 

Shortwave radiation data were topographically corrected for slope, aspect, and terrain shading 

within DHSVM. Incoming longwave radiation was temporally variable, but assumed uniform 

throughout the basin. Wind speeds were from observations at the Dana Meadows CDEC tower 

and uniformly distributed. Maps describing the vegetation type were provided from lidar data 

(Painter et al., 2016), and NLCD landcover classifications (Homer et al., 2015) (section 4.3.4). 

Model runs were between water year (WY) 2014 and 2017 at a 150-m spatial resolution and a 1-

hr time step. 

4.3.2.ii Jemez River Watershed, NM, USA 

Model forcing data were provided from archived 13-year (WY 2001-2013) WRF runs at 4-

km spatial resolution (Liu et al., 2017). WRF precipitation data were adjusted to properly 

simulate SWE at the Quemazon SNOTEL site (Figure 4.2). Precipitation multipliers were 

applied to individual snowfall events until the positive cumulative increase in modeled SWE 

matched the positive cumulative increase in observed SWE at the SNOTEL sites. Precipitation 

multipliers were applied to the rest of the domain. Adjusted winter precipitation data from WRF 

runs between WY 2008-2010 were on average 6.5% too high  (entire WY 16%) compared to 

observations at the three SNOTEL sites and a USCRN gauge, but this is within the realm of 

uncertainty as winter precipitation data is notoriously difficult to measure (Goodison et al., 

1998; Rasmussen et al., 2012).  
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The center of each WRF grid cell was input into DHSVM as a station, where precipitation 

data were further interpolated between WRF grid cells using PRISM. Temperature data were 

scaled by -6.5°C km-1 with elevation between WRF grid nodes. Maps describing the vegetation 

type were provided from lidar data (Harpold et al., 2014), NAIP imagery, and NLCD landcover 

classifications (section 4.3.4.). The model was run between WY 2005 and 2010 at a 150-m 

spatial resolution and a 1-hr time step. 

4.3.2.iii Chiwawa Watershed, WA, USA 

Model input data and configurations were consistent with (Sun et al., 2018), except for the 

vegetation maps. Vegetation maps were derived from NAIP imagery, NLCD landcover types, 

and lidar data where it was available (section 4.3.4). Model forcing data were provided from 

(Livneh et al., 2013). The model was run between WY 2008 and 2013 at a 90-m spatial 

resolution and a 3-hr time step to be consistent with (Sun et al., 2018). 

 Measured Snow Depth and Streamflow 

Distributed snow depth data were derived from lidar data in the Upper Tuolumne at 3-m 

spatial resolution (Painter et al., 2016), and in a subset of the Jemez River Watershed at 1-m 

spatial resolution (Harpold et al., 2014) (Figure 4.2). Similar data were not available for the 

Chiwawa Basin. Lidar-derived snow depth generally has errors less than 10-cm (Painter et al., 

2016) and the errors in the forest were comparable to errors in exposed areas (Currier et al., 

2019; Mazzotti et al., 2019). DHSVM simulated SWE and does not directly simulate density or 

depth. Therefore, density was derived using methods in (Matthew Sturm et al., 2010) in 

combination with (M. Sturm et al., 1995). Additional SWE observations exist at snow pillows in 

all three basins (Figure 4.2). Snow pillows were used for model calibration in exposed regions 

(section 4.4.2.). 
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USGS stream gauge data were provided from the Jemez River Near Jemez, NM (USGS 

08324000) gauge and the Chiwawa River Near Plain, WA (USGS 12456500). Streamflow data 

in the Upper Tuolumne were provided from (Lundquist et al., 2016) where we primarily focused 

on the Highway 120 gauge. Streamflow observations in Tuolumne experienced ice jams, which 

caused water to pond above the gauge, causing unrealistic observations of streamflow. We 

therefore only show observations and compute evaluation metrics from peak SWE until the end 

of the water year. Lastly, in the Jemez River Watershed, two Ameriflux Towers exist, which 

have observations of evapotranspiration. In WY 2010, towers were missing between 46-49% of 

the data from throughout the water year. Therefore, observations should be considered a low 

estimate of evapotranspiration. 

 Vegetation maps 

Within each watershed, lidar-derived canopy height data were primarily used to classify 

north and south-facing forest edges. In the Jemez River and Chiwawa watershed, lidar data were 

only available over a subset of the watershed (Figure 4.2). In areas where lidar data were not 

available, canopy grid cells were identified using NDVI calculations from 4-band NAIP imagery 

at 1-m spatial resolution (Figure 4.3). Canopy grid cells were identified when the NDVI was 

greater than a threshold value, which was optimized based on a threshold value which showed 

the greatest agreement with the lidar-derived canopy mask (Figure 4.3). We chose a NDVI 

threshold of 0.27 and 0.02 in the Jemez and Chiwawa, respectively. Differences in NDVI 

thresholds were likely due to a combination of differences in species type (section 4.3.1.), plant 

health, and differences in the forest understory or amount of mosses and twigs within the trees 

(Huemmrich & Goward, 1997; Xiao & McPherson, 2005). 
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NDVI-derived canopy masks were classified into north and south-facing edges using 

methods described in (Currier & Lundquist, 2018). Search distances were based on tree height. 

Where canopy height data was not available, the average tree height from the lidar domain was 

uniformly used. Forest-edge search distances were 1 H, 2 H, and 1 H for the Jemez, Upper 

Tuolumne, and Chiwawa, respectively, where H represents the grid-cells tree height. Search 

distances were based on results from (Currier & Lundquist, 2018), which showed the greatest 

snow depth difference between north and south-facing edges was 1 H and 2 H for the Jemez and 

Upper Tuolumne, respectively. 1 H was chosen for the Chiwawa. Overlapping forest edge 

classifications (Currier & Lundquist, 2018), or areas that were classified as both north and south-

facing edges were classified as exposed grid cells based on visual inspection of lidar-derived 

snow depth data. Overlapping areas showed both relatively low snow depths on the south side of 

the trees and areas of higher snow depth on the north side. Therefore, on average, overlapping 

areas showed values closer to what was represented in exposed areas.    

