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Abstract. Understanding the impact of tree structure on snow depth and extent is important in order to make predictions of
snow amounts, and how changes in forest cover may affect future water resources. In this work, we investigate snow depth
under tree canopies and in open areas to quantify the role of tree structure in controlling snow depth, as well as the controls
from wind and topography. We use fine scale terrestrial laser scanning (TLS) data collected across Grand Mesa, Colorado,
USA, to measure the snow depth and extract horizontal and vertical tree descriptors (metrics) at six sites. We apply the Marker-
controlled watershed algorithm for individual tree segmentation and measure the snow depth using the Multi-scale Model to
Model Cloud Comparison (M3C2) algorithm. Canopy, topography and snow interaction results indicate that vegetation
structural metrics (specifically foliage height diversity (FHD)) along with local scale processes like wind and topography are
highly influential on snow depth variation. Our study specifies that windward slopes show greater impact on snow
accumulation than vegetation metrics. In addition, the results emphasize the importance of tree species and distribution on
snow depth patterns. Fine scale analysis from TLS provides information on local scale controls, and provides an opportunity
to be readily coupled with lidar or photogrammetry from uncrewed aerial systems (UAS), airborne, and spaceborne platforms

to investigate larger-scale controls on snow depth.

1 Introduction

Forests are distributed across approximately half of the snow-covered landmasses on Earth during peak snow extent (Kim et
al., 2017), with snow in nonpolar, cold climate zones accounting for 17 % of the total terrestrial water storage (Rutter et al.,
2009; Guntner et al., 2007). Estimating the amount of water stored in this snowpack, the snow water equivalent (SWE), and
its spatial distribution under various physiographic conditions, are crucial to providing water managers with parameters to
accurately predict runoff timing, duration and amount, especially in a changing climate. Snowbound forested regions are

rapidly changing in forest cover composition (e.g. fire, insect outbreaks, thinning) (Nolin and Daly, 2006; Bewley et al., 2010;
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Gauthier et al., 2015). Understanding how forest characteristics affect snow distribution, as well as how we might model the
relationships between forests and snow distribution will benefit water management objectives.

Generally, complex tree structure reduces snow deposition by increasing snow-canopy interception. However, canopy
sheltering at windy sites can reverse the influence of interception on snow accumulation (Dickerson et al., 2017). Shading
degrades incoming shortwave radiation while sheltering reduces the wind speed and turbulent heat transfer within canopies,
resulting in longer snowmelt duration relative to open areas. The extinction of shortwave radiation by shading, however, can
enhance sub-canopy longwave irradiance from tree trunks (Pomeroy et al., 2009). Reducing wind speeds within the canopy
due to sheltering can also reduce the spatial heterogeneity of snow depth and extent (Qiu et al., 2011). Therefore, at windy
sites studies have shown similar snow deposition in open areas as under the canopy (Dickerson et al., 2017), changing sub-
canopy deposition and accumulation. These and other studies demonstrate the complexity between snow processes and
vegetation in the presence of other predominant controls for modeling snow distribution and properties.

Forest canopy cover can be incorporated into watershed and regional scale models as subgrid parameterization via snow
depletion curves by relating canopy cover distributions to fractional melt patterns (Dickerson-Lange, et al., 2015; Homan et
al., 2011; Luce et al., 1999). Pixel-level binary or weighted snow depth correction factors in gridded models (Hedrick et al.,
2018, Winstral et al., 2013) can be adjusted for canopy cover, as well as a hybridized approach that adjusts radiative inputs
differently in open areas and forest gaps based on their size and relationship to the surrounding forest (Seyednasrollah and
Kumar, 2014). In research pertaining to forest-snow processes, forest plots may be classified qualitatively (e.g., Dickerson-
Lange et al., 2015; Pomeroy et al., 2009) or more recently, at larger scales, quantitatively with airborne lidar (e.g. Mazzotti et
al., 2019). The use of lidar in spatially distributed modeling efforts is rapidly advancing (e.g. Hedrick et al., 2018, Painter et
al.,, 2016) and understanding how best to describe forest characteristics (cover, structure, gaps, etc.) relevant to snow
distribution is evolving (Jenicek et al, 2018, Mazzotti et al., 2019, Yang et al., 2020).

Airborne lidar has been used to describe snow depths in forests starting almost two decades ago (e.g. Hopkinson et al., 2004),
and more recently, to describe the relationships among forest characteristics and snow distributions (e.g. Moeser et al., 2015a,b;
Mazzotti et al., 2019; Zheng et al., 2016; Tennant et al., 2017). Realizing airborne lidar’s capabilities to provide high-resolution
snow depth and canopy measurements across large extents, studies have identified vegetation characteristics as drivers of snow
depth variation. For example, canopy structure along with the forest canopy edge were driving factors that govern the snow
depth distribution in a study of alpine climates (Mazzotti et al., 2019). Similarly, mean distance to canopy and canopy closure
have been identified as strong metrics for predicting snow interception (Moeser et al., 2015a). In the wind dominant case,
Trujillo et al. (2007) observed that snow depth variability occurs at larger scales than those related to vegetation. They found
that when canopy interception is dominant and wind effect is minimal, the variation in snow depth is controlled by vegetation
characteristics. Broxton et al. (2015) found canopy-snow interception and shading properties in transition zones result in
different snow depths in comparison to the open and under-the-canopy regions. Further work in snow depth variability near
forest edges acknowledges that snow depth variations are due to the effects of temperature, wind speed and direction, solar

radiation, and forest distribution (Currier and Lundquist, 2018). Recently, uncrewed aerial systems (UAS) have been utilized
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to measure snow depth using photogrammetric techniques (e.g. Structure from Motion (SfM)) in open and sparsely-forested
areas (Buhler et al., 2016, Cimoli et al., 2017, Harder et al., 2016). In addition, a lidar mounted on a UAS can be collected at
different scans angles, making it a reliable source for sub-canopy measurements and across catchment scales (~ Skm?) (Harder
et al., 2020). UAS-based observations can fill measurement gaps in airborne and spaceborne lidar measurements, and provide
the opportunity to assess forest and snow relationships at a spatial (and temporal) resolution higher than airborne lidar and
from a different viewing angle than terrestrial laser scanning (TLS).

Terrestrial laser scanning provides plot-level observations between forest cover and snow distribution that can be used to
validate UAS, airborne (e.g. Currier et al., 2019), and spaceborne lidar and confidently upscale local-scale processes (Revuelto
et al., 2016a,b). Complimentary to nadir observations, TLS provides data collection with viewing angles from the ground and
thus can capture fine-scale vegetation structure (and corresponding snow depth variations). Many studies have used TLS data
to validate snow depths and melt (e.g. Deems et al., 2013; Hartzell et al., 2015; Griinewald et al., 2010), and along with physical
modelling, to understand the role of wind in snow accumulation (e.g. Schirmer et al., 2011). While fewer studies have used
TLS to explore forest canopy — snow relationships, TLS provides exciting opportunities to investigate fine-scale processes
controlling snow distribution (Revuelto et al., 2015, 2016a, b; Gleason et al., 2013). Revuelto et al. (2015, 2016b) found smaller
snow depth differences between the canopy and open areas in regions of thicker snowpack using TLS. They also demonstrated
that shallower snow (snow depth < 0.5 m) occurred closer to the trunks while deeper snow (snow depth > 0.5 m) was found at
the edge of the canopy where the dominant species was Pinus sylvestris. Gleason et al. (2013) used TLS to map tree stem
density in burned forests and related this to greater snow accumulation in comparison to unburned areas. Taken together,
previous studies point to the importance of choosing proper scales to study the controlling processes on snow depth variability;
and furthermore, the opportunities to explore relationships between snow depth and canopy structure at fine-scales (individual

trees).

The objective of this study is to further contribute to the understanding of fine-scale forest canopy — snow interactions by
exploring how forest canopy structure affects snow depth distribution during the snow accumulation period with TLS. This
study is part of the NASA-led SnowEx 2017 campaign aimed at evaluating remote sensing snow properties with a primary
focus on testing the impact of forest on remote sensing approaches for monitoring SWE. We use TLS data collected during
the accumulation period (single measurements) in mid-winter SnowEx 2017 (winter 2016-2017) across a number of small TLS
study sites on Grand Mesa, CO. In this study, we explore the following questions:

L. What measures of vegetation best describe a relationship with snow depth under the canopy (sub-canopy)?

2. Are there conditions in which vegetation characteristics are a more important control on snow depth than topography,
or vice versa?

