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Abstract We characterize elevational gradients, probability distributions, and scaling patterns of
lidar-derived snow depth at the hillslope scale along the extratropical Andes. Specifically, we analyze snow
depth maps acquired near the date of maximum accumulation in 2018 at three experimental sites: (i) the
Tascadero catchment (31.26°S, 3,270-3,790 m), (ii) the Las Bayas catchment (33.31°S, 3,218-4,022 m);

and (iii) the Valle Hermoso (VH) catchment (36.91°S, 1,449-2,563 m). We examine two subdomains in the
latter site: one with (VH West) and one without (VH East) shrub cover. The comparison across sites
reveals that elevational gradients are site-dependent, and that the gamma and normal distributions are more
robust than the lognormal function to characterize the spatial variability of snow depth. Multiscale
behavior in snow depth is obtained in all sites, with up to three fractal regimes, and the magnitude of
primary scale breaks is found to be related to the mean separation distance between local snow depth peaks.
The differences in snow depth fractal parameters between VH West—the only vegetated subdomain—and
the remaining sites suggest that local topographic and land cover properties are dominant controls on the
spatial structure of snow, rather than average hydroclimatic conditions. Overall, the results presented here
provide, for the first time, insights into the spatial structure of snow depth along the extratropical Andes
Cordillera, showing notable similarities with other mountain regions in the Northern Hemisphere and
providing guidance for future snow studies.

1. Introduction
1.1. Snow in the Extratropical Andes Cordillera

In the semiarid extratropical Andes Cordillera, the seasonal snowpack acts as a natural reservoir, releasing
spring snowmelt that accounts for more than 60% of the total annual streamflow (Masiokas et al., 2006) and
sustains multiple productive uses, population needs (Mendoza et al., 2014), and unique ecosystems
(Cornwell et al., 2016; Masiokas et al., 2020). Hence, understanding the spatial variability of snow depth
and snow water equivalent (SWE) in this domain, and possible connections with landscape, vegetation,
and meteorological conditions, is critical to improve the spatial configuration of physically based models
and contribute toward a better predictability of snowmelt timing and volume (e.g., Freudiger et al., 2017).
This is relevant not only for reliable streamflow predictions but also for future water resources planning
and management considering projected climate change impacts in this region (e.g., Bozkurt et al., 2018).

The characterization of snow depth and SWE spatial variability along the extratropical Andes Cordillera has
been historically challenged by data limitations, since only a few snow courses and automatic stations exist.
In spite of this, several studies have aimed to portray the spatial variability of snow depth and SWE in the
Andes using in situ measurements, remote sensing products, and/or numerical models. The first efforts to
analyze the spatiotemporal behavior of snow cover were conducted by the Chilean Directorate of Water
Resources (Escobar & Anabalén, 1991) through the installation of 27 snow courses between 30.2-53.1°S,
with elevations spanning 700-4,200 m a.s.l. The information provided by these snow courses was ultimately
used to estimate snow line elevations and snow density values to be used for seasonal snowmelt forecasting.
Gascoin et al. (2013) produced a 90-m resolution snow data set through the combination of meteorological
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observations and SnowModel (Liston & Elder, 2006) in the Huasco River headwaters (northern Chile),
demonstrating the need for explicit representation of wind transport to reproduce observed fractional snow
covered area (fSCA). Ayala et al. (2014) documented a data set of spatially distributed SWE for the semiarid
Andes—obtained from manual point measurements in three headwater catchments—finding altitudinal
gradients and a strong relationship between snow distribution and the maximum upwind slope (MUS)
parameter above 3,000 m a.s.l. Cornwell et al. (2016) provided a 500-m resolution SWE reconstruction—
developed with in situ measurements, an energy balance model and MODIS imagery—for an Andean
domain spanning central Chile and Argentina (27-38°S) during 2001-2014. Cortés et al. (2016) presented
a SWE product for the Juncal River basin for the period 1985-2015 at a 90-m resolution, from the
combination of reanalysis fields, Landsat imagery, land surface modeling, and data assimilation. This
product was expanded by Cortés and Margulis (2017) to the extratropical Andes between 27° and 37°S
using the same approach to generate a SWE reanalysis data set with a 180-m horizontal resolution.
Mernild et al. (2017) combined the MERRA atmospheric reanalysis and SnowModel (Liston & Elder,
2006) to produce a 4-km resolution snow simulation over the entire Andes Range (period 1979-2014),
finding spatially variable trends in snow cover days and SWE along the domain analyzed.

Table 1 summarizes these historical efforts to describe the spatial variability of SWE or snow depth, which
differ in terms of geographic domain, environment, variables examined, spatial scale and analysis period.
Although these studies have provided tremendous insights into the spatiotemporal snowpack patterns
along the extratropical Andes at the watershed and regional scales, very little is known in this domain
about the spatial structure of snow depth or SWE and driving physical processes below the hillslope scale
(i.e., 1-100 m as defined by Clark et al., 2011). While Ayala et al. (2014) provided analyses based on a rich
database of survey measurements collected on many hillslopes, the average spacing (as defined by
Bloschl, 1999) between observations was larger than 60 m. A recent study by Shaw et al. (2020) reported
the first data set with point measurements below 1-m spacing for a 0.74-km” subdomain in Central
Chile, acquired with light detection and ranging (lidar) technology. Nevertheless, no descriptions of snow
depth spatial structure or probabilistic distribution have been provided for the extratropical Andes to date, a
gap that we seek to fill.

1.2. Advances in Understanding Snow Variability With Lidar Technology

In other mountain regions of the world, lidar technology has demonstrated its usefulness to characterize the
spatial and/or temporal variability of snow depth (e.g., Broxton et al., 2015; Currier et al., 2019; Currier &
Lundquist, 2018; Griinewald et al., 2010; Kirchner et al., 2014; Revuelto et al., 2014; Schirmer et al., 2011).
A key advantage over manual measurements is the capability to provide unbiased samples of millions of
snow depth observations in a short period of time (Currier et al., 2019; Deems et al., 2013; Painter et al., 2016).
Additionally, the potential of lidar scanning systems for snow hydrology has been demonstrated for myriad
applications, including process-based model evaluation (e.g., Broxton et al., 2015; Musselman et al., 2015),
validation of large-scale, satellite-derived snow products (Deschamps-Berger et al., 2020; Shaw et al., 2020),
development of statistical models for the spatial prediction of snow depth (e.g., Griinewald et al., 2013;
Helbig et al., 2015; Revuelto et al., 2014; Skaugen & Melvold, 2019), data assimilation (Hedrick et al., 2018),
and avalanche control and prediction (Deems et al., 2015).

Lidar-derived snow depth maps have provided transformative insights into the statistical distribution
(e.g., Lopez-Moreno et al., 2015) and scaling patterns (e.g., Deems et al., 2008) of snow in mountain domains.
Additionally, the utility of lidar measurements to inform the spatial configuration of distributed snowmelt
models has been broadly recognized. For example, large-scale models may involve implicit representations
of subgrid variability, for which parameterizations for the fractional snow covered area and the average snow
depth or SWE need to be developed (Clark et al., 2011). One approach is to fit parametric probability density
functions (PDFs) to maximum accumulation SWE or even snow depth observations (e.g., Liston, 2004),
considering that snow depth is much more variable in space than snow density (Donald et al., 1995;
Lopez-Moreno et al., 2013). Early spatial distribution assessments used in situ measurements to test the suit-
ability of lognormal (e.g., Donald et al., 1995) and gamma (e.g., Kuchment & Gelfan, 1996) distributions, tran-
sitioning through a mixture of remotely sensed and manual measurements (Marchand & Killingtveit, 2005).
Lidar technology has transformed the ability to identify appropriate parametric functions and assess how the
optimal distributions vary with spatial extent. For example, Helbig et al. (2015) examined the spatial
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distribution of snow depth at sites in eastern Switzerland and the Spanish Pyrenees, finding that gamma dis-
tributions work well in small domains, while normal distributions are as good or even better in larger areas
(>500 m). More recently, Skaugen and Melvold (2019) found that gamma distributions provide better repre-
sentations of snow depth compared to normal and lognormal distributions at Hardangervidda (southern
Norway), while He et al. (2019) demonstrated the suitability of normal distributions in forested sites using
airborne lidar scanning (ALS) measurements in southeastern Wyoming.