The high-resolution classification map (1-3 m) were re-gridded to the model resolution (90-

150 m) to create four unique maps. Each map represented the grid cell’s fractional area that was 

exposed, forest, north, and south-facing edges. The sum of all four maps was equal to one. 

Identifying canopy grid cells from NAIP imagery was particularly problematic in riparian 

areas or alpine areas that were noticeably green after snow melt. These areas had high NDVI 

values but did not contain vegetation greater than 2 m (Figure 4.3). To filter out these areas we 

used the NLCD 2011 vegetation classifications to identify areas where the NAIP to NDVI 

method misclassified areas as being a canopy grid cell. Therefore, if the NLCD 2011 map was 

not a mixed deciduous, evergreen, or mixed forest, the fractional exposed map was set equal to 

one (fractional forest, north, and south-facing maps were equal to zero). Lastly, if the fractional 
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forest area was greater than zero, the vegetation classification was relabeled an evergreen forest 

for simplicity.  

4.4 Methods 

 Model Description  

The DHSVM simulates SWE within a grid using a two-layer energy and mass balance snow 

model, which explicitly accounts for topography and vegetation cover (Wigmosta et al., 1994, 

2002), typically at grid cell scale of 30-150 m. In grid cells with a canopy, the DHSVM 

simulates forest-snow interception, sublimation, mass release, and melt with a one-layer mass-

and energy balance canopy model (P. Storck, 2000; Pascal Storck et al., 2002; Wigmosta et al., 

1994, 2002). Transpiration is simulated with a Penman Monteith approach where canopy 

resistances in the overstory are calculated based on a function of temperature, vapor pressure, 

photosynthetically active radiation, and soil moisture (Monteith, 1965; Wigmosta et al., 1994). 

The DHSVM allows saturated subsurface flow to be transported to neighboring grid cells based 

on lateral saturated hydraulic conductivity and a decay coefficient to represent the exponential 

decrease in transmissivity with depth. For more details on additional processes and those 

described above see (Wigmosta et al., 1994, 2002). 

 Model Calibration and Baseline Simulations 

The original version of DHSVM was manually calibrated, individually, at the three sites to 

provide plausible simulations of SWE and streamflow for three water years. The DHSVM was 

first run to simulate SWE at snow pillow locations within the basin (Figure 4.2; Figure 4.4, Table 

4.2) and then at all grid cells within the basin to compare with LiDAR data when available 

(Table 4.2). Trade-offs were made to optimize simulated SWE. For instance, SWE in the Upper 
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Tuolumne was generally too low in comparison to the Dana Meadows snow pillow (12.8%), but 

simulated basin-average SWE was too high in comparison to lidar-derived SWE observations. 

Nash Sutcliffe’s Efficiency (NSE) metric was computed using daily values during the snow 

melt pulse (Figure 4.4, Table 4.2). NSE’s were considered poor at the Jemez River Near Jemez 

gauge. The Jemez River Watershed is particularly difficult to simulate as roughly 90% of the 

precipitation is lost to evapotranspiration (Chang et al., 2014; Sanford & Selnick, 2013) making 

any errors in evapotranspiration translate into relatively high errors in simulated streamflow. 

Furthermore, ~8% of the annual streamflow was lost to inter-basin watershed diversions and 

withdrawals from agriculture (Fischer & Borland, 1983). Given reasonable precipitation data 

from WRF (section 4.3.2.ii), vegetation and soil parameters were adjusted to simulate a 

reasonable magnitude of evapotranspiration and streamflow. We found that in general, adjusting 

albedo or vegetation characteristics that control the net radiation at the snow surface in the forest 

we were unable to simultaneously simulate the timing of the snow melt pulse and provide 

reasonable comparisons to peak SWE at SNOTEL sites and lidar-derived, basin average SWE. 

Despite these efforts, streamflow simulations in the Jemez should primarily be considered with 

respect to baseline simulations rather than observations. 

 Radiation Balance 

4.4.3.i Original Model 

In the original framework of DHSVM, net shortwave radiation at the snow/soil surface for a 

grid cell with an overstory, is calculated as follows: 

𝑆𝑊NOP
QNROS = (1 − 𝛼) ∗ V𝑆𝑊WN	(1 − 𝐹) + 𝐹Z𝑆𝑊RWS𝜏 + 𝑆𝑊RW\\𝜏R]^ (1) 

where incoming shortwave radiation is partitioned into direct and diffuse components,	𝑆𝑊RWS  and 

𝑆𝑊RW\\ , respectively. The radiation partitioning is based on regression coefficients and a ratio 
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between the incoming atmospheric shortwave radiation and the solar constant. F is the fractional 

forest cover parameter, which varies spatially based on the derived maps (Figure 4.2, Section 

4.3.4.). Furthermore, 𝛼, is the snowpack, or understory vegetation albedo. 𝜏 is the canopy 

transmittance coefficient for direct radiation, and 𝜏R is the overstory’s transmittance coefficient 

for diffuse radiation. 𝜏R is a input parameter that varies based on vegetation type, while 𝜏 is 

calculated based on tree height (H), the sun’s elevation angle (el), and an extinction coefficient 

(k) that is an input parameter which can vary monthly and by vegetation type. 

𝜏 = exp *
−𝑘 ∗ 𝐻
sin(𝑒𝑙)1

(2) 

Outgoing and incoming longwave radiation for a grid cell with a canopy is calculated for the 

understory as follows: 

𝐿gQPQNROS = 	𝜎𝑇hS\i (3) 

𝐿WNQNROS = 	 𝐿R(1 − 𝐹) + 	𝜎𝑇klN
i𝐹 (4) 

where 𝐿R, is the incoming atmospheric longwave radiation, 𝜎 is the Stefan-Boltzmann constant, 

𝑇klN is the canopy temperature, which comes from the air temperature, and 𝑇hS\, is the snow or 

soil temperature. When calculating incoming longwave radiation using the improved radiation 

scheme within the DHSVM, 𝐹 is converted to a view factor, Vf, where Vf is 𝐹 multiplied by a 

canopy view adjustment factor. The canopy view adjustment factor is a calibration parameter to 

represent the sky view factor. In the case where there is no overstory, the incoming longwave for 

the understory is 𝐿R. 