3. Does snow depth vary as a function of distance from the canopy edge? How does tree height influence snow depth as

a function of distance and direction?
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2 Study Area

The TLS data were collected at six sites (A, F, K, M, N, and O) across Grand Mesa, Colorado, USA. Grand Mesa is an
approximate 470 km? plateau with elevation of 2,922 to 3,440 m, rising along a west to east gradient (Fig. 1). Vegetation in
the west, where wind speeds are highest, is predominantly shrubby cinquefoil (Dasiphora fruticosa) steppe with isolated
Engelmann spruce (Picea engelmannii) tree islands. The central portion of the mesa becomes semi-continuous forest cover
consisting primarily of Engelmann spruce with minor subalpine fir (4bies lasiocarpa) and aspen (Populus tremuloides) trees,
all interspersed with subalpine meadows. Farther to the east, where wind speeds are lowest and elevation drops, there is dense
continuous Engelmann spruce and subalpine fir forest with some lodgepole pine (Pinus contorta var. latifolia) and aspen
stands at the lowest elevations.

Wind speed data during our TLS data collection period were available from three stations including a site at the western extent
of forest cover on the plateau (Mesa West, near site A), a site termed the Local Scale Observation Site (LSOS), and a site
situated in more dense forest in the middle of Grand Mesa (Mesa Middle, near site M) (Houser, personal comm.) (Fig. 2). The
data were collected from 17 November 2016 — 28 February 2017 and indicate a dominant NE wind direction at site A, though
up to 15 m/s wind speeds from the SW were observed at this site. The predominant wind direction was from the NW at LSOS,
and from the NW and SE at site M, during the sampling period. In analyses outlined below, we utilized a general E-W direction

for testing the importance of wind (whereas we used a N-S direction for testing shading effects on snow, more below).

3 Methods
.3.1 Data and Processing

We collected TLS data in snow-off (fall 2016) and snow-on (winter 2017) conditions at Grand Mesa at several sites (Fig. 1,
Table 1) (Glenn et al., 2019; Hiemstra et al., 2019). The winter 2017 data collection occurred over 16 days but without
significant snowfall between days. Each site was scanned once during the duration. A Riegl VZ-1000 (1550 nm) and Leica
Scan Station C10 (532 nm) were used. Multiple scans (at least 3) were obtained at each site to reduce occlusion. The scans
were coregistered to produce a single point cloud for each site and date. Coregistered scans were then georegistered using
surveyed locations within the plots. The georegistered scans (i.e. area of analysis) for each site ranges from approximately
10,000 to 38,000 m? (Table 1).

The TLS data were then utilized to derive snow depths, vegetation metrics, and topographic indices. From these data, we
utilized multiple linear regression to investigate relationships between the canopy and snow depths under the canopy at each
of our sites. We also describe snow depth relationships with topography in open areas with no trees (of a least 0.5 m height)
using decision tree regression. Methods on identifying individual trees, under the canopy and in the open, are described below.
We processed the TLS data into returns from ground and vegetation (fall 2016) or snow and vegetation (winter 2017), and

estimated snow depths at each of the sites, using several sub-routines in CloudCompare (v2.11 alpha; retrieved from
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http://www.cloudcompare.org/). We also used the TLS data to perform individual tree segmentation and extract vegetation
parameters using R 3.5.3 (R Core Team, 2019), lidR (v3.1.1; Roussel) and rLiDAR (v0.1.1; Silva) packages. These steps are
outlined in Fig. 3.

While we did not independently assess the snow depth accuracy of the TLS data, Currier et al. (2019) assessed the relative
accuracy of the same TLS data to airborne lidar at two of our sites. They indicate that the median snow depth difference

between the datasets (TLS and airborne) at sites A and K was less than 5 cm.

3.1.1 Ground, snow, and vegetation classification

We used the CANUPO method in CloudCompare to separate vegetation from ground and snow returns. This method includes
training and classification. In the training step, we used 10,000 snow and vegetation samples to construct the classifier. We
trained the algorithm at 15 different scales to assign features related to each class and selected the 9 best combinations of scales
(0.1m, 0.2m, 0.25m, 0.5m, 0.75m, Im, 2m, 3m, Sm) to properly separate different classes. The combination of information
from these scales helped the algorithm detect the dimension of each feature and assign snow and vegetation labels to the
unclassified point clouds (Lague et al., 2013). We found that CANUPO misclassified snow data points near tree stems as
vegetation, and thus we reclassified these points manually using the software TerraScan (Helsinki, Finland). Manual

classification included visually separating snow under the trees from tree trunks.

3.1.2 Snow depth estimation

To estimate under-canopy and open-area snow depths, we used the M3C2 algorithm (Lague et al., 2013) in CloudCompare. In
this algorithm, for every single point in the ground point cloud we defined a cylinder with a range of different radii (projection
scales) varying from 10 cm to 3 m and a length (height) of 3 m (see Lague et al., 2013, for details on these parameters) (Fig.
B1). The orientation of the cylinder was along the normal vector of planes fitted on the ground points within a 10cm radius.
We projected all points within the cylinder onto the cylinder axis, took the vertical distance between projected snow, and
ground points as the snow depth estimation. Through iteration, we found a balance between including enough TLS points for
subsequent analysis and the accuracy of the snow depths (assessed with standard deviation) by using a 1 m projection scale.
Our resulting snow depth measurement has a relative accuracy of approximately 2.5 cm based on the maximum standard
deviation from M3C2. Utilizing these measurements, we compared snow depths under the canopy and in the open at each site.
We also defined a transition zone as a 10 m buffer beyond each tree polygon in the direction of the open to identify any relevant

differences within this zone.

3.1.3 Individual tree segmentation

We developed a canopy height model at 0.5 m resolution and identified tree tops to segment individual trees in the R package
lidR. We detected a local maxima to identify tree tops using window sizes ranging from 1-3 m and minimum tree heights from

2-6m, depending upon the site. For areas with lower tree heights (0.5 — 2m), we tiled the data that contained these trees and
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segmented them in a similar approach. This allowed us to more accurately segment distinctly shorter and taller tree populations
within sites, by adjusting segmentation parameters that worked better for those areas. Based on our preliminary analyses, we
found that the Marker-controlled watershed segmentation algorithm was most accurate (compared to 112012, dalponte2016,
and watershed, all available in the lidR package). We found that in cases where tall and short trees are close to each other, the
algorithm could not detect shorter trees with large crown radii, and if a small crown radii is used, the branches far from the top
of the tree may be considered as an individual tree. We resolved this problem by tiling the las files, processing each separately,
and then combining the results. An example of the segmentation results from site F is shown in Fig. B2. A similar process was
performed for all sites.

To define under the canopy and in the open, we first performed segmentation to identify individual trees. Under the canopy
was defined by all snow depth points within the tree polygons. To define the open area, we merged individual tree polygons
that were less than 3 m from each other (patches of trees) and used the remaining areas as open. Site A was the only site
dominated by shrubs (Fig. 1, Table 1) and we considered the shrub area as open (we removed shrubs in the processing and

retained the ground points below) at this site because the focus of our study was on tree-snow relationships.

3.1.4 Vegetation and topography

We computed three vegetation metrics (Fig. 4) for each individual tree identified in the segmentation process (Table Al). We
then used these, along with topographic metrics, to predict snow depths at each site using a multiple linear regression. Trees
with at least 50 % snow cover below the tree crown (based on the segmented tree polygons) were used for analysis. The metrics
included foliage height diversity (FHD), crown volume and the cumulative percentage of vegetation returns (zpcum). FHD
represents the complexity of multi-layered vegetation structures (Clawges et al., 2008, Simonson et al., 2014). Trees with
lower FHD have a lower number of layers, and thus less interception with snow. Crown volume describes the overstory cover
of individual trees and is estimated by multiplication of crown surface area and crown height. Studies have shown overstory
cover is negatively related to snow depth under the canopy (Hanley et al., 1987). Note that high crown volume does not
necessarily equate to high FHD. The cumulative percentage of vegetation returns assessed across multiple layers within a tree
allows us to understand whether a tree (as a whole) or a specific layer (cumulative) of the tree crown controls snow
accumulation. We used 10 layers, starting at the bottom of each tree crown. In our preliminary analyses we used the first
cumulative layer that explains the majority of vegetation returns within the crown (the first layer in which zpcumx > 50 %).
We found zpcum4 met this threshold at Site A and zpcum5 met this threshold for all other sites. By using these metrics, we
are able to examine the effects of structural complexity (FHD), a specific cumulative layer (zpcumx) within the canopy, and/or
the crown volume as a whole on snow depth.