Lidar-based variogram analysis can be used to inform the spatial scales needed in high-resolution (tens to
hundreds of meters) physically based models (e.g., Essery et al., 1999; Liston & Elder, 2006), based on the
identification of regions where snow shows fractal scaling (i.e., scale invariant) behavior and the limits
(i.e., scale breaks) between those regions. Moreover, these results can help to design predictor variables in
statistical models for snow depth (Griinewald et al., 2013). Deems et al. (2006) and Trujillo et al. (2007)
analyzed ALS data sets acquired near the date of maximum snow accumulation in forested sites at
Colorado (USA), finding two fractal regimes separated by scale breaks of the order of tens of meters. A
short-range fractal behavior up to similar scale break lengths has been also found in the Swiss Alps—in
ice free (Mott et al., 2011; Schirmer & Lehning, 2011) and glaciated sites (Clemenzi et al., 2018) —, the
Otztal Alps, Austria (Helfricht et al., 2014), and the Spanish Pyrenees (Mendoza, Musselman, et al., 2020),
reaffirming earlier findings on the scale-invariant behavior of snow depth based on manual measurements
(Arnold & Rees, 2003; Kuchment & Gelfan, 2007; Shook & Gray, 1996). Discrepancies in scale break lengths
among studies have been attributed to site characteristics (e.g., type of vegetation, bare ground or ice topo-
graphy, and exposure to wind) and interactions between these features with snowpack and meteorological
variables (Trujillo et al., 2007). Recently, Mendoza, Musselman, et al. (2020) analyzed 24 lidar-derived snow
depth maps acquired during six consecutive snow seasons (2011-2017) in a subalpine catchment, finding
possible connections between scale break lengths and the optimal search distances used to derive predictors
for snow depth, such as the Topographic Position Index (TPI) and the MUS parameter. Despite the fact that
the aforementioned studies examined the spatial organization of snow in mountain areas with different
hydroclimates and landscape characteristics, to our knowledge, no such study has explored this behavior
within the Andes range.

1.3. Scope and Goals

This study sheds light on the spatial distribution, statistical properties, and spatial patterns of snow depth at
the hillslope scale across four domains in the extratropical Andes, complementing a large body of work that,
so far, has been developed predominantly in a myriad of mountain ranges in the Northern Hemisphere (e.g.,
Arnold & Rees, 2003; Clark et al., 2011; Clemenzi et al., 2018; Deems et al., 2006; Donald et al., 1995;
Griinewald et al., 2014; Helbig et al., 2015; Helfricht et al., 2014; Kuchment & Gelfan, 1996, 2007; Melvold
& Skaugen, 2013; Mendoza, Musselman, et al., 2020; Mott et al., 2011; Schirmer et al., 2011; Shook &
Gray, 1996; Skaugen & Melvold, 2019). Specifically, we analyze 1-m resolution snow depth maps derived
from terrestrial laser scanning (TLS) campaigns conducted at four hillslope sites located in the headwaters
of three catchments with varying hydroclimate and landscape properties. All data sets have been acquired
near maximum snow accumulation dates in 2018 and are examined in terms of (i) spatial distribution and
statistical properties, (ii) scaling regimes, and (iii) possible connections with snow depth transect properties.
The results presented here bring new knowledge for mountain water resources in the Andes Cordillera:
some of them confirm earlier findings on snow depth distributions and scaling behavior, and others provide
new insights that pave the way for research opportunities in mountain environments across the globe.

2. Study Domain and Data
2.1. Site Descriptions

We examine three subdomains with distributed snow depth observations across a range of hydroclimatic
conditions along the Chilean extratropical Andes (Figure 1a). The analyzed subdomains are, from north
to south, as follows: (i) the Tascadero catchment (31.26°S, 70.53°W, 3,270-3,790 m), (ii) the Las Bayas experi-
mental catchment (33.31°S, 70.25°W, 3,218-4,022 m); and (iii) the Valle Hermoso (VH) catchment (36.91°S,
71.40°W, 1,449-2,563 m). These sites are located in the headwaters of three major basins that provide fresh-
water for irrigation, industry, and mining (among other purposes) in Central Chile (Figure 1b). Site charac-
teristics and lidar acquisition information are provided here and the details of lidar data processing are
described in section 2.3.

MENDOZA ET AL.

40f 23



A
AUV
ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research 10.1029/2020WR028480

(a)

33°18'15%¢

33°19'0'S 33'18'45"S 33°18'30"S

33"19'15"S

0

1615'W

30°00"S 20°00'S
30°00"S

40°00"S

$0°00"S

w
g [ L IKilometer,
70°

70"160'W

L/ { b)

Legend

[ | LiDAR Area
|:] Basin_Area

311150'S

Tascadero )
3] ® Local AWS
Ta scadé_tb
Las_Bayas ‘; h
(% s .

Valle Hermoso

70°3230'W 70°320°W

70°31°30"'W

N Valle Hermoso

0.5 1

T1240W  71°2330°W

70°1545"W  70°15'30°'W  70°15'15'W  70°150°W  70°14'45'W 71°25'30'W 71°25'0"W 7!'24"30"W 71°23'0"

Figure 1. (a) Scanning sites used in this study and their position in the Andes of Chile. The locations of individual sites Tascadero (c), Las Bayas (d) and Valle
Hermoso (e) are given in panel (b). Panels (c)-(e) show catchment boundaries in red, scan domains in blue, and local AWS locations are represented
by yellow markers. The West and East domains for Valle Hermoso are also displayed (e).

The Tascadero catchment is located within the semiarid region of Coquimbo, ~100 km from the coast, cover-
ing an area of ~4 km? and oriented southwest (Figure 1c). The site has been the focus of lidar-based research
on the application of snow fences to accumulate snow and minimize sublimation losses (Antonissen, 2018),
and the original scanning area has been extended for this work to a southeast facing slope with a total area of
0.68 km? (17% of the total basin). The second site examined is the upper part of the Las Bayas catchment
(Figure 1d), which is oriented southeast and spans an area of ~2.4 km? with an average slope of 20°. The
catchment is situated at the northeast extent of the Farellones district, and the lidar scan area is 1.01 km?
(42% of the total basin). The third subdomain of interest, the southwest facing Valle Hermoso catchment,
is situated 70 km southeast of the city of Chillan, and spans an area of ~4.5 km? (Figure 1e). Since most of
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Table 2
Characteristics of the Four Study Sites
Aridity Mean winter Mean winter
. Area Elevation index precipitation temperature o
Location Description
(km?) (mas.l) (PET/P) (mm) (°C)
Tascadero 0.68 3,380-3,700 4.7 389 —0.92 Nonvegetated, arid environment
Las Bayas 1.01 3,440-4,070 2.2 518 —0.89 Nonvegetated, semiarid environment
VH West 0.34 1,650-1,845 0.4 2,438 1.74 Sloped terrain that combines shrublands, clearings and a few trees
VH East 0.57 2,020-2,360 0.4 2,438 1.74 Nonvegetated, rocky terrain above treeline of catchment

Note. Hydrometeorological variables correspond to the period 1979-2018, derived from the basin statistics of the CR2MET data set (DGA, 2017). PET and P
denote mean annual values of potential evapotranspiration and precipitation, respectively.

this area is covered by dense Nothofagus woodland below the treeline at ~2,080 m a.s.l. (Huerta et al., 2019),
we examine two subzones: (1) VH West, whose area is 0.34 km? (7.5% of the total basin), and (ii) VH East,
which covers 0.57 km? (12.5% of the total basin).