Net radiation is calculated as 

𝑁𝑒𝑡	𝑅𝑎𝑑 = 𝑆𝑊NOP
QNROS + 𝐿WNQNROS − 𝐿gQPQNROS (5) 
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Therefore, for a grid cell that has a canopy, radiation variability within a DHSVM grid cell, 

is a weighted average between radiation in an exposed area and radiation underneath the forest, 

where the weights per grid cell are based on the fractional forest cover parameter, 𝐹. Note that 

albedo, which is a function of snow surface temperature and the days since snowfall, is not a 

weighted average based on 𝐹 as there is a single snowpack that evolves per grid cell. 

4.4.3.ii Tile Model 

Within the tile model, net shortwave radiation for the north and south-facing edges, as well 

as the forest and exposed areas is modeled as follows: 

𝑆𝑊NOP
N\ = (1 − 𝛼N\) ∗ Z𝑆𝑊RWS𝜏 + 𝑆𝑊RW\\𝜏N\] (7) 

𝑆𝑊NOP
h\ = (1 − 𝛼h\) ∗ Z𝑆𝑊RWS + 𝑆𝑊RW\\𝜏h\] (8) 

𝑆𝑊NOP
ugSOhP = (1 − 𝛼ugSOhP) ∗ Z𝑆𝑊RWS𝜏 + 𝑆𝑊RW\\𝜏R] (9) 

𝑆𝑊NOP
wxyghOR = (1 − 𝛼wxyghOR) ∗ 𝑆𝑊WN	 (10) 

where	𝜏N\ and 𝜏h\ are model input parameters, which were both set to 0.75 in this study to 

represent that 75% of the diffuse radiation is incident at the snow/soil surface. Net shortwave 

radiation for the forest (9) and exposed (10) are based on exposed and forest components from 

equation (1) (Figure 4.5). Net shortwave radiation for the north edge is attenuated similar to the 

forest (9) but has different attenuation of diffuse radiation. Net shortwave radiation at the south-

facing edge received non-attenuated direct solar radiation, but the diffuse radiation is partially 

attenuated by the forest (Figure 4.5). 

Outgoing longwave radiation for all tiles is modeled identical to equation (3). Incoming 

longwave radiation for the forest and exposed regions is modeled identical to equation (4), where 

the F is equal to 1 for the forest tile and in the exposed tile F is equal 0. Incoming longwave 

radiation at north and south-facing forest edges is calculated similar to equations 3-4, but instead 
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𝐹 is replaced by an additional input parameter, Fxf. Fxf weights the magnitude to which the forest 

edge receives longwave radiation from the forest and the atmosphere. 

𝐿WN
	x\ = 	 𝐿RZ1 − 𝐹x\] +	𝐿gQPg{OS𝐹x\ (6) 

where 𝑥𝑓 represents either the north-facing (nf), or south-facing (sf) edge.  

Note that each model has its own snowpack that evolves independently and therefore albedo, 

surface temperature, and pack temperature, evolve independently as well. The radiation balance 

in the tile model is therefore independent of the F parameter. In the forest tile’s longwave 

calculation, F is still used but is set to one and scaled by the canopy view adjustment factor to 

represent air space within the canopy. Therefore, for a tile model that only contains exposed and 

forest areas, the grid cell average incoming shortwave radiation and longwave radiation is the 

same as the original model.  

Model parameters, k, 𝐹h\, 𝐹N\ and the canopy view adjustment factor were all adjusted in the 

Jemez and Tuolumne so that simulations from the calibrated model would match the mean lidar-

derived SWE for each tile within a grid cell (Table 4.3). For instance, using the high-resolution 

classification within a grid cell, we calculated the mean lidar-derived SWE for the north-facing 

edge to compare with the simulated north-facing SWE at a particular grid cell. For both the 

Jemez and Tuolumne, we chose four different model grid cells to adjust the parameters. In the 

Tuolumne, we used multiple lidar flights to look at observed and simulated SWE throughout the 

ablation season and near peak SWE. In the Chiwawa, we use model parameters from both 

Tuolumne and the Jemez, as we do not have lidar-derived SWE observations in the Chiwawa 

(Table 4.3). 
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 Mass Balance 

In the tile model, the forest tile is the only tile where canopy snow interception is simulated. 

Canopy snow interception for the forest tile is consistent with the original DHSVM framework 

and is described in (P. Storck, 2000) and (Wigmosta et al., 2002). In the tile model the F 

parameter was again set to one to ensure that the tile model has the same fraction of precipitation 

intercepted throughout the grid cell as the original model. 

Since each tile evolves its own independent snowpack, each tile melts out at a different time, 

therefore each tile simulates evapotranspiration, using a Penman-Monteith approach (Monteith, 

1965; Wigmosta et al., 1994, 2002), when snow is absent in the tile. After evapotranspiration is 

calculated for each snow-free tile, each tiles flux of evapotranspiration, snowmelt, and soil 

moisture are aggregated based on a weighted average within the grid cell. Grid cell average 

snowmelt is added to total surface water input, which infiltrates into the grid cell average soil 

reservoir using methods described in (Wigmosta et al., 1994). At the start of the next time step, 

each layer of each tile’s soil moisture reservoir is reset based on the grid-cell average soil 

moisture for each soil layer.  