Topographical metrics like elevation, eastness (sin (aspect) x slope) and northness (cos (aspect) x slope) are possible controls

on snow depth for both under the canopy and open areas. We assumed that eastness represents the effect of wind based on the
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predominant wind direction at the study site, and northness expresses the effect of solar radiation on snow. Slope and aspect
were derived for each site using a nearest neighbor method in Arc Map 10.4.1 (ESRI, 2015) at 1m grid resolution.

To investigate the collinearity amongst and between the vegetation and topographic metrics, a variance inflation factor was
computed. The variance inflation factor was close to 1 for all metrics at all sites except site O. We standardized the metrics to
make sure that the scale of the independent variables did not affect the regression. We then used the vegetation and topographic
metrics for each site (except site O) in a multiple linear regression model to assess their effect on snow depth under the canopy.
At site O and in the open areas, we utilized a decision tree regression in lieu of the multiple linear regression model. In the
open areas, we examined the effect of elevation, northness and eastness on snow depths. Splits in the decision tree continued
until the model could not improve beyond a R? = 0.001. To avoid overfitting, we validated the model by a range of complexity
parameters (from 0.001 to 0.2) and pruned the tree by choosing the one with the smallest cross validation error. We trained the

tree using 70 % of the data and validated the model prediction using 30 % of the data.

3.1.5 Influence of canopy edge on snow depth

We used individual trees to assess snow depth variation at distances of 1 to 10 m away from the canopy edge. This represents
how snow depth changes from the edge of individual trees to the open within a 10 m distance from the edge. We subsampled
our data to only include trees that had good snow coverage (from TLS) within the buffer. This was determined based on the
area around the tree having at least 50 % snow cover (see above).

Snow depth variation from the edge of trees had both increasing and decreasing trends. Thus, we split the data between
increasing and decreasing snow depth trends and fit a model to each. We standardized the snow depth for each 1 to 10 m
interval of individual trees. This allowed us to investigate all of the changes in snow depth across the same scale. We fit
logarithmic (standardized snow depth = Intercept + Coefficient xlog (distance)) and linear (standardized snow depth =
Intercept + Coefficient * distance) models to the increasing and decreasing snow depths, respectively, for both individual sites

and all sites together.

3.1.6 Gap distribution and directional analysis

We explored whether any of our sites were suitable for understanding the role of forest gaps (i.e. shading, interception) on
snow depth distributions. While our study was not designed to analyze a range of gap distributions, the inherent forest density
and distribution gradient that spanned our sites across Grand Mesa provided this opportunity. In particular, we sought to
identify if sites had a dispersed tree pattern, such that the gaps were large enough to prevent canopy interception of snow, and
thus accumulated deeper snow. Seyednasrollah and Kumar, (2014) used a relationship of tree height and gap radius for
evaluation of net radiation. We derived a similar but simplified gap distribution approach (Equation 1). We calculated the

average distance of 10 nearest trees to each individual tree. This gave us a rough estimate of a gap size around each tree (D).
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In the next step, we divided that average distance (D) by the average height (H) of those 10 nearest trees (D/H). This ultimately
provides a ratio by which we can investigate the impact of shading from trees on gaps combined with gap size.

1k
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Equation (1), illustrates the gap distribution for an individual tree (j) where, D; is the mean distance of the k closest trees to
tree j; H; is the average height of k closest trees to tree j; k is the number of neighbors and d;; and h;; are the distance and
height of tree i to tree j, respectively.

Secondly, we performed an average nearest neighbor analysis of the distribution of trees at each of the sites. In this analysis,
we tested for tightly clustered trees in which gaps were minimal (clustered), randomly distributed trees where gaps could
potentially lead to deeper snow accumulation (random), or dispersed trees where no particular pattern exists and thus gaps are
likely not prevalent (dispersed).

We also investigated whether relationships between tree heights and snow depth variation are significant based on direction.
We did this using the 10 m transition zone (buffer) for each individual tree. We classified snow depths within each buffer in
the four cardinal directions and fitted a linear (snow depth = a X (tree height) + ) or nonlinear (snow depth =
a X exp(f X tree height) + 6) model, depending upon the site, between tree heights and mean snow depth per each
direction. We also performed a directional analysis with a Wilcoxon signed-rank test for comparing snow depth on the north
and south sides (and east and west) for individual trees at each site. Note that due to sampling extents, our transition zone
analysis was performed at | m increments instead of at multiples of mean tree height as in previous literature (e.g. Currier and

Lundquist, 2018).

4 Results
4.1 Snow depths

Using our individual tree analysis, we found higher snow depths in open regions and lower snow depths in areas dominated
with trees (see Figs. 5 and 6). Snow depths were 12-28 % higher in the open than under canopy. Mean snow depth percent
change between the 10m transition zone and under the canopy ranges from less than 1 % for sites A and K to a maximum of
7 % at site M. We found the lowest mean snow depths in our most westerly site (A), which is dominated by dense clusters of
relatively rigid shrubs (Dasiphora fruticosa) and has the lowest tree cover of all sites. The standard deviation (SD) of snow
depths was similar between the transition zone and under the canopy for four sites (A, F, K, and O). We found a lower SD of

open area snow depths at site O compared with under-canopy and transition zones (Fig. 6).
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4.2 Influence of vegetation and topography on snow depth under the canopy

Multiple linear regression explained 43, 54, 27, 25 and 28 percent of snow depth variation at sites A, F, K, M, and N
respectively (Table 2). Based on the models, foliage height diversity (FHD) was the most influential vegetation metric at five
sites (Table 2). Figure B3 shows the distribution of FHD at each of the sites, with higher FHD demonstrating more evenly
spaced foliar arrangement along an individual tree. Most of the sites had two peaks of FHD distributions. FHD and snow depth
were negatively related at all sites, i.e. a vertically-sparse foliar arrangement resulted in higher snow depths. At site A, a
negative relationship (-0.21) between cumulative percentage of returns within the fourth layer (zpcum4) and snow depth
occurred. FHD also showed a higher negative relationship at this site (-0.27) with snow depth. The results indicate that the
effect of eastness, northness and crown volume was not significant (p-value > 0.001) and elevation positively affected (with a
coefficient of 0.14) the snow depth under the canopy at this site. At site F, elevation and FHD were the most important features
that explained 54 % of snow depth variation. Vegetation and topography could not explain more than 30 % of snow depth
variance under the canopy at sites K, M and N.

Because of collinearity between eastness and northness at site O, we used a regression tree to investigate the effect of different
features on snow depth under the trees. Eastness and FHD were the most important features at site O respectively (Fig. 7). A
decision tree regression for this site explains 74 % of snow depth variance under the trees. The results also indicate as we move
from east (positive) to west (negative), the snow increases with higher slopes. In other words, larger, west-facing slopes are

covered by deeper snow. In addition, shallower snow depths are predicted in the canopy with higher FHD at this site.

4.3 Influence of slope, aspect and elevation on snow depth in open

We examined the effect of topography on snow depth in open areas using a decision tree regression for each site. According
to the regression tree (Table 3), elevation was the most important feature at sites A, F, K and was the second most important
feature at site M and N. Decision trees could predict 38, 36, 36, 31, 18 and 64 percent of snow depth variations at sites A, F,
K, M, N and O respectively. The model slightly overfitted for sites A, M and N. However, the R? for the training and testing
datasets at the other three sites are similar. Eastness and northness represent wind and solar radiation impacts on snow depth
variation with regard to topography. Except site O where topography (eastness and northnes) explained 64 % of snow depth
variation, topographical metrics could not explain more than 38 % of snow depth at the other sites (Table 3). This is likely a
result of scale, in which our plot sampling size did not adequately sample the effects of topography and wind on snow depth
variation.