The selected sites enable the comparison of snow depth scaling behaviors based on climatic and physio-
graphic differences (see Table 2 for details). Mean annual and winter precipitation amounts increase from
north to south. Tascadero, Las Bayas, and VH East are unvegetated alpine sites, while VH West is a subal-
pine environment that combines shrublands, clearings, and some trees (see Figure S1 in the supporting
information). Hence, possible differences in snow depth distribution among Andean sites can be examined
in terms of hydroclimate, land cover type, and topographic features such as slope and orientation.

2.2. Meteorological Observations

We complement our variogram analyses through the examination of wind speed and direction measure-
ments acquired from AWSs located in our study domains (Figure 1). The Tascadero weather station
(31.26°S, 70.54°W, 3,427 m a.s.l.) is managed by the Centro de Estudios Avanzados en Zonas Aridas
(CEAZA), and is located inside the Tascadero study catchment, south from the scanning area (Figure 1c).
The Las Bayas experimental catchment has the largest number of automatic weather stations that include
wind measurements, with four stations distributed across this subdomain (Figure 1d). The Termas de
Chillan station—located north from the Valle Hermoso experimental catchment—is operated by
Direccién Meteorolégica de Chile (36.9°S, 71.41°W, 1,708 m a.s.l.), and is the closest weather station for this
area (Figure 1e). Figure 2 displays wind roses for the three days preceding lidar scans, considering only wind
speeds >4 m s™* (following Li & Pomeroy, 1997).

2.3. Lidar

In this study, we adopt the same processing steps at all sites to derive snow depth maps from terrestrial lidar
scans. Lidar measurements for snow-covered conditions were conducted on 4 September, 9 August, and 25
October 2018 in Tascadero, Las Bayas and Valle Hermoso, respectively. Each data acquisition was conducted
using a Riegl VZ6000 long-range scanner on dates with and without snow, using an angular resolution of
0.01° and equating to a mean point density of ~18 p/m? at a 1,000-m distance from the scanner. The scanner
operates at a near-infrared wavelength (1,064 nm), increasing range and reflectivity and making it highly
suitable for monitoring snow and ice in mountain environments (Deems et al., 2013; Fischer et al., 2016;
Shaw et al., 2020). The location of the scanner at each date was measured using a Trimble R4 Real Time
Kinematic (RTK) point, providing an absolute position uncertainty of 0.01 and 0.03 m in the horizontal
and vertical directions, respectively. We processed each individual point cloud using Riegl Riscan Pro V.
2.5.1, following a manual point-to-point feature matching to coarsely align the cloud and a subsequent itera-
tive cloud matching algorithm (Chunhai Xu et al., 2018) for precise alignment of snow free, stable terrain.
Errors of the iterative process were between 0.02-0.04 m, indicating a successful cloud matching result.

We applied an octree filter for point decomposition, and rasterized the individual point clouds at a 1-m hor-
izontal resolution using the CloudCompare software. The difference between individually rasterized digital
elevation models (DEMs) with and without snow provides a snow depth map for each site. Quadratic errors
of point matching (RiScan) and standard deviation of vertical differences over snow free terrain (that should
be equal to zero) provide a total error estimate of 0.04, 0.09, 0.10, and 0.13 m for Tascadero, Las Bayas, VH
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Figure 2. Wind roses for the 3 days preceding lidar scans, considering only wind speeds >4 m sl (a) Tascadero (wind measured at Tascadero Station), (b) Las
Bayas (wind measured at four different nodes, represented by yellow markers), and (c) Valle Hermoso (wind measured at Termas de Chillan station).
The red line in the map is the watershed boundary, and the blue line is the TLS scan domain.

West, and VH East, respectively. Small negative DEM differences in the snow depth maps are set to zero
when found to be consistent with snow cover area information derived from 3-m PlanetScope imagery
(Planet Team, 2018), georeferenced to the lidar scan domain. Any negative differences that were
identified as snow covered from the PlanetScope imagery were set to NoData. Following Kirchner
et al. (2014), we ignored snow-covered pixels for slopes >55° to exclude well-known issues associated with
vertical inaccuracies on high slope angles. This threshold was found to be consistent with the presence of
snow in the PlanetScope imagery and the relationship of slope and snow depth presented by Shaw
et al. (2020) in the same region. The slope and northness of the catchments were calculated from the
snow-free DEM following Shaw et al. (2020).

3. Methods
3.1. Spatial Distribution

First, we conduct exploratory analyses to unravel possible links between snow depth and bare earth topogra-
phy (the snow-free DEM), including slope and northness. In particular, we define 25-m elevation bands to
compute average bare ground elevation and relevant snow depth statistics—including mean snow depth,
standard deviation, coefficient of variation (CV) and skewness—to examine dependencies with elevation
through correlation analysis. These snow depth descriptors are relevant for snow models that require prior
knowledge of the statistical distribution that best represents the spatial variability within each model ele-
ment (e.g., grid cells, subcatchments, elevation bands). Only nonzero snow depths are included (following
Lopez-Moreno et al., 2015; Skaugen & Weltzien, 2016; Winstral & Marks, 2014), and Spearman rank corre-
lation coefficients with associated p values are computed to assess whether the relationships are statistically
significant at the 95% confidence level. We also include the shape () and scale (8) parameters from the
gamma distribution, which are derived from snow depth measurements within each band. The functional
shape of the two-parameter gamma distribution (Wilks, 2011) follows the form:
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where SD represents snow depth, and the parameters o and 8 can be estimated from the sample mean,
and the standard deviation (Wilks, 2011):
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Finally, we compare the goodness of fit of three commonly used PDFs following Helbig et al. (2015) and
Skaugen and Melvold (2019): normal, lognormal, and the two-parameter gamma functions (Equation 1).
In this way, we assess the entire domain and each elevation band using the Anderson-Darling test
(Delignette-Muller & Dutang, 2015), which equally assesses the main body of the distribution and the tails.
If the p values are less than 0.05, we reject the null hypothesis that the snow depth measurements follow
the tested distributions.

3.2. Variogram Analysis

The fractal concept has been used for decades to address problems in water resources science and engineer-
ing, operational hydrology being among the first fields that explored its potential (e.g., Hurst, 1951;
Mandelbrot & Wallis, 1968). In principle, a fractal can be understood as an object whose subsets preserve
the geometric or statistical characteristics of the whole undertransformations of scales (Mandelbrot,
1982)—a property referred to as scale invariance or self-similarity. To clearly distinguish from nonscaling sets,
Mandelbrot (1982) proposed the compound term scaling fractal—also used as “fractal scaling” in snow
hydrology (e.g., Deems et al., 2006; Mott et al., 2011; Veitinger et al., 2014) for the notion of a structure with
infinite detail, and identical degree of irregularity across a range of temporal and/or spatial scales.
Bloschl (1999) discussed ambiguities in the use of the term scaling, recognizing that it can be used for a
broader sense of similarity and scale-invariance in the behavior of geophysical variables. Therefore, in this
paper we do not use scaling (e.g., scaling regime, behavior, or pattern) and fractal indistinctly, recognizing
that the latter implies detecting power laws and fractal dimensions (described below). The interpretation
of a fractal pattern in a particular variable is that the same processes dominate within the range of temporal
and/or spatial scales at which self-similarity is detected. Example applications have covered many hydrolo-
gical variables (e.g., Alipour et al., 2016; Kirchner et al., 2000; Korres et al., 2015; Olsson et al., 1993), and
in particular, snow depth (e.g., Clemenzi et al., 2018; Deems et al., 2006; Helfricht et al., 2014).