 Comparison Metrics 

To compare melt out dates between grid-cell average SWE in the tile and original model as 

well as in-between different tiles, we compute the snow disappearance date for when 90% of the 

original models peak SWE disappeared, referred to as SDD90. For instance, if the original model 

simulated 0.6 m of SWE, then the snow disappearance date would be determined based on when 

there was 0.04 m of SWE left for the tile model, or original model. SDD90 was used because the 

north-facing edge typically melts out the latest, causing the tile’s grid cell average SWE snow 

disappearance date to be later than the original model even if the north-facing edge accounts for 

1% of the grid cell. 
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4.5 Results 

 Effects on Grid-Cell Average SWE 

In the Upper Tuolumne, the tile model had little effect on grid cell average SWE (Figure 

4.6). For instance, at Dana Meadows, SDD90 differed by 1 day between grid cell average SWE 

from the tile model and the original model. At Dana Meadows, the greatest difference in SWE 

was between the exposed and forest tiles near peak SWE. Furthermore, the observations and 

model both showed that the north-facing edge had more SWE than the south-facing edge, but 

both of these simulated SWE that fell in-between forest and exposed SWE. The south-facing 

edge melted out more quickly than the other tiles and SDD90 is 9 days earlier than the tile 

model’s grid cell average SWE (Figure 4.6). At Dana Meadows, the forest, exposed, and north-

facing edges all experience similar ablation rates (Figure 4.7). However, because the forest tile 

accumulated less SWE as a result of snow interception, the forest had a SDD90 4 days before the 

tile model’s grid cell average SDD90, while the exposed and north-facing edge both had a SDD90 

that was two days after the tile model’s grid cell average SDD90. Across all forest grid cells, the 

south-facing edge melted out the quickest followed by the forest, north-facing edge, and exposed 

tile. 

In the Jemez, the tile model increased grid-cell average ablation (Figure 4.7) as a result of 

relatively high ablation rates in the south-facing and exposed tiles (Figure 4.7). At a grid cell 

near the Mixed Conifer Ameriflux Tower, the tile model’s grid cell average SDD90 was 12 days 

earlier than the original model’s SDD90. In the Jemez, the greatest difference in SWE was 

between north and south-facing edges. The north-facing edge contained the highest peak SWE 

and had a SDD90 12 days after the tile models grid cell average SDD90. Despite snow lasting 

longer on the north-facing edges, snow melt was accelerated with respect to the original model 
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due to relatively high net radiation values in exposed and south-facing edges, which resulted in 

relatively high ablation rates (Figure 4.7). 

 In the Chiwawa, the new tile model parameters derived for the Upper Tuolumne, rather than 

the model parameters from the Jemez, had the greatest effect on grid cell average SWE primarily 

to due to the choice in k. In the Chiwawa, using the Upper Tuolumne parameters, the ablation 

rate of the grid cell average SWE was reduced relative to the original model. For instance, the 

tile model’s grid cell average SWE had a SDD90 11 days after the original model. Similar to the 

Jemez, the exposed and south-facing tiles had the highest ablation rates and experienced the 

greatest amount of net radiation. The Chiwawa contained the highest tree heights on average 

(Table 4.1), which directly lead to high shortwave radiation attenuation and low ablation rates for 

north-facing and forest tiles (Figure 4.7). 

 Effects on Streamflow 

In Tuolumne, there was little difference in streamflow between the tile model and the 

original model (Figure 4.8). The greatest percent difference occurred during the beginning of the 

rising limb and towards the end of the recession limb, when streamflow was relatively low. For 

instance, in a normal snow year (WY 2016), 10-day average streamflow increased 19% between 

April 3 and May 13. Between peak streamflow, which occurred between May 13 and July 12, 

2016, there was a 1% decrease in 10-day average streamflow. Lastly, during the recession limb 

of the hydrograph, between July 22 and August 11, 2016 when streamflow decreased, there was 

an 8% increase in 10-day average streamflow. Similar patterns of changes in 10-day average 

streamflow with the hydrograph occurred in a low snow year (WY 2015) and in a high-snow 

year (WY 2017) (Figure 4.8). 
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In the Jemez, where snowmelt was accelerated using the tile model, there were major 

changes in streamflow between the tile mode and the original model (Figure 4.8). In all water 

years, the rising limb of the hydrograph occurred earlier, and in WY 2008 and 2010 peak 10-day 

average streamflow occurred 20-days earlier. As a result of earlier snow melt with the tile model, 

in April 2010, 10-day average streamflow with the tile model was on average 105% greater than 

the original model, but in May and early June streamflow was 41% less on average. Furthermore, 

this increased the NSE to 0.48 from -0.56 as the timing of peak streamflow better reflected the 

observed streamflow. Similar increases in NSE for the tile model were found in WY 2008 and 

2009 (Figure 4.8), but NSE, were still generally poor for both the original and tile model. 

In the Chiwawa, during the rising limb and near peak streamflow, streamflow was generally 

lower using the tile model. Streamflow during the recession limb was then increased. On average 

the tile model decreased streamflow by 2%, 6%, and 4% in April, May, and June, but increased 

late-season streamflow by 3, 8, and 9% in July, August, and September. The greatest increases in 

10-day average streamflow using the tile model occurred in WY 2012, where 10-day average 

streamflow increased between 11-13% between July 22 and the end of August. 

 Evapotranspiration and total streamflow 

Differences between simulations of total annual evapotranspiration and streamflow did not 

have a major effect between the original model and the tile model in all watersheds (Figure 4.9). 

In Tuolumne, during WY 2014, 2015, and 2016, the original DHSVM simulated ET/P ratios of 

62%, 35%, and 19%, respectively. Evapotranspiration rates were generally consistent at around 

325 mm year-1, while precipitation amounts changed per year (Table 4.1). Using the tile model, 

DHSVM simulated 6%, 3%, and 2% less evapotranspiration than the original model in WY 
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2014, 2015, and 2016, respectively. The tile model simulated 7%, 2%, and 1% more streamflow 

than the original model, in WY 2014, 2015, and 2016, respectively. 

In the Jemez, between WY 2008 and 2010, ET/P ratios were relatively consistent and on 

average 92% and 90% for the original model and tile model, respectively. Using the tile model, 

DHSVM simulated 2-3% less evapotranspiration than the original model on average between 

WY 2008 and 2010. Due to the relatively low streamflow magnitudes, the tile model simulated 

5-25% more streamflow than the original model but the difference in magnitude of annual 

streamflow was only between 3-9 mm (Figure 4.9). 