We found that at site A, elevation and northness were influential on snow depths in the open. High snow depths were found in
open northeast facing slopes (same as predominant wind direction) at site A (see Figs. 1, 8b). Site O was the only site that we
found an influence of both eastness and northness on snow depth. The influence of eastness occurred in both the open and
under the canopy (Table 3, Figs. 7, 8a, b). This site has high north and west facing slopes (in both under canopy and the open)

with relatively higher snow depths; whereas south facing slopes have relatively lower snow depths.
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4.4 Influence of canopy edge on snow depth

We found that snow depths increase with distance from the canopy edge into the open for the majority of individual trees (Figs.
B4-9). However, at some sites we found a decreasing snow depth trend by moving farther from tree edges. For example, this
occurred on the northwest side of the tree patches in the southeast portion of site O. This is the area of site O where the north-
west facing slope has likely the largest influence on snow depths. The increasing snow depth trend from the canopy edge
occurs in the north where snow depths are low (less than 1 m). Site A also showed a decreasing snow depth pattern in the
north/northwestern sampled region, and this is likely due to northeast winds and deeper snow depths in the northeast facing
slopes in the southern portion of the site.

Results show that a logarithmic regression can explain more than 85 % of an increasing snow depth trend at each site. Figure
9a illustrates the logarithmic regression between snow depth and distance from the edge for all sites together. The model
coefficients were almost the same for individual sites as well as all sites together (Table 4). This indicates that within a 10 m
distance from the edge of the trees, snow depth increases with a unique logarithmic trend.

For decreasing snow depth, a linear regression explained 72 % of snow depth variation at all sites together. However, snow
depth decreases at site K followed a second order polynomial, which covers only 4 % more variation than simple linear
regression. The coefficient and p-values for linear regressions are illustrated in Table 5. Figure 9b also shows the regression

fit between decreasing snow depth and distance from the tree edge.

4.5 Gap distribution and directional analysis

Our results show that site N has the largest median D/H ratio (0.74) compared to all other sites of <0.5 (Table 1). Site N is the
only site with a randomly dispersed tree pattern (Table A2) and thus the most likely site to experience lower interception,
possibly resulting in deeper snow.

We found a negative relationship between tree heights and snow depths based on direction at sites A, K and O (Table A3, Fig.
10). Snow depth decreased exponentially at site A with an increase in tree height. However, this relationship was linear for
sites K and O and was not significant for the other three sites. An exponential fit could explain 56, 61, 76, and 32 percent of
snow depth change on north, west, south, and east directions at site A, respectively (Table A3, Fig. 10a). We found snow
depths were different between the north and south sides of trees at sites A, K, and O but not for any other sites or directions

(Table A4).

5 Discussion

We observed several interesting relationships between vegetation canopies, topography, wind and snow depths across our
sites. As expected, snow depths were deeper in the open compared to under canopy. However, describing the relationships
between vegetation and snow is complicated by the structure, distribution (pattern), and type of vegetation. The relationship is

further convoluted by local topography and wind speed/direction. For example, we found that slope, aspect, and wind (rather
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than vegetation) might control snow depths at local scales at two of the sites, A and O. This is not surprising, as site A was
dominated by 0.4-0.6 m tall shrubs and wind exposed, and site O had a relatively low tree canopy cover. While site A had the
lowest tree canopy cover in our dataset, we only sampled the edge of a much larger patch of trees (based on field observations).
Our results indicate that local topographic interactions with wind have a major influence on snow accumulation, especially
when we do not consider the much larger landscape controls. While sites A and O have slopes within the overall range of all
of our sites, the combination of local slope and aspect for site O, appear to be driving factors in snow depths. In fact, site O
has the highest mean snow depth (1.44 m), likely due to these local site conditions.

When our analyses were confined to under the canopy of individual trees, we generally found a significant relationship between
the vertical spatial arrangement of the foliage (based on the FHD) and snow depth, but this relationship did not hold across all
sites. For example, FHD and northness explained 25 % of the variance of snow depth at site M. This site has the highest mean
tree heights of the study. Taken together with northness as the most important feature at this site, solar radiation likely had
higher control on snow depths than on the particular foliar arrangement of the trees at this site. Overall, sites M and N had the
least effect of vegetation metrics on snow depth. This may be due to the vegetation patterns at these sites (under the canopy
slope and aspect have no effect at site N (Table 2, Fig. 8a)). Site M is a relatively open area with mature Engelmann spruce
and subalpine fir trees in the SW and NE areas of our site. Subalpine fir trees are generally more slender than Engelmann
spruce, and thus their shape may not be as influential on accumulation of under canopy snow depths. Site N has the highest
percent cover and the smallest trees (mean tree height 10.5 m, SD of 2.62 m, Table 1). This second growth canopy is the only
site dominated by lodgepole pine, which are also slender. While the mean FHD is similar to the other sites, site N is the only
site with trees in a dispersed pattern in which the size of the gaps likely prevents snow interception, and thus provides an
opportunity for snow accumulation. In fact, site N had the second highest mean snow depth under the canopy (1.38 m,
compared with 1.44 m at site O, Figs. 6 and 8a). Testing for a dispersed tree pattern could be beneficial to future studies,
especially because previous research (e.g. Ning Sun et al., 2018) found gap size to be a control on snowmelt timing; however,
our study was during the accumulation phase so we cannot draw similar conclusions at site N.

Our models show that FHD is the only control on snow depth at site K, explaining 27 % of snow variation under the canopy.
The standard deviation of elevation at this site is less than the other sites (Table 1), likely indicating that snow depth under the
canopy is not affected by topography. This indicates that in the absence of large changes in topography, snow depth under the
canopy is most likely controlled by trees. In the open, elevation and eastness are predominant controls on snow depth. The
latter is perplexing because a wind effect was not observed under the canopy (Table 2) nor along east-west sides of trees (Table
A4). In the absence of other information, we conclude that the spatial arrangements of the trees around the open may shelter
the area, causing higher snow depths with no interception. Elevation and FHD at site F explain 54 % of snow depth variation,
which is the greatest among the sites. The site’s large standard deviation of elevation (Table 1) explains why elevation is the
most important control in both under the canopy and in open areas. The predominant wind direction is from west to east at the
nearby LSOS station. However, our models indicate that wind has little influence on snow distribution, and rather solar

radiation along with elevation control snow patterns in the open at our scale of analysis.
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Our canopy edge analyses generally found that as the distance increases from the canopy edge, snow depths also increase. This
finding is congruent with previous studies which used airborne lidar across larger spatial extents and lower vertical resolutions
in the canopy (e.g. Moeser et al., 2015a; Mazzotti et al., 2019). We leveraged the fine-scale observations in our dataset to
model snow depth increases from the canopy edge, and found the trend to generally follow a logarithmic model at individual
and all sites together. In contrast to our observations, Hardy and Albert (1995) indicate that snow depth changes uniformly
from the tree edges towards the open. However, the patterns we observed in our TLS data are similar to those Mazzotti et al.
(2019) observed from airborne lidar at Grand Mesa, over the same time frame. While we observed snow depth to decrease
nonlinearly with distance from canopy edge at one site, a linear decrease was the norm amongst sites and was likely mediated
by wind and/or topography feedbacks at sites A and O. In summary, we expect snow depth increases from the canopy edge
toward the open, but wind and topographic controls may affect this trend.

We did not find high snow depth accumulation or variability within a transition zone similar to the findings of Broxton et al.
(2015). While their study included similar tree species, wind speeds and elevation, their spatial scale of analysis was larger
with the use of airborne lidar. The relation between tree height and snow depth in cardinal directions from individual trees
indicate that we expect shallower snow within the 10 m transition zone from taller trees (Fig. 10) . In other words, two adjacent
trees with different heights affect snow depth differently in any one direction and shorter trees generally deeper snow in all
directions. We expected the opposite to occur i.e. taller trees should create larger shadows and provide more shading/sheltering.
As our snow-on datasets are from the accumulation season, we may not see shading effects of taller trees in the transition zone;
negligible melt had occurred at the time of these surveys. If our datasets extended throughout the season (our data is a single
measurement in time), we might expect these relationships to change.