In this paper, we use variograms to examine the degree of spatial dependency in lidar-derived snow depths.
Given a distance h, the semivariance can be computed as

~ 1 2
v =sos 2 (G- @
2IN(h)] ;) N(h)( i =)
where z; and z; are snow depth values for points separated by a lag distance h, and N(h) is the number of
data points at the given lag distance h (Yates, 1948). If snow depth shows self-similar (i.e., fractal) behavior
within a range of h, it should be possible to fit a power law with the form (Deems et al., 2006)

y(h) = ah® (5)

The exponent can be subsequently used to compute the fractal dimension, using the formula proposed by
Mark and Aronson (1984):

D=3- (©)
The fractal dimension D can be understood as a measure of irregularity, or the capability of an object to

“fill” the space in which it resides (Sun et al., 2006). Mathematically, it can be interpreted as an extension
of the spatial dimensions of Euclidean geometry. Therefore, curves are characterized by fractal dimensions
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between 1 and 2, while surfaces have associated D values between 2 and 3. In particular, D ~ 2 indicates a
nearly planar Euclidean surface, while values close to 3 reflect more complex or “rougher” behavior.

Variograms are also used to detect possible anisotropies in snow depth scaling patterns. By definition, omni-
directional variograms include all snow depth point pairs regardless of their direction, whereas directional
variograms include only point pairs within a specified direction. We binned the snow depth data before com-
puting the variograms; in a trial and error procedure, we found that 46 bins distributed data in a sufficiently
uniform manner when lag distance h was plotted on a log scale. At each site, we set the maximum lag dis-
tance to half of the maximum point pairs distance for variogram calculations (Sun et al., 2006) and define 16
angular classes of 22.5° for directional variograms. All variograms were computed using the “gstat” package
(Pebesma, 2004), available in the statistical software “R” (http://www.r-project.org/). Snow depth scaling
behavior is described as fractal within a specific distance range only if Equation 5 can be adjusted with
R? > 0.9 (Deems et al., 2006, 2008; Mendoza, Musselman, et al., 2020) if this is the case, the associated fractal
dimension is computed with Equation 6. The methodological steps used to detect scale break lengths are
detailed in Appendix A. These analyses were first conducted for omnidirectional, and second for directional
variograms to detect and characterize potential anisotropies in snow depth scaling patterns. It should be
noted that this approach recognizes that a surface could be fractal within some range of lag distances and
show no spatial correlation in others, a behavior that has been reported in the past for snow depth (e.g.,
Shook & Gray, 1996).

In this paper, we only report the adjustment of multisegment linear models in the log-log scale for experimen-
tal variogram points, though background analyses were performed to assess the quality of fit of alternative
models from the geostatistical palette, including exponential, Gaussian, and spherical, following Mendoza,
Musselman, et al. (2020). The results demonstrate that the multisegment log-log linear models outperform
the alternatives when adjusted for the entire distance range in terms of correlation, biases, and root-mean-
square errors (see Figures S2-S5 in the supporting information). Additionally, comparable results with
log-log linear models can be obtained for specific combinations of domains and distance ranges if the alter-
native models are adjusted for each scaling range separately (not shown).

To examine possible factors explaining snow depth scaling patterns and detected anisotropies, we also com-
pute and analyze omnidirectional and directional variograms for the bare earth topography. Finally, we use
the term “multiscale behavior” when two or more fractal patterns separated by scale breaks are found
(as Clemenzi et al., 2018), instead of the term “multifractal” (Deems et al., 2006; Schirmer & Lehning,
2011), since the latter is typically considered to involve a continuous spectrum of fractal dimensions
(Mandelbrot, 1988).

3.3. Transect Analysis

Shook and Gray (1996) hypothesized (later confirmed by Trujillo et al., 2007 for a suite of sites in Colorado,
USA) that the scale length of snowdrifts (the distance between drift or dune peaks) is related to snow depth
scale breaks (identified from variogram analysis) in wind-prone areas. We assess this (following Trujillo
et al., 2007) through the examination of snow depth transects across four directions (S-N, W-E, NW-SE,
SW-NE), with the aim to unravel possible connections between scale break lengths, wind direction, and
the distance between local maxima snow depth values. First, we define up to three equidistant profiles or
transects for each lidar data set and direction (see Figure S6 in the supporting information). Second, we seek
local maxima snow depths at each transect by identifying at least m consecutive positive (or negative)
changes. After an iterative process that involved visual inspection, we set m = 3 and define a threshold equal
to the first tercile of nonzero snow depth measurements to disregard small local maxima points that could
result from slight variations along the profiles analyzed. Once the local maxima snow depth points were
identified, we compute the separation distance d between peaks and derive the empirical distributions of
d by grouping all transects for a specific direction.

4. Results
4.1. Snow Depth Distribution

Figure 3 displays lidar-derived snow depth maps (Column 1), and spatial distributions (presented as box-
plots) per 25-m elevation bands (Column 2), 5° slope intervals (Column 3), and 10° northness bins
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Figure 3. Lidar-derived snow depth maps (column 1) and snow depth distributions per 25-m elevation bands (column 2), 5° slope intervals (column 3), and 10°
northness bins (column 4) for all study sites: (a) Tascadero, (b) Las Bayas, (c) Valle Hermoso West, and (d) Valle Hermoso East. In the left panels, snow depth
values >3 m (i.e., 0.2% in Tascadero, 1.4% in Las Bayas, 0% in VH West, and 2.5% in VH East) have been masked out for visualization purposes, and zero snow
depths are shown in gray. In columns 24, outliers have been discarded, zero snow depths are included, the red crosses represent mean depths across bins, and the
strength of the relationship between those means and bin-averaged topographic predictors is quantified by correlation coefficients (Pearson correlation r and
Spearman rank correlation p) and p values (in parenthesis). For northness, 0° indicates south facing, while 180° indicates north-facing locations.

(Column 4). Possible relationships between band-averaged snow depths and topographic variables are
examined using Pearson (r) and Spearman's rank (o) correlation coefficients. No altitudinal gradients are
observed in Tascadero, whereas strong correlations with altitude are found at Las Bayas and VH West.
Additionally, all nonvegetated areas show decreasing snow depths with higher elevation, starting from a
site-specific altitude threshold. In Las Bayas, these higher elevation sites coincide with steep cliffs that
surround the cirque of the catchment. In VH East, the highest areas are exposed to strong winds and solar
radiation, given their orientation to the north and relative position to the ridge that delineates the
catchment boundary. Correlations with slope are found in all sites except VH West, and significant
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Figure 4. Snow depth statistics as a function of mean elevation at 25-m elevation bands: (a) mean snow depth,
(b) standard deviation, (c) coefficient of variation, (d) skewness, (e) a and (f) 8 parameters from the gamma
distribution. Only nonzero snow depth values are included and the strength of the relationship is quantified by Spearman
rank correlation coefficients (o) and p values.

relationships with northness are observed in all subdomains excepting Las Bayas. We also fitted a Gaussian
Kernel smoother for snow depth as a function of elevation, and computed correlations between detrended
snow depths (using the Kernel estimates) and slope/northness, finding similar dependencies (not shown).

Possible relationships between snow depth statistics and average elevation are further examined in Figure 4,
which includes only nonzero depths. Statistically significant (p < 0.05) correlations between mean terrain
elevation and mean snow depth are obtained in Las Bayas and VH West (Figure 4a), and positive
(p > 0.80) correlations with standard deviations are observed in Tascadero, Las Bayas, and VH West
(Figure 4b). Both CV (Figure 4c) and skewness (Figure 4d) significantly decrease with elevation in the latter
site, and CV shows significant, positive trends in Tascadero. Additionally, snow depth is positively skewed in
most elevation bands across nonvegetated sites and shows a relatively steadier behavior with elevation in Las
Bayas. Mixed altitudinal trends are obtained for the shape parameter «, with significant correlations only at
Tascadero (o ~ —0.67) and VH West (o ~ 0.79), while both semiarid locations (Tascadero and Las Bayas) pro-
vide p > 0.75 for the scale parameter 3. At VH East, a step behavior can be seen around 2,150, m a.s.l.: below
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this elevation, a significant fraction of the slope is oriented more to the north, and increased radiation loads
explain the lower snow depths observed in those sites (even with many pixels showing no snow cover). Such
an elevation threshold coincides with a transition to steeper slopes in bare earth topography. Possible depen-
dencies between snow depth statistics and band-averaged snow depth were also explored, finding that the
standard deviation is positively correlated with mean snow depth in all scanning areas (with p > 0.89 in
Las Bayas and Valle Hermoso), and significant (negative) correlations between CV/skewness and mean snow
depth only in VH West (see Figure S7 in the supporting information).