In the Chiwawa, between WY 2011 and 2013, ET/P ratios were relatively consistent and on 

average, 25% and 24% for the original model and tile model, respectively. Using the tile model, 

the DHSVM simulated 4-6% more evapotranspiration than the original model on average 

between WY 2011 and 2013. Lastly, the tile model simulated 2-3% less streamflow than the 

original model (Figure 4.9). 

4.6 Discussion 

 Effect of forest edges on streamflow  

To quantify the effect that forest edges have on streamflow, we ran the tile version of 

DHSVM with the same model parameters as before, but for each grid cell we incorporated the 

fractional area that north and south-facing edges represent into the exposed area (Figure 4.10). 

Therefore, these simulations only contain exposed and forested tiles but differ from the original 

model in that two independent snowpack’s evolve as a result of radiation differences between 

exposed and forested areas (Figure 4.10). In all watersheds, we found that the tile model without 

forest edges, when compared to the original model showed similar results to those presented in 

section 4.5 (Figure 4.11). 
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In Tuolumne, the tile model without forest edges produces similar results, but with less of an 

increase in early season streamflow (Figure 4.11). For instance, during the rising limb of the 

hydrograph, between April 3 and May 13, 2016, 10-day average streamflow only increased 14% 

on average compared to the baseline simulation, relative to the tile model with forest edges that 

increased 10-day average streamflow 19%. Similarly, there was a 1-day difference in SDD90 

between the original model and tile models grid cell average SWE, which is consistent with what 

we found when the tiles contained forest edges. 

In the Jemez, when compared to the original model, the tile model without forest edges 

produced nearly identical results to the tile model with forest edges (Figure 4.11). For instance, 

the tile model without forest edges still shifts the timing of peak 10-day average streamflow 20 

days earlier than the original model. Furthermore, in April 2010, 10-day average streamflow 

increased 99% on average, instead of 105%, compared to the baseline simulation. Lastly, in the 

Chiwawa, the tile model without forest edges increased late-season streamflow by 2%, 6%, and 

7% in July, August, and September, compared to a 3%, 8% and, 9% with the tile model that 

contained forest edges.  

Therefore, despite statistically different snow depth distributions (Currier & Lundquist, 2018) 

and differences in snow date disappearance between different tiles, forest edges generally 

increased the rising limb’s streamflow by 5% and 6% in the Tuolumne and Jemez, respectively. 

Meanwhile in the Chiwawa, forest edges increased late-season streamflow by 2%. This was 

likely controlled by the forest edges’ relatively low contributing area (Table 4.1) and because 

ablation rates between north and south-facing edges counteracted each other. 

As a result, radiation differences at forest edges had a small effect on simulated streamflow. 

However, tiles that explicitly represent radiation differences between exposed and forested areas 



 
 

114 

did affect grid cell average ablation rates and streamflow in all watersheds. Therefore, using the 

fractional forest cover as a weight to average radiation between exposed and forested areas 

(equation 1 & 4) did not result in the same grid cell average SWE or streamflow than a model 

that partitions the radiation and simulates independent snowpack’s, each with their own surface 

temperature, pack temperature, and albedo.  

These effects on simulated SWE and streamflow highlight that forest-snow interactions are 

nonlinear. For instance, a nonlinear process with the model is the albedo scheme, which switches 

from an accumulation parameterization to a melting parameterization depending on whether the 

surface temperature is at 0°C or not. Furthermore, by separating the forest and exposed areas, 

interception only happens in the forest tile, causing less accumulation of SWE and less cold 

content in the forest. Due to dynamic changes in meteorological conditions, forest-snow 

interception, albedo, pack temperature, and surface temperature, it was difficult to quantify 

individual effects of all non-linear responses. We therefore highlight that linearly scaling a 

vegetation characteristic (e.g. F) to represent the grid-cell-average radiation does not result in a 

linear response in streamflow and SWE. 

 Forest characteristics effect response in SWE and streamflow to tiling  

The impact that the tile model had on streamflow and grid-cell average SWE between 

watersheds was a function of the basin-average tree height, the watershed’s latitude, the grid 

cells average fractional forest area, and the forest edges total contributing area. 

Simulations in the Chiwawa, which used a tree height of 8.3 m (height of the trees in 

Tuolumne) instead of 17.2 m showed that grid cell average SDD90 was only 4 days later than the 

original model instead of 11 days later. Similarly, late-season streamflow only increased by up to 

4% instead of 12%. While vegetation parameters controlling the radiation were consistent 
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between Tuolumne and the Chiwawa after changing the vegetation height, the Chiwawa’s forest 

tile, still melted out slower in comparison to basin average SWE than it did in Tuolumne. This 

was controlled by the sun’s elevation angle, which is lower at higher latitudes. The lower 

elevation angle decreased 𝜏 (equation 2) and therefore incoming shortwave radiation was 

attenuated more in the Chiwawa than the Tuolumne for the same tree height. In combination 

with a relatively high latitude and tall trees, the Chiwawa was 87% forested with a high forest 

density per grid cell. Therefore, the high radiation attenuation in the forest was the dominating 

effect, increasing late-season streamflow and decreasing ablation rates. Additionally, the north-

facing edge, while a small contributing area (2%), did delay snow melt and contribute to the 

increase in late-season streamflow. 

Simulations in the Jemez, which used a tree height of 17.2 m (height of the trees in the 

Chiwawa) instead of 10.2 m showed that grid-cell-average SDD90 was only 6 days earlier than 

the original model instead of 12 days earlier due to slower ablation rates in the forest from higher 

radiation attenuation. Furthermore, streamflow was still accelerated due to the low forest density 

and peak streamflow was still 20 days earlier although peak streamflow was decreased. For 

instance, compared to the original model streamflow in April 2010 increased 35% with 17.2 m 

tall trees compared to 105% when trees were 10.2 m. The average forest grid cell fraction that 

was forested was 57%, implying that in the Jemez, a significant fraction of the NLCD 2011 

forest grid cells are actually exposed. Within exposed and south-facing edges, net radiation was 

much greater (Figure 4.5) and caused the snowpack to become isothermal more quickly and melt 

sooner.  