Following previous studies that show a directional relationship with snow depths (e.g. Mazzotti et al., 2019; Currier and
Lundquist, 2018), we found significantly different snow depths between the north and south sides of trees at site A, K, and O.
This may be due to the local topography and wind at sites A and O. Additionally, previous lidar-based canopy snow interaction
studies (Trujillo et al., 2007, 2009; Deems et al., 2006) relied on simple canopy models using maximum height. Our results
show that in nearly all situations, structural information contained in denser lidar point clouds have more predictive capability.
A limitation of our study is that the results are site specific and cannot be generalized to all forest conditions. In addition, our
data are best suited to fine scale interactions between individual trees, or clusters of trees, and under the canopy or surrounding
snow depths. Data gaps may exist from occlusion within dense canopies. We minimized the effect of occlusion by performing
our analysis on individual trees. Notably, the directional analysis is not affected by occlusion as we used tree height in the
analysis and trees having at least 50 % snow cover. Occlusion with TLS can be eliminated using UAS and/or airborne lidar as
their nadir/off-nadir scan positions can cover the canopies at different angles. However, mapping dense canopies and mapping
snow depth under dense canopies may still be a challenge. Ultimately, TLS provides data for investigating fine-scale controls,
and is highly complementary to UAS and airborne lidar, which can help test larger scale features, such as gap area across

space.
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6 Conclusions

Our study indicates that even with fine scale, individual tree observations from TLS, vegetation structural metrics are not
enough to describe snow depth during the accumulation season. Local scale topography and wind should also be considered.
While our sites were not designed solely for intercomparison, we found notable trends in our site comparisons. The vertical
arrangement of foliage (e.g. FHD) of individual trees influences under canopy snow depths, and in some cases, quite strongly.
Whereas cumulative percentage of returns and crown volume were less powerful explanatory variables. Further studies should
be designed to test this within and between species. For example, our sites were primarily Engleman spruce, subalpine fir, and
lodgepole pine, all of which have different canopy structural shapes. Further studies targeting samples of each of these with
different foliar arrangements and heights should be undertaken to fully understand the implications of FHD and tree heights
on snow depths at local scales.

We also found that topography had greater control than vegetation at sites where slopes favored wind conditions for increasing
snow depths, or where vegetation presence was minimal. While the latter may be obvious, increased observations with varying
vegetation cover, wind, and topography should be considered with TLS.

This study highlights the complementary nature of TLS observations to UAS and airborne lidar, where TLS can provide fine
scale observations within the canopy and relationships with under the canopy snow depth. Data from TLS can also be used to
validate airborne lidar (e.g. Currier et al., 2019), and further studies should investigate how vegetation metrics such as FHD
compare between TLS, UAS, and airborne lidar in these snow-dominated forest ecosystems. Further, along with UAS and
airborne lidar, TLS provides a complementary dataset for upscaling to similar types of vegetation structure and topography
observed from satellites such as ICESat-2, or missions such as GEDI. Importantly, results from this study and others with TLS,
UAS and airborne lidar for forest-snow observations can also be the foundation for the 2017 Decadal Survey designated

observable, Surface Topography Vegetation study (National Academy of Sciences, Engineering, Medicine, 2018).

Data availability

The TLS data are from 2017 SnowEx campaign collected at Grand Mesa, Colorado and are accessible at

https://nsidc.org/data/SNEX17 TLS PC BSU/versions/1 and https://nsidc.org/data/SNEX17 TLS PC CRREL/versions/1.

Author contribution

Zach Uhlmann, Lucas Spaete, Christopher A. Hiemstra, Christopher J. Tennant, Art Gelvin, and Nancy Glenn contributed
field data collection. Lucas Spaete, Nancy Glenn, Christopher A. Hiemstra, Hans-Peter Marshall, and Art Gelvin designed the
project. In addition, Zach Uhlmann, Nancy Glenn, Ahmad Hojatimalekshah, Christopher A. Hiemstra, Christopher J. Tennant,
Jake Graham, Hans-Peter Marshall, Jim McNamara and Josh Enterkine contributed in writing and interpretations. Ahmad

Hojatimalekshah did the analysis.

13



410

415

420

425

430

435

The authors declare that they have no conflict of interest.

Acknowledgments

Funding and support for the project was provided by NASA Awards 8ONSSC18K0955 and NNX17AL61G, NASA SnowEx
2017 campaign, and the Department of Geosciences, Boise State University. We would like to thank all those who participated
and supported the NASA 2017 SnowEx campaign.

References

Bewley, D., Alila, Y. and Varhola, A.: Variability of snow water equivalent and snow energetics across a large catchment
subject to Mountain Pine Beetle infestation and rapid salvage logging, Journal of Hydrology, 388(3—4), 464479,
doi:10.1016/j.jhydrol.2010.05.031, 2010.

Broxton, P. D., Harpold, A. A., Biederman, J. A., Troch, P. A., Molotch, N. P. and Brooks, P. D.: Quantifying the effects of
vegetation structure on snow accumulation and ablation in mixed-conifer forests, Ecohydrol., 8(6), 1073-1094,
doi:10.1002/eco.1565, 2015.

Biihler, Y., Adams, M. S., Bosch, R. and Stoffel, A.: Mapping snow depth in alpine terrain with unmanned aerial systems
(UASs): potential and limitations, The Cryosphere, 10(3), 1075-1088, https://doi.org/https://doi.org/10.5194/tc-10-1075-
2016, 2016.

Cimoli, E., Marcer, M., Vandecrux, B., Baggild, C. E., Williams, G. and Simonsen, S. B.: Application of Low-Cost UASs and
Digital Photogrammetry for High-Resolution Snow Depth Mapping in the Arctic, Remote Sensing, 9(11), 1144,
https://doi.org/10.3390/rs9111144, 2017.

Clawges, R., Vierling, K., Vierling, L. and Rowell, E.: The use of airborne lidar to assess avian species diversity, density, and
occurrence in a  pine/aspen  forest,  Remote Sensing  of  Environment, 112(5), 2064-2073,
https://doi.org/10.1016/j.rse.2007.08.023, 2008.

Currier, W. R. and Lundquist, J. D.: Snow Depth Variability at the Forest Edge in Multiple Climates in the Western United
States, Water Resour. Res., 54(11), 8756-8773, doi:10.1029/2018WR022553, 2018.

Currier, W. R., Pflug, J., Mazzotti, G., Jonas, T., Deems, J. S., Bormann, K. J., Painter, T. H., Hiemstra, C. A., Gelvin, A.,
Uhlmann, Z., Spaete, L., Glenn, N. F. and Lundquist, J. D.: Comparing Aerial Lidar Observations With Terrestrial Lidar and
Snow-Probe Transects From NASA’s 2017 SnowEx Campaign, Water Resour. Res., 55(7), 6285-6294,
doi:10.1029/2018WR024533, 2019.

Deems, J. S., Fassnacht, S. R. and Elder, K. J.: Fractal Distribution of Snow Depth from Lidar Data, Journal of
Hydrometeorology, 7(2), 285-297, doi:10.1175/JHM487.1, 2006.

14



440

445

450

455

460

465

470

Deems, J. S., Painter, T. H. and Finnegan, D. C.: Lidar measurement of snow depth: a review, J. Glaciol., 59(215), 467479,
doi:10.3189/2013J0G12J154, 2013.

Dickerson-Lange, S. E., Lutz, J. A., Gersonde, R., Martin, K. A., Forsyth, J. E. and Lundquist, J. D.: Observations of distributed
snow depth and snow duration within diverse forest structures in a maritime mountain watershed, Water Resour. Res., 51(11),
9353-9366, doi:10.1002/2015WR017873, 2015.

Dickerson-Lange, S. E., Gersonde, R. F., Hubbart, J. A., Link, T. E., Nolin, A. W., Perry, G. H., Roth, T. R., Wayand, N. E.
and Lundquist, J. D.: Snow disappearance timing is dominated by forest effects on snow accumulation in warm winter climates
of the Pacific Northwest, United States, Hydrol. Process., 31(10), 1846—1862, doi:10.1002/hyp.11144, 2017.

Ellis, C. R., Pomeroy, J. W., Essery, R. L. H. and Link, T. E.: Effects of needle leaf forest cover on radiation and snowmelt
dynamics in the Canadian Rocky Mountains, Can. J. For. Res., 41(3), 608—620, doi:10.1139/X10-227, 2011.