Figure 5 illustrates the goodness of fit of alternative parametric distributions for snow depth through the
Anderson-Darling (A-D) and Kolmogorov-Smirnov (D s) statistics, and associated p values. Lower A-D
or D g values indicate better fits, and the results are displayed for the full domains (left panels, a—-d)—each
at 1-m horizontal resolution—and 25-m elevation bands (right panels, e-g). When examining full domains
(Figures 5a-5d), it is observed that all goodness-of-fit evaluations reject the null hypothesis that the sampled
depths follow the tested distributions (p < 0.05). In Las Bayas and VH East, the gamma distribution provides
the best compromise between graphical adjustments and A-D or Dy _g scores. Although the lowest A-D and
Dy g statistics in the remaining sites are obtained through normal distributions, good adjustments to snow
depths are difficult to obtain—especially in Tascadero, where a bimodal distribution is observed. The A-D
results obtained for individual elevation bands (Figures 5e-5g) show that normal distributions are generally
the ones with the best fit in Tascadero and VH West, while gamma distributions have the lowest A-D scores in
VH East. Mixed results are obtained in Las Bayas, where the lowest A-D statistics alternate between normal
and gamma fits, and the largest A-D scores are obtained with lognormal distributions in most elevation
bands. Anderson-Darling tests reject, in most elevation bands, the null hypothesis that the sample snow
depths followed normal, lognormal, or gamma distributions. Similar relative performances are obtained from
the application of Kolmogorov-Smirnov tests across elevation bands (see Figure S8 in the supporting
information).

4.2. Scaling Patterns

The analysis of omnidirectional snow depth variograms (Figure 6a) reveals the existence of primary (L;) and
secondary (L,) scale break lengths in all sites, defining regions with different spatial structures. In unvege-
tated areas, primary scale break lengths span 15-21 m (Table 3). Moreover, a secondary scale break is
detected across all scanning areas, with L, in the 67-188 m range in nonvegetated areas. In VH West, shorter
scale break lengths (L; ~ 4 and L, ~ 39m) are detected. Such scanning area corresponds to a forest clearing
originated by past burnings, and the terrain is scattered with shrubs, smaller new trees, and fallen tree trunks
and logs.

Interestingly, multiscale behavior in snow depth is detected in all sites (Figure 6a), so we make the distinc-
tion between short-range (Ds), medium-range (Dy), and long-range (D) fractal dimensions (Table 3). In
nonvegetated areas, very similar fractal dimensions Dg (~2.5) and Dy (~2.9) are obtained, while larger values
(Ds ~ 2.64 and Dy ~ 2.94) are observed in VH West. A long-range fractal dimension region is detected in Las
Bayas and VH West, with Dy values equal to 2.83 and 2.76, respectively. To unravel possible links between
snow depth and bare earth topography structures, we analyze omnidirectional variograms for the latter vari-
able (Figure 6b), finding very similar fractal dimensions across sites. It should be noted that, although scale
breaks are detected in Tascadero and VH East, no fractal behavior is found beyond those break lengths.

Figure 7 displays radar plots for scaling properties, including the fractal dimension for bare earth topography
(D), short-range fractal dimension for snow depth (Dg), and the primary scale break length for the same vari-
able. At all sites, the smallest D values for bare earth topography (Figure 7a) are found to be parallel to the
general terrain orientation (see left panels in Figure 3), and smoother anisotropies are found in the semiarid
subdomains (i.e., Tascadero and Las Bayas). Figure 7b shows that the directionality of anisotropies in Dg vary
among sites: while negligible variations are observed in Tascadero, the largest values in VH East are aligned
with dominant local winds (Figure 2). In Las Bayas, the largest Dg values are perpendicular to the large-scale
terrain trend (SW-NE) with local maxima at many directions, suggesting a joint effect of local winds and
topography. For VH West, directional Dg range 2.65-2.85, with slightly larger values aligned with locally
measured winds. Regarding scale break anisotropies (Figure 7c), different patterns are observed across sites:
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Figure 5. (left) Empirical distribution of snow depth from lidar measurements and fitted theoretical normal, lognormal,
and gamma distributions for the entire domains: (a) Tascadero, (b) Las Bayas, (c) Valle Hermoso West, and (d) Valle
Hermoso East. CV and Cs denote coefficient of variation and skewness, respectively. Anderson-Darling (A-D) and
Kolmogorov-Smirnov (D _g) statistics are displayed for each distribution, and associated p values are included between
parentheses. (right) A-D statistics for each 25-m elevation band and site (e-h panels), where bold symbols indicate
that the null hypothesis (i.e., that snow depth measurements follow the colored distribution) is accepted at a

5% significance level. In all panels, density distributions and goodness-of-fit statistics are color coded as gray (Normal),
blue (Lognormal), and red (Gamma).

larger L, values are aligned perpendicular to dominant winds in Tascadero, Las Bayas and VH East (alpine
sites with differing climates), while no clear connections with wind are observed in VH West.

In summary, dominant wind direction, anisotropies in bare earth topography (i.e., terrain orientation) and
L, seem to be somehow connected in Tascadero, but no direct links with Dg are observed. In Las Bayas, ani-
sotropies in terrain D and snow depth Dg are nearly parallel, while the largest values in L, (N-S) are perpen-
dicular to preceding westerly winds. In VH East, preceding wind is parallel to the largest values in fractal
dimensions D and Ds, and nearly perpendicular to L; anisotropy. Finally, no apparent connections between
topography, wind, and snow depth scaling properties are found in VH West, which might be due to specific
terrain characteristics, topographic sheltering, and, importantly, the presence of vegetation.
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4.3. Snow Depth Profiles

Our results suggest that landscape properties, and in particular vegetation
cover, are key controls on the spatial structure of snow depth along the
extratropical Andes. This idea is examined with sample profiles of snow
depth along the NW-SE direction for all study sites (Figure 8). One can
note the general tendency of increasing snow depths with elevation in
Las Bayas and VH West, as shown in Figures 3 and 4a. The transects in
VH West (Figure 8c) indicate that high-frequency variations (i.e., short
wavelengths) dominate snow depths in this area. Such behavior is also
observed for other transects delineated in the same or different directions
(see Figure S9 in the supporting information). Conversely, low-frequency
variations dominate along snow depth transects in our alpine, unvegetated
sites (Figures 8a, 8b, and 8d). The contrasting shapes of snow depth pro-
files at VH West and VH East show the large effects of scattered vegetation
on snow scaling patterns, in particular on the shorter scale breaks obtained
in the former site.

A natural question from here is to what extent scale break magnitudes are
related to the separation distance d between local peaks (red circles in
Figure 8) To answer this, we examine the empirical distribution functions
of this variable across four directions in all sites, and compare the sample
means between distributions (Figure 9). As expected, the average d values
in the shrub-dominated VH West (8.6-13 m) are smaller than those
obtained for all unvegetated sites, which fluctuate between 13 and 21 m
—that is, the same order of magnitude as L, (Table 3; Figures 6a and 7c).
Furthermore, the largest average d values at Tascadero and Las Bayas
are obtained along SW-NE and S-N directions, respectively, in agreement
with anisotropies observed in L; (Figure 7c). Such correspondence
between directional d and L, magnitudes is not, however, observed at
Valle Hermoso.

