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Abstract Mapping snow conditions in alpine areas is crucial for monitoring local hydrology to support
water resource management decisions. Recently, the use of structure‐from‐motion multiview stereo 3‐D
reconstruction (or SFM photogrammetry) to derive high‐resolution digital elevation models (DEMs) has
become popular for mapping snow depth in alpine areas. In this study, methods for communicating spatial
uncertainties in snow depth calculated from SFM‐derived DEMs are presented using a case study in the
French Alps. A spatially varying snow depth precision estimate was determined using an error propagation
model based on the precision of the acquired SFM DEMs, which was obtained from repeated unmanned
aerial vehicle flights. Spatially varying snow depth detection limits were determined using Student's t
distribution. It was found that snow depths as shallow as 1 to 5 cm could be detected with high confidence
for most of the study area. Areas of high uncertainties were generally related to where the extent of the
ground control coverage did not match in the snow‐on and snow‐off surveys and in areas with higher surface
roughness. A map of the snow depth detection threshold was found to be useful for identifying areas
with high uncertainties and potential biases in the SFM snow depths, such as errors due to changes in
topography between DEM acquisition dates and poor SFM reconstruction.

1. Introduction

Snow is an important water resource in many mountain regions around the world. Given the changing cli-
mate can reduce the water availability in these snow‐dominated regions (Barnett et al., 2005; Lemke et al.,
2007; Middelkoop et al., 2001), accurate monitoring and forecasting of seasonal changes in snow distribution
remain crucial for effective water resources management. Accurate knowledge of snow accumulation can
also help us improve our understanding of environmental processes in mountain areas including changes
in ground temperatures (Apaloo et al., 2012; Luetschg & Haeberli, 2007), permafrost creep (Delaloye et al.,
2010; Ikeda et al., 2008), avalanches (Bühler et al., 2011), rockfalls (Haberkorn et al., 2016), landslides
(Matsuura et al., 2003; Okamoto et al., 2018), glacier dynamics (Immerzeel et al., 2014; Rossini et al.,
2018), and vegetation growth (Jonas et al., 2008). Additionally, high‐resolution snow pack data can be used
as reference data to test the accuracy of satellite remote‐sensing products (Marti et al., 2016; Tinkham
et al., 2014).

Structure‐from‐motion multiview stereo 3‐D reconstruction (also known as SFM photogrammetry) is a
rapidly emerging technique for high‐resolution snow depth mapping in alpine environments. In general,
SFM can create a 3‐D reconstruction of a surface using a collection of images taken from different viewing
angles (Snavely et al., 2006). Typically, these images are acquired using unmanned aerial vehicles (UAVs;
Adams et al., 2018). When SFM techniques are applied for topographic analysis, they can be used to produce
high‐resolution digital elevation models (DEMs) of Earth's surface (Fonstad et al., 2013; James & Robson,
2012; Westoby et al., 2012). Like lidar and digital photogrammetry methods, SFM‐derived snow depth maps
are computed by differencing two coregistered elevation models acquired for snow‐covered (snow‐on) and
snow‐free (snow‐off) conditions. Reported snow depth root mean squared errors (RMSEs) using UAVs in
alpine areas typically range between 7 and 30 cm (Adams et al., 2018; Avanzi et al., 2018; Bühler et al.,
2016; de Michele et al., 2016; Harder et al., 2016; Vander Jagt et al., 2015).

Although SFM‐derived snow depth maps have shown promise to obtain frequent observations of snow dis-
tribution with a high spatial resolution, as with the other techniques, there are challenges to produce reliable
and accurate data. These challenges are related to uncertainties inherent in elevation differencing, which are
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controlled by the elevation models' quality (Wechsler & Kroll, 2006; Wheaton et al., 2010) and coregistration
accuracy (Bernard et al., 2017; James et al., 2017; Marti et al., 2016; Nuth & Kääb, 2011). Understanding and
quantifying the uncertainties in elevation model differencing can help us differentiate the computed surface
change observations from noise (Wheaton et al., 2010). Or in the case of mapping snow distribution, it can
help us determine detection limits of the computed snow depth. Calculating the propagation of elevation
model errors is typically used for estimating the uncertainty when analyzing surface changes (Brasington
et al., 2000; James, Robson, Smith, et al., 2017; Lane et al., 2003; Wheaton et al., 2010). Uncertainties in
SFM‐derived elevation models are usually assessed by a comparison with a spatially distributed set of refer-
ence data, typically acquired using lidar, differential/kinematic Global Navigation Satellite System (GNSS),
or total‐station survey data (Goetz et al., 2018; James & Robson, 2012; Smith et al., 2015; Westoby et al.,
2012).

The quality of the SFM‐derived elevation models for snow depth mapping generally depends on field site
conditions, survey design, and the SFM software. These aspects can include the snowpack conditions
(e.g., the presence of fresh snow or ice; Gindraux et al., 2017; Fernandes et al., 2018; Bühler et al., 2016;
Cimoli et al., 2017; Vander Jagt et al., 2015; de Michele et al., 2016), terrain conditions (e.g., hilly or flat;
Cimoli et al., 2017; Avanzi et al., 2018), lighting conditions (i.e., presence of shadows; e.g., zenith angle of
the sun and cloud coverage; Goetz et al., 2018; Nolan et al., 2015; Cimoli et al., 2017; Harder et al., 2016;
Bühler, Adams, Stoffel, et al., 2016; Gindraux et al., 2017), characteristics of the UAV survey (e.g., flying
height, image overlap, and distribution of ground control; Goetz et al., 2018; James et al., 2017; Tonkin
et al., 2014; Gindraux et al., 2017), and the SFM software processing (e.g., settings for sparse and dense point
cloud quality; Cimoli et al., 2017; Hendrickx et al., 2019; Gindraux et al., 2017).