Gauthier, S., Bernier, P., Kuuluvainen, T., Shvidenko, A. Z. and Schepaschenko, D. G.: Boreal forest health and global change,
Science, 349(6250), 819-822, doi:10.1126/science.aaa9092, 2015.

Gleason, K. E., Nolin, A. W. and Roth, T. R.: Charred forests increase snowmelt: Effects of burned woody debris and incoming
solar radiation on snow ablation, Geophys. Res. Lett., 40(17), 4654-4661, doi:10.1002/grl.50896, 2013.

Glenn, N., Spacte, L., Uhlmann, Z., Merriman, C., Raymondi, A., and Tennant, C.: SnowEx17 Boise State University
Terrestrial Laser Scanner (TLS) Point Cloud, Version 1, doi:10.5067/IWGD4WFMCQNW, 2019.

Griinewald, T., Schirmer, M., Mott, R. and Lehning, M.: Spatial and temporal variability of snow depth and ablation rates in
a small mountain catchment, The Cryosphere, 4(2), 215-225, doi:10.5194/tc-4-215-2010, 2010.

Giintner, A., Stuck, J., Werth, S., Déll, P., Verzano, K. and Merz, B.: A global analysis of temporal and spatial variations in
continental water storage, Water Resour. Res., 43(5), doi:10.1029/2006 WR005247, 2007..

Harder, P., Schirmer, M., Pomeroy, J. and Helgason, W.: Accuracy of snow depth estimation in mountain and prairie
environments by an unmanned aerial vehicle, The Cryosphere, 10(6), 2559-2571, https://doi.org/https://doi.org/10.5194/tc-
10-2559-2016, 2016.

Harder, P., Pomeroy, J. W. and Helgason, W. D.: Improving sub-canopy snow depth mapping with unmanned aerial vehicles:
lidar versus structure-from-motion techniques, The Cryosphere, 14(6), 1919—1935, https://doi.org/10.5194/tc-14-1919-2020,
2020.

Hardy, J. P. and Albert, M. R.: Snow-induced thermal variations around a single conifer tree, Hydrological Processes, 9(8),
923-933, https://doi.org/https://doi.org/10.1002/hyp.3360090808, 1995.

Hartzell, P. J., Gadomski, P. J., Glennie, C. L., Finnegan, D. C. and Deems, J. S.: Rigorous error propagation for terrestrial
laser scanning with application to snow volume uncertainty, J. Glaciol., 61(230), 1147-1158, doi:10.3189/2015J0G15J031,
2015.

Hedrick, A. R., Marks, D., Havens, S., Robertson, M., Johnson, M., Sandusky, M., Marshall, H., Kormos, P. R., Bormann, K.
J. and Painter, T. H.: Direct Insertion of NASA Airborne Snow Observatory-Derived Snow Depth Time Series Into the iSnobal
Energy Balance Snow Model, Water Resour. Res., 54(10), 8045-8063, doi:10.1029/2018WR023190, 2018.

15



475

480

485

490

495

500

505

Hiemstra, C.: SnowEx17 CRREL Terrestrial Laser Scanner (TLS) Point Cloud, Version 1, doi:10.5067/YOIPYEWCZODS,
2017.

Homan, J. W., Luce, C. H., McNamara, J. P. and Glenn, N. F.: Improvement of distributed snowmelt energy balance modeling
with MODIS-based NDSI-derived fractional snow-covered area data, Hydrol. Process., 25(4), 650-660,
doi:10.1002/hyp.7857, 2011.

Hopkinson, C., Sitar, M., Chasmer, L. and Treitz, P.: Mapping Snowpack Depth beneath Forest Canopies Using Airborne
Lidar, photogramm eng remote sensing, 70(3), 323-330, doi:10.14358/PERS.70.3.323, 2004.

Jenicek, M., Pevna, H. and Matejka, O.: Canopy structure and topography effects on snow distribution at a catchment scale:
Application of multivariate approaches, Journal of Hydrology and Hydromechanics, 66(1), 43-54,
https://doi.org/10.1515/johh-2017-0027, 2018.

Kim, E., Gatebe, C., Hall, D., Newlin, J., Misakonis, A., Elder, K., Marshall, H. P., Hiemstra, C., Brucker, L., De Marco, E.,
Crawford, C., Kang, D. H. and Entin, J.: NASA’s snowex campaign: Observing seasonal snow in a forested environment, in
2017 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), pp. 1388-1390, IEEE, Fort Worth, TX.,
2017.

Lague, D., Brodu, N. and Leroux, J.: Accurate 3D comparison of complex topography with terrestrial laser scanner:
Application to the Rangitikei canyon (N-Z), ISPRS Journal of Photogrammetry and Remote Sensing, 82, 10-26,
doi:10.1016/j.isprsjprs.2013.04.009, 2013.

Luce, C. H., Tarboton, D. G. and Cooley, K. R.: Sub-grid parameterization of snow distribution for an energy and mass balance
SNOW cover model, Hydrological Processes, 13(12-13), 1921-1933, doi:10.1002/(SICI)1099-
1085(199909)13:12/13<1921::AID-HYP867>3.0.CO;2-S, 1999.

Lundberg, A., Nakai, Y., Thunehed, H. and Halldin, S.: Snow accumulation in forests from ground and remote-sensing data,
Hydrological Processes, 18(10), 1941-1955, https://doi.org/https://doi.org/10.1002/hyp.1459, 2004.

Mazzotti, G., Currier, W. R., Deems, J. S., Pflug, J. M., Lundquist, J. D. and Jonas, T.: Revisiting Snow Cover Variability and
Canopy Structure Within Forest Stands: Insights From Airborne Lidar Data, Water Resour. Res., 55(7), 6198-6216,
doi:10.1029/2019WR024898, 2019.

Moeser, D., Stdhli, M. and Jonas, T.: Improved snow interception modeling using canopy parameters derived from airborne
LiDAR data, Water Resour. Res., 51(7), 5041-5059, doi:10.1002/2014WR016724, 2015a.

Moeser, D., Morsdorf, F. and Jonas, T.: Novel forest structure metrics from airborne LiDAR data for improved snow
interception estimation, Agricultural and Forest Meteorology, 208, 40—49, doi:10.1016/j.agrformet.2015.04.013, 2015b.
National Academies of Sciences, E.: Thriving on Our Changing Planet: A Decadal Strategy for Earth Observation from Space.,
2018.

Nolin, A. W. and Daly, C.: Mapping “At Risk” Snow in the Pacific Northwest, Journal of Hydrometeorology, 7(5), 1164—
1171, doi:10.1175/JHM543.1, 2006.

16



510

515

520

525

530

535

Painter, T. H., Berisford, D. F., Boardman, J. W., Bormann, K. J., Deems, J. S., Gehrke, F., Hedrick, A., Joyce, M., Laidlaw,
R., Marks, D., Mattmann, C., McGurk, B., Ramirez, P., Richardson, M., Skiles, S. M., Seidel, F. C. and Winstral, A.: The
Airborne Snow Observatory: Fusion of scanning lidar, imaging spectrometer, and physically-based modeling for mapping
snow water equivalent and snow albedo, Remote Sensing of Environment, 184, 139-152, doi:10.1016/j.rse.2016.06.018, 2016.
Pomeroy, J. W., Marks, D., Link, T., Ellis, C., Hardy, J., Rowlands, A. and Granger, R.: The impact of coniferous forest
temperature on incoming longwave radiation to melting snow, Hydrol. Process., 23(17), 2513-2525, doi:10.1002/hyp.7325,
20009.

Qiu, H., Huggins, D. R., Wu, J. Q. , Barber, M. E. McCool, D. K. and Dun, S.: Residue Management Impacts on Field-Scale
Snow  Distribution and Soil Water Storage, Transactions of the ASABE, 54(5), 1639-1647,
https://doi.org/10.13031/2013.39852, 2011.

R: The R Project for Statistical Computing, [online] Available from: https://www.r-project.org/ (Accessed 16 September
2020).

Revuelto, J., Lopez-Moreno, J. 1., Azorin-Molina, C. and Vicente-Serrano, S. M.: Canopy influence on snow depth distribution
in a pine stand determined from terrestrial laser data: Canopy influence on snow depth distribution, Water Resour. Res., 51(5),
34763489, doi:10.1002/2014WR016496, 2015.