Meanwhile, in the Tuolumne, there was little difference in SDD90 between the original model 

and the tile model. The response in streamflow was similar to the Jemez in that streamflow 
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increased during the rising limb even though streamflow magnitudes were relatively small. In the 

Upper Tuolumne, the average forest grid cell fraction that was forested was 70% (Table 4.1), 

which is a forest density in-between the Tuolumne and Chiwawa. Furthermore, in Tuolumne, 

45% of the watershed was forested, with relatively small tree heights (Table 4.1). Despite 

smaller trees than the Jemez, the k value from model calibration was higher than the Jemez, 

which caused for the radiation attenuation in the forest to be higher in the Tuolumne than the 

Jemez. Therefore, tree heights, in combination with the extinction coefficient parameter k, and 

the average fractional forest coverage lead to a dampened response to the tile parameter than the 

Jemez. Furthermore, there was less forest cover in Tuolumne than the Jemez. 

 Future Work 

Forest-edge longwave radiation values were tuned primarily based on 𝐹h\ and 𝐹N\ until SWE 

simulations for north and south-facing edges matched lidar-derived SWE observations. In both 

the Jemez and Tuolumne, the 𝐹h\ parameter was less than the 𝐹N\ parameter, which resulted in 

incoming longwave radiation values that were generally greater for north-facing edges than 

south-facing edges. In reality, observations of incoming longwave radiation show values to be 

higher on south-facing edges than north-facing edges (Musselman & Pomeroy, 2017; Webster et 

al., 2017). Higher incoming longwave radiation values on north-facing edges than south-facing 

edges in the model were possibly due to errors in modeling the magnitude of north-facing and 

south-facing net shortwave radiation. We note the 𝜏RW\  parameter was not very sensitive as the 

diffuse shortwave radiation was generally a small component of total incoming shortwave 

radiation. Therefore, future work should explore properly simulating the radiation differences by 

pairing observations of SWE with net shortwave observations and incoming longwave radiation 

between different sides of the forest. 
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In addition to determining the proper amounts of radiation from shortwave and longwave for 

different forest edges, future work should explore the proper extent of north and south-facing 

edges. For instance, forest-shading has a larger process scale, which varies from (0.5-2H) 

(Golding & Swanson, 1978; Lawler & Link, 2011; Musselman et al., 2015; Seyednasrollah & 

Kumar, 2014) than enhanced longwave radiation, which is around 0.5 H (Lawler & Link, 2011; 

Musselman & Pomeroy, 2017; Seyednasrollah & Kumar, 2014; Webster et al., 2016; Woo & 

Giesbrecht, 2000). Therefore the classification technique used in (Currier & Lundquist, 2018), 

which is equidistant for north and south-facing edges could be adapted so that south-facing edges 

account for a smaller contributing area and north-facing edges account for a larger contributing 

area. 

Furthermore, there is still snow depth variability within each tile, which could be accounted 

for statistically, using sub-element probability distributions based on the coefficient of variation 

(Currier & Lundquist, 2018; Liston, 2004; Luce & Tarboton, 2004). Coefficients of variation 

could be computed from lidar-derived snow depth, other remote sensing platforms, or based on 

the distance to canopy edge (Mazzotti et al., 2019). 

 Additional Model Utility 

Forest managers are actively changing the forest distribution to improve ecosystem health 

and maximize snow retention (Alexander & Watkins, 1977; Churchill et al., 2013; Dickerson-

Lange et al., 2015; Ellis et al., 2013; Kittredge, 1953). Specific changes to the forest involve 

clear cutting (Alexander & Watkins, 1977), cylindrical gaps (Dickerson-Lange et al., 2015; Ellis 

et al., 2013; Golding & Swanson, 1978), and cutting strips in east west contours about the size of 

one three height (Anderson et al., 1976; Kittredge, 1953). 
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The tiling parameterization can be applied as a generic tool for forest managers to understand 

how changes in forest structure are expected to influence streamflow. For instance, forest 

managers can now use DHSVM to test impacts on streamflow from cylindrical gaps (Sun et al., 

2018), or from strip cuts or any other technique that maximizes forest shading but does not shade 

the forest the same as forest gaps. Forest managers can determine the maximum forest shading 

they can have from strip cutting and then adjust the north-facing tile fraction to see the response 

in streamflow. Lastly, we note the tile model also offers a better comparison to point data. For 

instance, SNOTEL sites are often located in gaps within the forest, which might be shaded by the 

forest, or on the south-facing edges of the forest.  

 Computational Expense  

Despite evolving three additional snowpack’s, computational time increased only doubled in 

Tuolumne, and only increased 67% in the Jemez, and 95% in the Chiwawa. Increase in 

computation time was based on the length of the snow season within individual tiles and the 

fractional forest coverage in the basin. This makes a sub-element tiling parameterization an 

attractive approach to incorporate snow depth variability and capture differences in radiation 

between forests, forest edges, and exposed areas without increasing the spatial resolution of the 

model. 

4.7 Conclusions 

A tiling parameterization that explicitly simulated radiation differences within the forest was 

incorporated into DHSVM and based on classifications from high-resolution (1-3 m) vegetation 

maps. The tile parameterization simulated SWE between exposed and forested areas, as well as 

between north and south-facing edges, reasonably well compared to lidar-derived SWE 

observations. The impact that the tile model had on streamflow and grid-cell average SWE was 
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primarily a function of the basin-average tree height, the watershed’s latitude, and the grid cell’s 

average fractional forest area. In Jemez, NM, where forests were relatively sparse and trees were 

10.2-m tall on average, the tile model’s grid cell average snow disappearance date (SDD) was 

12-days earlier and 10-day average peak streamflow occurred 20-days earlier than the original 

model. In contrast, in the Chiwawa, WA, where forests were dense and 17.2-m tall on average, 

the tile model’s grid cell average SDD was 11 days later and streamflow increased up to 11-13% 

between mid-July and the end of August. Tree heights controlled the shortwave radiation 

attenuation in addition to an extinction coefficient parameter and the sun’s elevation angle, 

which changed with latitude. Therefore, on April 1 in the Chiwawa 80% of the radiation was 

attenuated, compared to 48% and 42% in the Tuolumne and Jemez, respectively. In Tuolumne, 

CA, the tile model had less of an effect on streamflow and grid cell average SWE as the 

watershed was less forested and forests were denser compared to the Jemez. 