R® > 0.9.
5. Discussion
5.1. Topographic Controls and Statistical Distribution
Exploratory analyses on the relationship between snow depth and bare
earth topography reveal an increase up to a certain elevation. This beha-
vior has been reported, for example, for lidar-derived snow depths in the southern Sierra Nevada
(Kirchner et al., 2014; Zheng et al., 2016), and also across sites within the European Alps and the Spanish
Pyrenees, at both hillslope and subcatchment (1-5 km?) scales (Griinewald et al., 2014). The decline in snow
depth at very high elevations has generally been explained by the heightened interaction of snowfall, terrain,
and wind redistribution, with Griinewald et al. (2014) explaining the snow depth inflection point as that
occurring at the transition between gentler, soil-covered slopes, and steeper alpine rock. The specific nature
Table 3
Omnidirectional Fractal Parameters (Ds, Dy, Dy, Ly, and L) for the Observed TLS Snow Depth Distributions
Short-range Medium range Long range L, L,
Site R? Dg R? Dym R? Dy, m m
Tascadero 0.99 2.49 (2.47-2.52) 0.96 2.87 (2.86-2.88) 0.21 = 18.4 187.6
Las Bayas 0.99 2.49 (2.47-2.51) 0.99 2.87 (2.86-2.87) 0.99 2.83 (2.82-2.84) 15.2 67.4
VH West 0.97 2.64 (2.59-2.7) 0.99 2.94 (2.94-2.94) 0.98 2.76 (2.75-2.77) 4.0 38.9
VH East 0.99 2.54 (2.52-2.55) 0.95 2.92 (2.91-2.92) —0.02 = 20.5 129.5
Note. For fractal dimensions, 95% confidence intervals are displayed in parenthesis.
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Table 4

Omnidirectional Fractal Parameters (D and L;) for the Observed TLS Bare
Earth Elevation Distributions

of the depth-elevation relationship is also influenced by the scale at which
measurements are obtained. In our study sites, elevation ranges are in the
order of 200-500 m. Ayala et al. (2014) explored a data set of manually

Site

Log-log linear model L

collected snow depth observations in different hillslopes spanning an

R2

D m elevation range of 1,200 m, finding a stronger dependency, coherent with

Tascadero 0.99
Las Bayas 0.99
VH West 0.96
VH East 0.99

documented orographic enhancement of precipitation.
2.03 (2.02-2.03) 232.4

2.03 (2.02-2.03) — Possible dependencies between band-averaged elevation and snow cover
2.04 (2.04-2.05) — variability metrics (i.e., standard deviation, coefficient of variation, and
2.03 (2.02-2.03) 2136 skewness) vary considerably across sites, which is expected due to discre-

Note. For fractal dimensions, 95% confidence intervals are displayed in pancies in vegetation cover, elevation range, and wind exposure (e.g.,

parenthesis.

Griinewald et al., 2014; Zheng et al., 2016). In agreement with Skaugen

and Melvold (2019), we found significant positive correlations between
band-averaged snow depth and standard deviation (Figure S7a), but weak relationships with CV and skew-
ness in alpine, unvegetated sites. These results are still encouraging, since the standard deviation of snow
depth depends on a dynamic parameter (i.e., mean snow depth), and a static parameter (band-averaged ter-
rain elevation, Figure 5b) in alpine sites. Therefore, the simple nonlinear relationship proposed by Skaugen
and Weltzien (2016) could be used to simulate and predict the snow depth variance as a function of the mean
in any type of hydrologic response unit along the extratropical Andes. Although we only examined possible
dependencies using elevation bands and average terrain elevations, any other topographic variables, in addi-
tion to land cover type, could be used to stratify model parameters (e.g., Skaugen & Melvold, 2019).

The comparison between full-domain snow depth statistics (Figure 5) and those obtained for individual ele-
vation bands (Figure 4) simply confirm earlier findings on the limited transferability of distribution func-
tions and related parameters to smaller subdomains (e.g., Marchand & Killingtveit, 2005). We found that
the lognormal distribution was generally outperformed by the normal or the two-parameter gamma distri-
butions across 25-m elevation bands and that the latter distribution outperforms the lognormal distribution
when assessing goodness of fit for full domains. A similar relative performance was obtained by Winstral and
Marks (2014) for the Reynolds Mountain East catchment (0.36 km?); by Helbig et al. (2015) for spatial scales
<500 m in eastern Switzerland and the eastern Spanish Pyrenees; and by Skaugen and Melvold (2019), who
concluded that the gamma distribution was the most suitable for the majority (68%) of the 500 m x 1 km
(0.5 km?) grid cells analyzed across Hardangervidda in Southern Norway.

5.2. How Does Snow Depth Scaling in the Andes Compare to Other Mountain Regions?

The multiscale behavior of snow depth in our Andean sites is somewhat consistent with previous findings in
the Colorado Rocky Mountains (Deems et al., 2006, 2008; Trujillo et al., 2007, 2009), the Swiss Alps (Clemenzi
et al., 2018; Mott et al., 2011; Schirmer & Lehning, 2011), and the Otztal Alps, Austria (Helfricht et al., 2014),

(a) Terrain fractal (b) Snow depth fractal (c) Snow depth scale
dimension D dimension Dg break L;

0 0

315 2% 45 315. 522 % 45

2.1
270<__A¥ 90 270

225 135 225 ¥ 4135
180 180

O Tascadero < LasBayas © VH West VH East

135

Figure 7. Fractal parameters by azimuth: (a) fractal dimension for bare earth topography, (b) short-range fractal
dimension, and (c) primary snow depth scale break (m).
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Figure 8. Sample snow depth profiles (thin black lines) and bare earth topography profiles (gray thick lines) along the
NW-SE orientation for all domains: (a) Tascadero, (b) Las Bayas, (c) Valle Hermoso West, and (d) Valle

Hermoso East. Transects have been truncated up to a maximum distance of 200 m for comparison purposes. The

red points indicate the location of all local peaks above a threshold (dotted line) equal to the first tercile of nonzero snow
depth measurements, and the variable “d” denotes the distance between these peaks.

where two fractal regimes were obtained, separated by scale break distances that varied depending on site
characteristics (e.g., land cover, exposure to wind). For instance, Trujillo et al. (2009) reported discrepancies
in the snow depth scaling behavior of two areas with similar topography, but different wind influences and
vegetation, finding scale breaks approximately 6 times larger in a tundra subdomain compared to a forested
area. Schirmer and Lehning (2011) obtained different scale breaks in wind-protected (6 m) versus
wind-exposed (20 m) slopes in an alpine, nonvegetated domain. In this study, we found larger Ds and
smaller L; (~4 m) values in the shrub-dominated VH West compared to the alpine, nonvegetated subdomains
(L1-15-21 m for omnidirectional variograms). Because the latter sites encompass very different hydroclimatic
conditions (Table 2), we suggest that local topography and vegetation cover are dominant controls for snow
depth spatial structure, rather than climatological characteristics (e.g., aridity index, mean winter precipita-
tion). Moreover, the primary scale breaks for our alpine sites align well with those found in other ice-free
areas near maximum accumulation dates (Helfricht et al., 2014; Mendoza, Musselman, et al., 2020; Mott
et al., 2011; Schirmer & Lehning, 2011), although our short-range fractal dimensions seem slightly larger in
comparison to the regions examined therein.
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Figure 9. Empirical distribution functions of the separation distance “d”
between peaks in the snow depth profiles. Each curve compiles d values
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obtained from two or three directional transects within the analyzed

domain, and dashed vertical lines indicate the location of sample means.
The results are displayed for (a) Tascadero, (b) Las Bayas, (c) Valle Hermoso

West, and (d) Valle Hermoso East.