Revuelto, J., Vionnet, V., Loépez-Moreno, J.-1., Lafaysse, M. and Morin, S.: Combining snowpack modeling and terrestrial
laser scanner observations improves the simulation of small scale snow dynamics, Journal of Hydrology, 533, 291-307,
doi:10.1016/j.jhydrol.2015.12.015, 2016a.

Revuelto, J., Lopez-Moreno, J.-I., Azorin-Molina, C., Alonso-Gonzalez, E. and Sanmiguel-Vallelado, A.: Small-Scale Effect
of Pine Stand Pruning on Snowpack Distribution in the Pyrenees Observed with a Terrestrial Laser Scanner, Forests, 7(12),
166, doi:10.3390/f7080166, 2016b.

Roussel, J.-R., documentation), D. A. (Reviews the, features), F. D. B. (Fixed bugs and improved catalog, segment_snags()),
A. S. M. (Implemented wing2015() for, track_sensor()), B. J.-F. (Contributed to R. for and track sensor()), G. D. (Implemented
G. for: lidR: Airborne LiDAR Data Manipulation and Visualization for Forestry Applications. [online] Available from:
https://CRAN.R-project.org/package=1idR (Accessed 16 September 2020), 2020.

Rutter, N., Essery, R., Pomeroy, J., Altimir, N., Andreadis, K., Baker, 1., Barr, A., Bartlett, P., Boone, A., Deng, H., Douville,
H., Dutra, E., Elder, K., Ellis, C., Feng, X., Gelfan, A., Goodbody, A., Gusev, Y., Gustafsson, D., Hellstrdm, R., Hirabayashi,
Y., Hirota, T., Jonas, T., Koren, V., Kuragina, A., Lettenmaier, D., Li, W.-P., Luce, C., Martin, E., Nasonova, O., Pumpanen,
J., Pyles, R. D., Samuelsson, P., Sandells, M., Schédler, G., Shmakin, A., Smirnova, T. G., Stdhli, M., Stockli, R., Strasser, U.,
Su, H., Suzuki, K., Takata, K., Tanaka, K., Thompson, E., Vesala, T., Viterbo, P., Wiltshire, A., Xia, K., Xue, Y. and Yamazaki,
T.. Evaluation of forest snow processes models (SnowMIP2), J. Geophys. Res., 114(D6), DO06111,
doi:10.1029/2008JD011063, 2009.

Schirmer, M., Wirz, V., Clifton, A. and Lehning, M.: Persistence in intra-annual snow depth distribution: 1. Measurements

and topographic control, 1, Water Resour. Res., 47(9), doi:10.1029/2010WR009426, 2011.

17



540

545

550

555

560

Seyednasrollah, B. and Kumar, M.: Net radiation in a snow-covered discontinuous forest gap for a range of gap sizes and
topographic configurations, J. Geophys. Res. Atmos., 119(17), 10,323-10,342, doi:10.1002/2014JD021809, 2014.

Simonson, W. D., Allen, H. D. and Coomes, D. A.: Applications of airborne lidar for the assessment of animal species diversity,
Methods in Ecology and Evolution, 5(8), 719-729, https://doi.org/https://doi.org/10.1111/2041-210X.12219, 2014.

Sun, N., Wigmosta, M., Zhou, T., Lundquist, J., Dickerson-Lange, S. and Cristea, N.: Evaluating the functionality and
streamflow impacts of explicitly modelling forest-snow interactions and canopy gaps in a distributed hydrologic model,
Hydrological Processes, 32(13), 2128-2140, doi:10.1002/hyp.13150, 2018.

Tennant, C. J., Harpold, A. A., Lohse, K. A., Godsey, S. E., Crosby, B. T., Larsen, L. G., Brooks, P. D., Van Kirk, R. W. and
Glenn, N. F.: Regional sensitivities of seasonal snowpack to elevation, aspect, and vegetation cover in western North America,
Water Resour. Res., 53(8), 6908-6926, doi:10.1002/2016WR019374, 2017.

Trujillo, E., Ramirez, J. A. and Elder, K. J.: Topographic, meteorologic, and canopy controls on the scaling characteristics of
the spatial distribution of snow depth fields, Water Resour. Res., 43(7), doi:10.1029/2006WR005317, 2007.

Trujillo, E., Ramirez, J. A. and Elder, K. J.: Scaling properties and spatial organization of snow depth fields in sub-alpine
forest and alpine tundra, Hydrol. Process., 23(11), 1575-1590, doi:10.1002/hyp.7270, 2009.

Winstral, A., Marks, D. and Gurney, R.: Simulating wind-affected snow accumulations at catchment to basin scales, Advances
in Water Resources, 55, 64-79, doi:10.1016/j.advwatres.2012.08.011, 2013.

Yang, T., Li, Q., Chen, X., Hamdi, R., De Maeyer, P., Kurban, A. and Li, L.: Improving snow simulation with more realistic
vegetation parameters in a regional climate model in the Tianshan Mountains, Central Asia, Journal of Hydrology, 590,
125525, https://doi.org/10.1016/j.jhydrol.2020.125525, 2020.

Zheng, Z., Kirchner, P. B. and Bales, R. C.: Topographic and vegetation effects on snow accumulation in the southern Sierra

Nevada: a statistical summary from lidar data, The Cryosphere, 10(1), 257-269, doi:10.5194/tc-10-257-2016, 2016.

18



90202 0208

900

s90zor po—

90032

worse a90z04"

s9003r
worse fv—

90020

s9orss: svozor

o0z

seorss orse

390025°

sz worsT

i w00
99°0150" " 00m 155
il ) oogle Edrth Pro 100 m Ao

-108'12'58" -108'1254° -108'1250 -108°08'17" -108°08'13" ~1080806" -108°08'02" -108°0314" ~10870311°

300228

wozor
oraE
wozzes
9030s”
sora
0022
390304"
oy
wozzz
3os02
E
390220
39°0300"

001w

00218
wozss

aorar
wozi7
390258°

© Google Earth Pro 100 m /% PR, oosic Earth Pro 100'm

) Google Earth Pr

-107°5635" 1075628 -107°5606" “to75602" -107'5559" “to7ssss

Torsy10°
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Figure 3: TLS data processing workflow.
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zpcum10

o~ —

zpcum5

(a) + zpcuml

Figure 4: Graphical examples of trees with different structures and the metrics of foliage height diversity (FHD), crown volume and
the cumulative percentage of vegetation returns (zpcum). Crown volume is estimated using crown area (CA) x height (h). Zpcum is
based on 10 layers (zpcuml-zpcum10) (see example in (a)). Red dashed lines are examples of the cumulative layer with > 50 % of
vegetation returns. The foliar complexity (FHD) of (a) and (c) are similar but the crown volumes and cumulative percentage of
vegetation returns are different; whereas the FHD of (b) is the lowest.
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Figure S: Snow depths at each site from TLS data.
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Figure 6: Snow depth under the canopy, within the 10 m transition zone, and in the open.
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Figure 7: Decision tree at site O. Snow depth (m) are represented along with percent of the individual trees used for analysis.
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Figure 8: Under the canopy (a) and open area (b) snow depth at different aspects.
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Figure 9: Increasing (a) and decreasing (b) snow depth trends and regression within a 10 m distance from the tree edges for all sites
together. The confidence interval depicted in this figure is 95 %.
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exponential and linear fit is shown with a red line along with 95 % confidence interval (grey).