Furthermore, despite statistically different snow depth distributions and radiation differences, 

forest edges had a relatively minimal effect on simulating streamflow (2-6%) in all basins due to 

low contributing areas. However, grid cell average ablation rates and streamflow were primarily 

impacted by tiled grid cells that explicitly represented radiation differences between exposed and 

forested areas. The response to tiled grid cells, which only contained forest and exposed areas, 

highlighted nonlinear responses in SWE and streamflow to forest-snow interactions as linearly 

scaling radiation based on the fractional forest cover did not result in a linear response in 

streamflow and SWE. 
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Table 4.1 Meteorological and watershed forest characteristics. *Mean tree height was calculated 
where lidar data was available within the watershed and the average height where vegetation 
greater than 2 m. +Fraction of the watershed that is forested based on a coarsened (90-150 m) 
NLCD vegetation map. ^Fraction of the watershed that is forested based on high-resolution (1-3 
m) maps from NAIP imagery and  
 
 Upper Tuolumne 

River Watershed, 
CA 
Highway 120 
Gauge 

Jemez River 
Watershed, NM 
 
 

Chiwawa River 
Watershed, WA 

General Watershed and Meteorological Statistics 
Watershed Size [km2] 186 1222 446 
Median and Range in Elevation 
[m] 

3158 
1314 

 

2612 
1719 

 

1365 
2034 

 
Average Incoming Shortwave 
Radiation (Nov-April) [W m-2] 

175 223 153 

Mean Winter Temperature 
(Nov-Mar) [°C] 

WY 2014:  -2.0 
WY 2015:  -5.2 
WY 2016:  -5.0 

WY 2014:  -2.6 
WY 2015:  -1.1 
WY 2016:  -3.0 

WY 2011:  -5.5 
WY 2012:  -6.0 
WY 2013:  -4.6 

Basin Total Winter Precipitation 
(Nov-Mar) [mm] 

WY 2014:  240 
WY 2015:  723 
WY 2016:  1127 

WY 2014:  280 
WY 2015:  206 
WY 2016:  324 

WY 2011: 1154  
WY 2012: 1087  
WY 2013: 759  

Vegetation Characteristics I: Calculations based on high-resolution (1-3 m) vegetation maps 
derived from lidar or NAIP imagery. 
Mean Tree Height [m]* 8.3 10.2 17.2 
Watershed Fraction^: Forested 39% 48% 80% 
Watershed Fraction: North-
Facing Edge 

3% 6% 2% 

Watershed Fraction: South-
Facing Edge 

3% 6% 2% 

Watershed Fraction: Exposed 55% 40% 16% 
Vegetation Characteristics II: Calculations based on coarsened (90-150 m) grid cells.  
Fraction of Watershed+: Forested  45% 80% 84% 
Average fraction of forest grid 
cell: Forested (Forest Density) 

70% 57% 87% 

Average fraction of forest grid 
cell: North Facing 

5% 7% 2% 

Average fraction of forest grid 
cell: South Facing 

4% 6% 2% 

Average fraction of forest grid 
cell: Exposed 

21% 30% 11% 
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Table 4.2 Calibration performance metrics for simulated SWE at a point, where there were lidar 
data, and against streamflow for three different watersheds. *Metrics computed at snow pillows. 
+Metrics computed using available airborne lidar data. ^Metrics computed using stream gauge 
data. 
 
 RMSE* 

[cm] 
Average 

Peak SWE 
Difference* 
[Modeled-
Observed] 

[cm/%] 

Difference in 
Snow Date 

Disappearance* 
[Modeled – 
Observed] 

[days] 

Basin Average 
SWE 

Difference+ 

[Modeled-
Observed] 

[cm/%] 

Nash 
Sutcliffe 

Efficiency^ 

Upper 
Tuolumne, 
CA: 
WY 2015-
2017 

Dana: 8.8 cm Dana: -7.9 
cm /-12.8 % 

Dana: -8 March 25 
2016: 2 cm / 
26% 
April 07 2016: 
5 cm / 9.5% 
April 01 2017: 
7 cm / 6.8% 

0.59 

Jemez, NM 
WY 2008-
2010 

Quemazon: 
3.3 cm 
Vacas: 9.8 cm 
Senorita: 9.7 
cm 

Quemazon: 
-3.8 cm/ -
15% 
Vacas: -2.6 
cm/ -10% 
Senorita: -
1.6 cm/ -8% 

Quemazon: 1 
Vacas: -3 
Senorita: -10 

Part of Basin - 
April 1 2010: 
1.9 cm / 10% 

-1.63 

Chiwawa, 
WA 
WY 2011-
2013 

Trinity: 12.2 Trinity: -
0.1 cm / -1% 

Trinity: 4 -  0.80 
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Table 4.3 Resulting model parameters based on calibration to streamflow and SWE observations 
from SNOTEL sites and lidar-derived basin average SWE. 
 Tuolumne, CA 

 
Jemez, NM  

 
Chiwawa, 

WA 
Parameters Adjusted During Calibration 
Snow Interception Efficiency 
Snowfall fraction that can be intercepted in 
a precipitation event 

0.6 0.4 0.6 

Maximum Resistance 
Maximum cuticular resistance 

4000 5000 4000 

Minimum Resistance 
Minimal stomatal resistance 

660 250 660 

Root Zone Depth 
Depth at which roots can extract water for 
each soil layer (top to bottom) 

0.75 1.0 0.2 1.5 1.0 0.5 0.1 0.15 0.2 

Overstory Root Fraction 
Fractional area of roots from the overstory 
for each soil layer (top to bottom) 