The secondary scale break lengths detected here span 38-190 m, which
are smaller than those reported by Mendoza, Musselman, et al. (2020)
for the Izas experimental catchment (>200 m in multiple lidar scans).
Nevertheless, our results differ from previous studies in that we obtained
up to three fractal regimes in two sites (Las Bayas and VH West), a beha-
vior previously unreported and somewhat unexpected considering the
absence of multiscale behavior in bare earth topography (Figure 6b). We
speculate that the scattered distribution of shrubs plays a key role in VH
West—where the change in scaling patterns is better defined (see
Figure 6a and Table 3) -, although this cannot be confirmed due to the
lack of lidar-derived maps for topography and shrub height. Shrub struc-
ture on sloped terrain is difficult to resolve with airborne lidar (Glenn
et al., 2011) and the challenges are compounded for TLS (Currier
et al., 2019). For Las Bayas, the small difference between Dy, and Dy, sug-
gests that some process interactions are simply enhanced beyond the sec-
ondary scale breaks, producing slope changes larger than 20% in
variograms at the log-log scale.

The terrain scaling anisotropies reported here agree with previous findings
of Deems et al. (2006) and Mendoza, Musselman, et al. (2020), who
obtained smaller bare earth fractal dimensions parallel to terrain orienta-
tion in the Colorado Rockies and the Spanish Pyrenees, respectively.
Nevertheless, these anisotropies, prevailing wind directions and snow
depth fractal parameters relate differently depending on the subdomain
analyzed, or simply do not relate at all (like in VH West), which is not sur-
prising if one explores past studies. For example, Deems et al. (2006) and
Schirmer and Lehning (2011) obtained the largest D values perpendicular
to prevailing winds, Clemenzi et al. (2018) found these to be parallel to pre-
vailing winds, while Mendoza, Musselman, et al. (2020) found negligible
directional variations in this parameter.

Regarding scale break anisotropies, we found the largest L; values nearly
perpendicular to dominant, preceding winds in the three alpine sites—in
agreement with Schirmer and Lehning (2011)—regardless of the large dif-
ferences in hydroclimatic characteristics (Table 2). The same anisotropies
were observed at Tascadero and Las Bayas (semiarid, alpine environ-
ments) for the mean horizontal distance between local peaks (d) in the
snow depth surface. Possible connections between the above anisotropies,
dominant winds, and directional variations in second scale breaks (L) are
more difficult to establish, since the latter were not detected for all azimuth
angles in our alpine sites (not shown). Indeed, directional L, in Tascadero
(with prevailing northwesterly winds) and VH East (with prevailing north-
ern winds) was only found along 67.5° (160 m) and 0° (222 m), respec-
tively. In Las Bayas (where preceding winds were westerly), the longest
L, value (375 m) was obtained for 22.5°, whereas anisotropies in L; and
L, were found to be very similar in VH West. Mendoza, Musselman,
et al. (2020) also found that L, may not be a temporally consistent property

of snow depth distribution—unlike Dg and L,. Therefore, these secondary scale breaks—either omnidirec-
tional or directional—should be interpreted with caution, since their existence may result from complex
interactions between local meteorology, topography, and land cover properties.

The results from transect analyses across all Andean sites confirm that the primary scale break L; is a
measure of the average distance d between local peaks in snow depth, as reported by Trujillo et al. (2007)
for the Colorado Rocky Mountains, following earlier suggestions that the formation of snow drifts define
subdomains of high spatial autocorrelation (Shook & Gray, 1996). Past studies have attributed the existence
and location of local snow depth peaks to interactions between wind, snow, and land characteristics—e.g.,
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terrain exposure, local irregularities, vegetation (when present)—whose relative importance varies depend-
ing on local site conditions (e.g., Schirmer & Lehning, 2011; Trujillo et al., 2007, 2009). In this study, the simi-
larity between L; and d values (13-21 m) in alpine Andean sites and anisotropies related to wind directions
indicate that snowdrift formation is strongly related to wind-coupled processes, in agreement with the
results obtained by Schirmer and Lehning (2011) and Mott et al. (2011) for wind-exposed and
wind-protected subareas. On the other hand, the lack of clear relationships between anisotropies in fractal
parameters and preceding winds in VH West suggests that interception could be a key control of snow depth
variability in this subdomain, although better wind measurements are required to support this hypothesis.

5.3. Implications for Snow Modeling

Overall, the exploratory analyses and goodness-of-fit tests have practical implications for distributed snow
modeling in the extratropical Andes Cordillera. The results from our variogram analyses provide detailed
information on distance ranges where scale-invariance is observed, guiding the selection of model scales
in high-resolution distributed snowmelt models (e.g., Clemenzi et al., 2018; Trujillo et al., 2007). Trujillo
et al. (2007) suggested that short-scale variations in snow depth are driven by local processes such as canopy
interception and the interaction between winds and topographic irregularities (e.g., concavities, rocks),
while longer-range snow patterns can be attributed to the average effects of redistribution by wind and
canopy effects (when present). If the primary goal is to provide a detailed snow process estimation, the mini-
mum model scale that our data suggest is 1 m (i.e., the lidar-derived data resolution), while the recom-
mended maximum model scale will depend on directional and omnidirectional L, values: 2.5 m in VH
West, and 12 m for Las Bayas, and 18 m for the remaining sites. These model resolutions are coherent with
the scales of drift formation, which has been suggested to control the timing of melt and runoff generation in
alpine basins, particularly late in the melt season when persistent drifts can serve as local ecological refugia
(e.g., Marshall et al., 2019). Thus, appropriate modeling of snow drift magnitude and location may be desir-
able for model applications where localized snow persistence has the potential to impact basin-aggregated
estimates of summer low-flow conditions, water limitation, and vegetation productivity. This topic is parti-
cularly relevant for future climate impact projections (Xu et al., 2019). The fact that the shortest scale break
length (2.5 m) happens at the VH West site, where modest shrubs are present, suggests that detailed repre-
sentations of mass and energy fluxes between snow and vegetation are required to adequately simulate snow
depth variability. This is in agreement with the findings of Broxton et al. (2015) and Harpold et al. (2020),
although additional data are required to explore the effects of deciduous trees typical of southern South
America on snow dynamics.

Modeling efforts oriented toward water resource applications require snow simulations at the watershed or
larger scales. In such cases, subelement variability should be addressed regardless of the modeling units used
(e.g., grid cells, elevation bands, hydrologic response units) and depletion curves, which relate the coe-
volution of snow-covered area and snow water equivalent, provide an opportunity for incorporating this
variability in a parsimonious manner (Liston, 1999; Luce & Tarboton, 2004). Snow depletion curves can
be derived from theoretical PDFs, or from SWE or snow depth observations when available. Our results
show that, although theoretical PDFs could approximate the snow depth data obtained at each site, there
are considerable variations in the shape of the distribution at the hillslope scale, so that the subjective choice
of the lognormal distribution in subgrid parameterizations (e.g., Cortés et al., 2016; Cortés & Margulis, 2017)
should be revised whenever data are available. It must be remembered, however, that subgrid parameteriza-
tions can be more sensitive to distribution parameters than to the functional form selected (Luce &
Tarboton, 2004) and that such parameters are highly variable in space (e.g., Lopez-Moreno et al., 2015).

The results presented in this paper show that elevation and associated effects of orographic precipitation
enhancement play a limited role in the spatial variability of snow depth across the subdomains examined.
Conversely, northness and slope strongly influence this variable, suggesting that a regional scale modeling
effort should explicitly account for orographic precipitation enhancement at a horizontal resolution that
can resolve this process (e.g., see Ayala et al., 2014), while representing hillslope scale variability presented
here. Since the elevation range spanned by our lidar-derived data sets fluctuates between 300 and 500 m, a
HRU-based discretization with elevations spanning those intervals could be a reasonable first approxima-
tion. Within these larger subregions, variability could be represented using snow depletion curves or
interconnected representative hillslopes (Swenson et al., 2019). In forested regions, further work is needed
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to properly quantify the effect of vegetation on the snowpack energy balance. A hybrid approach, in which
very high resolution modeling (single-tree representation, e.g., Broxton et al., 2015) is used to derive empiri-
cal parameters for subgrid parameterization at larger scales, could also be explored.