25



Table 1. Terrestrial laser scanning site descriptions. Sd = standard deviation. D/H = Distance/Height. FHD = foliar height diversity

(described below).
Area of Mean ) ) ) Range of Mean Tree Median
Elevation Wind Vegetation Tree %
Site  Analysis Elevation D/H  Tree Height  Height (m) FHD (m) Comments
5 Range (m) Direction Type Cover
(m’) (m) (sd) (m) (sd) (sd)
Mostly
Sampled edge of
Shrubs with
A 29128 3037 (3.6) 3027-3045 Westerly 9% 0.36 2-27 16.6(5.77)  2.27(0.48)  larger tree cover
Engelmann
extent.
Spruce
Engelmann Patchy Dense
F 37838 3105 (6.6) 3090-3118 24 % 0.32 2-29.2 21.4(6.38)  2.64(0.42)
Spruce Trees.
Engelmann
K 31497 3253 (1.4) 3249-3257 38% 0.41 1.7-30 18.7(6.45)  2.75(0.38) Patchy Trees.
Spruce
Engelmann
M 21994 3122 (4.7) 3114-3142 NWto SE S 45 % 0.39 5.7-33.7 21.6(7.45) 2.7(0.46) Patchy Trees.
pruce
Second-growth,
Lodge Pole
N 10187 3054 (2.4) 3047-3061 P 52% 0.74 1.7-28.3 10.5(2.62)  2.77(0.42)  dispersed Lodge
ine
Pole Pine.
Two main
) slopes, one
Subalpine
towards the
Meadow
) south and other
(6] 24302 3067 (4.0) 3055-3078 with 14 % 0.39 5-33.4 16.4(7.65)  2.82(0.37)
towards the
Engelmann
NW. The later
Spruce

has the deepest

Snow.

595
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Table 2. The first and second highest coefficients and their associated p-values for multiple linear regression between vegetation,
topography and snow depth under individual trees.

Site  Highest coefficient ~ P-value 2nd highest coefficient P-value Adjusted R-squared
A FHD (-0.27) 2.50e-08 Zpcum4 (-0.21) 2.89¢-06 0.43

F Elevation (-0.08) 1.41e-11 FHD (-0.07) 5.1e-12 0.54

K FHD (-0.11) 2e-16 Not significant Not significant 0.27

M Northness (0.08) 3.73e-06 FHD (-0.05) 8.25¢-04 0.25

N FHD (-0.09) 2.66e-12 Elevation (0.06) 2.27¢-06 0.28

Table 3. The first and second important features from decision tree regressed between topographical features and snow depth in the
600 open areas.

Site First important feature Second important feature Train R? Test R?
A Elevation Northness 0.46 0.38
F Elevation Northness 0.36 0.36
K Elevation Eastness 0.39 0.36
M Northness Elevation 0.39 0.31
N Northness Elevation 0.30 0.18
o Eastness Northness 0.68 0.64

Table 4. Logarithmic regression between distance from the tree edge and increasing snow depth within a 10 m buffer toward the

open.
Site Intercept Coefficient p-value Adjusted R?
A -1.91 1.27 <2e-16 0.86
F -1.97 1.3 <2e-16 0.91
K -1.9 1.26 <2e-16 0.85
M -1.92 1.27 <2e-16 0.87
N -1.95 1.29 <2e-16 0.89
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O -1.9 1.26 <2e-16 0.85
All sites together -1.92 1.27 <2e-16 0.87

605

Table 5. Linear regression between distance from the tree edge and decreasing snow depth within a 10 m buffer toward the open.
Site F had no trees with a decreasing trend.

Site Coefficient p-value Adjusted R?
A -7.6 <2e-16 0.70
F
K -6.2 <2e-16 0.70
M -3.6 1.83 e-05 0.47
N -4.2 9.16 e-08 0.63
(0] -9.0 <2e-16 0.82
All sites together -14.6 <2e-16 0.72
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610 Table Al. Vegetation metrics derived for individual trees at each of the sites with equations and references.

615

Appendix A

Vegetation metrics

Equation

Cumulative percentage of return in the xth layer (zpcum*)

Foliage Height Diversity (FHD)

Crown volume (crwnvlm)

(Reference: R 3.5.3 (R Core Team, 2019), lidR (v3.1.1; Roussel) package).

Where P; is the proportion of the number of lidar returns in the ith layer to
the sum of lidar points of all the layers (using all points) (bcal lidar tools
documentation)

(Reference: BCAL Lidar Tools, Boise State University, Department of
Geosciences, URL: https://github.com/bcal-lidar/tools).

(Reference: R 3.5.3 (R Core Team, 2019), rLiDAR (v0.1.1; Silva) package).

# veg returns (i)
*

zpcumx = Z
11

Where i is the ith layer of tree.

total veg returns

FHD = — Z P,In (P,)

Table A2. Average nearest neighbour results for each site. The null hypothesis here is that trees are randomly distributed. The
nearest neighbour ratio is the mean of observed mean distance over the expected mean distance between neighbours assuming a
random distribution. The ratio equal or close to one is considered random. Only site N has a random distribution pattern of trees.

As site A contains a dense canopy and several trees far from it, the method takes it as dispersed.

Site P-value Z-score Nearest Neighbor Ratio Tree pattern
A 0.00 6.92 1.28 Dispersed
F 0.00 -3.72 0.91 Clustered
K 0.00 -7.60 0.85 Clustered
M 0.00 -8.18 0.79 Clustered
N 0.28 -1.09 0.97 Random
(0] 0.00 -12.66 0.55 Clustered
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Table A3. Relationship between tree height and snow depth (within a 10 m transition zone) based on cardinal direction. The columns
are site, adjusted r-squared, tree height range, and number of trees. Ranges of tree heights vary within sites because not all trees

620 had adequate snow samples to test in all cardinal directions.

Tree height # of Tree height # of Tree height # of Tree height # of

Site North West South East
range (m) trees range (m) trees range (m) trees range (m) trees
A 0.56 2.05-25.52 95 0.61 2.05-28.05 91 0.76 2.05-28.05 94 0.32 2.05-28.05 101
K 0.16 1.51-29.34 486 0.11 1.51-29.34 485 0.15 1.51-29.97 474 0.17 1.51-29.97 483
0.29 5.46-33.42 122 0.51 5.09-33.42 127 0.44 5.09-33.42 133 0.4 5.46—32.46 131

[0)

Table A4: Wilcoxon signed-rank test results for comparing snow depth on the north and south sides (and east and west) for
individual trees at each site. Note only trees that have snow depth data on both north and south or east and west are considered.

625 Statistically significant are bolded.

Site P-value (North-South) Number of Samples P-value (East-West) Number of Samples
A 0.0004484 59 0.3498 60

F 0.807 138 0.704 130

K 0.0348 390 0.78 397

M 0.65 170 0.78 163

N 0.72 202 0.495 195

O 0.024 90 0.43 94
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Figure B1: M3C2 method for computing snow depth. Vector N shows the normal on the reference surface (ground) and d is the
projection scale. Surface roughness is the standard deviation of the point clouds within the cylinder (o). Misorientation on rough
surfaces (N') is seen by high standard deviation () and is resolved by choosing the proper normal scale. Snow depth is the vertical

distance between the average positions of ground and snow point clouds within the cylinder (distance between i; and i,). Redrawn
from Lague et al., 2013.
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Figure B2: As an example, segmentation results for one las tile at site F.
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Figure B3: Foliage Height Diversity (FHD) distribution for each site.
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645 moving from the tree edge toward the open and blue indicates snow depth decreases. Increasing and decreasing patterns are shown
for individual trees at each site with adequate snow coverage.
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Figure BS: Snow depth change within a 10 m buffer from the edge of a tree at site F. Red color indicates snow depth increases
moving from the tree edge toward the open and blue indicates snow depth decreases. Increasing and decreasing patterns are shown
for individual trees at each site with adequate snow coverage.
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Figure B6: Snow depth change within a 10 m buffer from the edge of a tree at site K. Red color indicates snow depth increases
moving from the tree edge toward the open and blue indicates snow depth decreases. Increasing and decreasing patterns are shown
for individual trees at each site with adequate snow coverage.
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Figure B7: Snow depth change within a 10 m buffer from the edge of a tree at site M. Red color indicates snow depth increases
moving from the tree edge toward the open and blue indicates snow depth decreases. Increasing and decreasing patterns are shown
for individual trees at each site with adequate snow coverage.
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660 Figure B8: Snow depth change within a 10 m buffer from the edge of a tree at site N. Red color indicates snow depth increases
moving from the tree edge toward the open and blue indicates snow depth decreases. Increasing and decreasing patterns are shown
for individual trees at each site with adequate snow coverage.
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Figure B9: Snow depth change within a 10 m buffer from the edge of a tree at site O. Red color indicates snow depth increases

665 moving from the tree edge toward the open and blue indicates snow depth decreases. Increasing and decreasing patterns are shown
for individual trees at each site with adequate snow coverage.
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