0.35 0.4 0.4 0.35 0.35 0.35 0.2 0.4 0.4 

Fresh Snow Albedo 
Albedo after a snowfall 

0.85 0.85 0.81 

Albedo Accumulation Lambda 
Controls the decay of albedo when snow 
surface temperature is less than 0°C 

0.92 0.89 0.85 

Albedo Melting Lambda 
Controls the decay of albedo when snow 
surface temperature = 0°C 

0.57 0.84 0.68 

Albedo Accumulation Min 
Minimum snow albedo when snow surface 
temperature < 0°C 

0.7 0.7 0.4 

Albedo Melting Min 
Minimum snow albedo when snow surface 
temperature = 0°C 

0.5 0.6 0.3 

Parameters adjusted to match observed SWE for each tile 
Parameters are applied to both original and tile model 
Fractional North Facing Coverage 
Controls the amount longwave radiation 
received at the south facing edge   

0.625 0.55 -- 

Fractional South Facing Coverage 
Controls the amount longwave radiation 
received at the south facing edge   

0.25 0.4 -- 

Diffuse Radiation Attenuation 
Extinction of diffuse radiation in the forest   

0.215 0.215 -- 

Diffuse Radiation Attenuation NF 
Extinction of diffuse radiation at the SF 
edge   

0.75 0.75 -- 

Diffuse Radiation Attenuation SF 0.75 0.75 -- 
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Extinction of diffuse radiation at the SF 
edge   
Monthly Light Extinction 
Input parameter into tau for shortwave 
radiation extinction in forest and NF edge 

0.065 0.045 -- 

Canopy View Adjustment Factor (SVF) 
Controls the amount of longwave received 
in forest grid cell or forest tile 

0.8 0.75 -- 
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Figure 4.1 A) Deeper snow north of the NDVI-derived canopy mask, with shallower snow on the 
south-side of the trees in Jemez Caldera, NM, USA. B) Spatial heterogeneity of snow is 
accounted for with four simulated snowpacks per grid cell driven by unique radiation conditions. 
Each snowpack melts independently, providing water to a shared 3-layer soil reservoir. C) We 
seek to understand the effect that this model restructuring has on grid cell average SWE, 
cumulative ET, and streamflow. 
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Figure 4.2 Basin delineations, fractional forest maps derived from lidar, NAIP, and NLCD 2011 
data used within the original and tile version of DHSVM for three different watersheds. 
Watersheds organized based on elevation. SNOTEL sites contain observations of precipitation 
and SWE used for evaluating precipitation and evaluating SWE simualtions in exposed areas. 
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Figure 4.3 Example of using NAIP imagery to calculate NDVI and threshold NDVI to create a 
canopy mask. The resulting canopy mask used classification techniques described in (Currier & 
Lundquist, 2018) to classify north and south-facing edges, in addition to exposed and forest 
areas. The NAIP imagery agreed at 80 percent of the pixels within the 2-km domain. The 
classification map is further masked out using NLCD 2011 vegetation classifications (Section 
4.3.4).  
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Figure 4.4 Model calibration results for a representative water year at snow pillow and stream 
gauges. Left column: Upper Tuolumne simulations during an average water year – WY 2016. 
Middle Column: Jemez River Watershed in WY 2010 when lidar observations of snow depth 
exist. Right Column: Chiwawa watershed calibrated simulations of SWE and streamflow. 
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Figure 4.5 Example of direct beam radiation for different components of the tile model. 
Partitioning and derivations of equations 7-10 are based on the equation for net radiation in the 
original DHSVM (equation 1). 
  

Exposed Component Forest Component

North-Facing Forest Edge 

Legend:
Not attenuated by canopy
Attenuated by the canopy

ExposedForestSouth-Facing 
Forest Edge

N

Direct Beam Radiation In Different Tiles
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Figure 4.6 Left column: Example simulations of SWE for different tiles at an individual grid cell 
for each watershed in response to different radiation conditions. Circles show the mean lidar-
derived SWE for each tile within the grid cell and the grid cell average SWE. Numbers in legend 
refer to the fractional area of each tile within the grid cell. Right column: Net radiation 
simulations for each tile in the original model during a week in the ablation season shading in 
left column. 
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Figure 4.7 Basin average daily ablation rates for each tile compared to daily ablation rates for the 
example grid cells shown in Figure 4.5. Ablation rates were calculated based on the day of peak 
SWE in the original model. 
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Figure 4.8 Simulated 10-day average streamflow and observed streamflow (black) over three 
water years (columns) for each watershed (rows). Streamflow ratios show the tile model divided 
by the original model’s 10-day average streamflow. The Chiwawa, shows simulated streamflow 
when using forest-edge parameters consistent with those in the Tuolumne and Jemez as no lidar-
derived SWE observation exist in the Chiwawa. Note changes in both y-axes between rows. 
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Figure 4.9 Cumulative fluxes of precipitation, evapotranspiration, and streamflow for each 
watershed normalized by the watershed area. Simulated basin average SWE is shown to 
represent the snow season and difference between the tile and original model. The Jemez show 
observations of evapotranspiration from two Ameriflux towers. These observations are missing 
46-49% of their observations and are therefore low estimates of evapotranspiration. Tuolumne 
does not show observed streamflow as there were ice jams present within the data and it was 
unclear how to interpolate between observations. Tuolumne shows observed basin average SWE 
from the lidar derived SWE estimates. 
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Figure 4.10 Example in the Jemez for three different model setups. In the original model, 
radiation between the forest and exposed areas is averaged based on the fractional forest 
coverage. In the tile model radiation for the forest, north-facing, south-facing, and exposed areas 
is directly incident on an independent snowpack. The tile model can be run with two snowpacks 
for exposed and forested areas, or also with forest edges. 
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Figure 4.11 Streamflow for the three different watersheds within a representative water year. 
Observed streamflow (black) is compared to the baseline simulations of streamflow, the tile 
model without forest edges, and the tile model with forest edges. Streamflow ratio compare both 
tile model simulations with the baseline simulation. NSE’s are for the water year shown in the 
figure using daily values.  
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