5.4. Uncertainties, Limitations, and Future Work

Accounting for lidar measurement uncertainty in this type of analysis is difficult, and to the authors' knowl-
edge, has not previously been attempted (e.g., Clemenzi et al., 2018; Deems et al., 2006; Trujillo et al., 2007).
For example, addition or subtraction of systematic biases in lidar measurements would not affect analyses of
relative snow depth variability and is already explicitly accounted for when bias correcting snow depth maps
from snow-free, stable terrain (section 2.3). Alternatively, incorporating perturbations into the snow depth
maps to account for a random error would conflict with the assessment of snow depth scaling patterns.
Therefore, to examine the potential effects of data uncertainty on our results, we produced an alternative
data set at the VH West site (where the influence of shrubs on snow depth is present) by removing all
location points whose snow depths were below the raster error calculated there (0.09 m) and compared
the results with those obtained with the full data sets. Despite numerical differences, especially in low
elevations (see examples in the supporting information), the same scaling behavior can be drawn from both
snow depth fields. These findings suggest that any biases of TLS data relative to ALS surveys (as found by
Currier et al., 2019) might have a minimal effect on our results within vegetated areas, although we lack
the equivalent ALS measurements to fully test this. Further, while small artifacts associated with shrubs
may persist in snow depths across VH West, our explicit exclusion of shrub location points makes it unlikely
that the systematic bias observed by Currier et al. (2019) would affect our variogram analysis. It should be
noted that additional uncertainties arise from the formal detection and characterization of fractals in geo-
physical variables (e.g., Fleming, 2014; Sun et al., 2006). In particular, the variogram analysis adopted here
may introduce errors related to possible overestimation (underestimation) of small (large) fractal dimen-
sions (Wen & Sinding-Larsen, 1997).

In this study, we did not conduct detailed analyses of dependencies between snow depth statistics and ter-
rain parameters (e.g., curvature, terrain roughness), so future efforts should focus on the development of
spatially continuous high-resolution DEMs to process other predictors that may feed statistical models for
snow depth (e.g., Broxton et al., 2019; Revuelto et al., 2014). Moreover, the results presented here are based
on one scan per site during the 2018 snow season, and the corroboration of the interannual consistence
reported elsewhere (Clemenzi et al., 2018; Deems et al., 2008; Helfricht et al., 2014; Mendoza, Musselman,
et al., 2020; Schirmer & Lehning, 2011) remains a pending task for the extratropical Andes. Finally, a key
limitation is the number of AWSs available in Tascadero (only one), and the lack of wind measurements
inside the Valle Hermoso experimental catchment, constraining the assessment of wind effects on snow
depth scaling patterns in those sites. Future work could take advantage of numerical weather models
(e.g., Mott et al., 2011; Mott & Lehning, 2010) to examine the interplay between wind velocity fields, snow
depth, vegetation, and topography along the Andes. Further, the combination with physically based models
(e.g., Lehning et al., 2006) could help to characterize the relative importance of wind-driven processes (i.e.,
preferential deposition of snowfall, saltation, suspension, blowing snow sublimation) on observed spatial
patterns in snow depth (e.g., Mott et al., 2011) or fully resolved vegetation effects across forested areas like
Valle Hermoso (e.g., Harpold et al., 2020).

6. Conclusions

We present the first characterization of snow depth distribution and scaling patterns using terrestrial lidar
measurements acquired near maximum snow accumulation dates in 2018, across four hillslopes along the
extratropical Andes Cordillera. The dependency of snow depth statistics per elevation band with averaged
elevation is examined, and alternative probability functions to represent snow depth variability are tested.
Additionally, fractal parameters are obtained from omnidirectional and directional variograms computed
for 1-m resolution TLS snow depth maps. The results show that the spatial variability of snow depth is
strongly influenced by northness in the sites analyzed and that the relationship with bare earth elevation
is site dependent. The lognormal distribution is generally outperformed by either normal or gamma
distributions within 25-m elevation bands and the full domains. Moreover, our results confirm not only frac-
tal behavior of snow depth in the Andes—a pattern that has been reported in other mountain regions
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worldwide (e.g., Colorado Rockies, Spanish Pyrenees, Swiss Alps)—but also multiscale behavior with up to
three distinct fractal regimes. Additional conclusions are as follows:

1. A significant dependence between snow depth and elevation is only found at Las Bayas and the
shrub-covered VH West. In nonvegetated areas, snow depth tends to increase up to some threshold ele-
vation, and then decrease at higher elevations.

2. The magnitude of fractal dimensions and omnidirectional scale breaks in snow depth is controlled by
local topography and land cover type, rather than average hydroclimatic conditions. Primary omnidirec-
tional breaks (L;) in unvegetated sites range between 15 and 21 m—in agreement with other mountain
ranges worldwide - while L, ~4 m in VH west, where small shrubs and a few trees are scattered. Further,
fractal dimensions are larger in the latter site at both short and medium ranges, compared to alpine,
nonvegetated areas.

3. Secondary scale breaks in snow depth (L,) are smaller than scale break lengths in bare earth topography,
which exhibits fractal behavior up to ~200 m in all sites.

4. In the scanning areas analyzed, the relations between preceding wind direction measurements and ani-
sotropies in bare earth (D) or snow depth fractal parameters (Ds, Ly, L,) are very site specific.

5. Transect analyses suggest that the magnitude of primary scale breaks in snow depth is related with the
mean separation distance “d” between local snow depth peaks. Moreover, the largest average d values
in semiarid alpine sites (Tascadero and Las Bayas) are aligned with anisotropies in L.

More generally, our results suggest that, along the extratropical Andes, snow depth variability at the hill-
slope scale is strongly dominated by wind-snow-terrain interactions in the absence of vegetation. Solar radia-
tion exposure and slope are significant controls on snow depth, while elevation shows a weaker overall effect
over the scanned domains. Vegetation interactions can only be partially explored given the characteristics of
our data set, but the effect of small shrubs can be detected through considerable differences between L; and
“d” values in alpine versus subalpine sites (VH West).

These findings not only serve as a basis for upcoming investigations on small-scale snowpack dynamics
across the extratropical Andes but also provide guidance to design fine-resolution modeling strategies, either
statistical or dynamical (i.e., physically-based), and to configure large-scale snow models in mountain envir-
onments. Further work is needed to understand the interactions between wind fields, topographic character-
istics, vegetation (if existent), and snow deposition/redistribution patterns in the Andes, and lidar
technology is expected to play a key role in addressing this challenge.

Appendix A: Detection of Scale Breaks and Fractal Behavior
In this work, we use the same approach as Mendoza, Musselman, et al. (2020) to examine the possibility of
different scaling regimes in snow depth and test if fractal behavior exists:

1. Conduct a change point analysis on variograms in the log-log space to find clusters of points sharing a
similar trend. We use the E-Divisive non-parametric technique (Matteson & James, 2014), which com-
bines bisection and a divergence measure for multivariate distributions. The change point detection is
performed using the “ecp” package (James & Matteson, 2014), implemented in the statistical software
“R” (http://www.r-project.org/).

2. Fit linear least squares regression models for variogram points from each group in log-log space (i.e.,
power laws in raw space), and set intercept estimates as candidate scale break points.

3. Verify whether the changes in the slopes of log-log linear models are larger than 20%, and that 95% con-
fidence limits of the regression slopes do not overlap. If these conditions are satisfied, we conduct a visual
inspection of variograms to confirm that the scale break exists, and hence that there is more than one
scaling region.

4. Check whether the linear models adjusted in (ii) show R? > 0.9. If this is the case, scaling behavior is
described as fractal (Deems et al., 2006, 2008) and the fractal dimension is obtained with Equation 6.

Data Availability Statement

The raw data sets and variogram results for all study sites are available for download at Zenodo (Mendoza,
Shaw, et al., 2020 https://doi.org/10.5281/zenod0.3964394).
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