An additional challenge unique to mapping snow depth using elevation differencing is accounting for
changes in the surface topography beneath the snow cover that may occur overtime. For example, seasonal
erosion of the surface (Avanzi et al., 2018; Bernard et al., 2017), frost heave (Nolan et al., 2015), vegetation
compression (Nolan et al., 2015), and permafrost creep (Goetz et al., 2019) can cause errors in the computed
snow depths. In the case of monitoring snow accumulation on glaciers, glacier surface lowering due to ice or
snow melt and ice flow can also lead to errors (Gindraux et al., 2017).

The purpose of this paper is to spatially characterize uncertainties in snow depths computed from SFM‐

derived elevation models in an alpine area. Recent work by Adams et al. (2018) and Goetz et al. (2018) have
provided initial evidence of how spatially varying SFM precision in the snow‐on DEM can contribute to spa-
tially varying uncertainties in SFM snow depths. However, these studies, which use repeated UAV surveys,
only explored the spatial variation in uncertainties corresponding to snow‐on DEMs. In contrast, our study
explores and discusses how both the uncertainties in the snow‐on and snow‐off DEMs contribute to the spa-
tial distribution of uncertainties in SFM snow depths using an error propagation model. We utilize repeated
UAV surveys and in‐situ field survey data taken during both snow‐on and snow‐off elevation model acquisi-
tion dates to spatially determine the precision of the derived snow depths. Additionally, we illustrate how
spatially varying snow depth detection limits computed using Student's t distribution can help provide
insights to potential biases in the SFM snow depths due to a poor SFMmodel and changes in the topography
occurring between the DEM acquisition dates.

2. Materials and Methods
2.1. Study Site and Data Collection

This study was conducted in the Combe de Laurichard (45.01°N, 6.37°E, 2,500 m above sea level), which is
located in the French Alps near the Col du Lautaret. The snow depth in the area of an active rock glacier was
mapped, the Laurichard rock glacier, to test SFM methods in complex mountain topography. The rock gla-
cier surface is generally composed of large angular boulders and debris formed from densely fractured gran-
ite (Bodin et al., 2009). The survey area (~240 m × 210 m) contains the front of a tongue‐shaped rock glacier
showing compression features such as transverse ridges and furrows. Throughout this paper, the rock glacier
area is referred to as active terrain. The stable terrain, which is adjacent to the rock glacier front, has a hum-
mocky topography that contains dense and sparse clusters of large boulders and debris, as well as low
vegetation cover.
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Aerial imagery acquired from UAV flights for SFM processing and ground‐based measurements were
collected on 1 June and 5 October 2017. The June date corresponds to the snow‐on conditions during
the melt period, and 5 October was the snow‐off date required for computing snow depth (Figure 1).
During the survey on 1 June, the study area was partially snow covered. The snow had a strong texture
due to formation of suncups and runnels. The UAV flights were flown in cloud‐free conditions with air
temperature ranging from 2 to 10 °C. On 5 October, the study area was entirely snow‐free. The flights
were flown in mainly cloud‐free to partially cloud‐covered conditions, and the air temperature ranged from
7 to 16 °C.

Repeated UAV surveys were performed on each date to obtain multiple DEMs representing the surface
heights. These surveys were conducted using a DJI Phantom 4 quadcopter that was programmed to fly
autonomous missions with the Map Pilot app for iOS devices. Each survey was programmed to fly in parallel
flight paths with a maximum speed of 7.1 m/s and to fly above the terrain at 60 m above ground level. A
Shuttle Radar Topography Mission 1 Arc‐Second Global DEM was used for terrain following. The optical
imagery (RGB) was acquired at nadir position with a 75% side and front overlap. A shutter‐priority mode
with a set aperture of f/2.8 and ISO of 100 was used to take the images, which were saved in JPEG format.
Artificial targets spread across the study area were used as ground control points (GCPs).

Reference data and the position of the GCPs were surveyed using Real‐Time‐Kinematic (RTK) GNSS mea-
surements. The errors in the SFM‐derived snow‐on and snow‐off DEMs were determined from surveyed
checkpoints of surface heights, which depending on the date, include the height of snow‐covered and/or
snow‐free surfaces. During the snow‐on date, manual snow‐probe measurements were taken at each check-
point location using an avalanche snow probe with a maximum depth of 3 m. These probed snow depths
were used to measure errors in the SFM‐derived snow depths.

Due to the changing topography of the snow‐covered surface, the location of the GNSS base station was
different during survey dates. To improve the quality of the RTK GNSS measurements, the data were
post‐processed using GNSS data from the PUYA reference station, which is located approximately 19
km from the study area. The positional accuracies of the RTK GNSS surveys were ≤2 cm at 1σ. The spatial
reference of this study was based on the RGF93/Lambert‐93 projection and the NGF‐IGN69 vertical
datum (EPSG::5698).

2.2. DEM Processing and Computing Snow Depths

The UAV imagery for each flight was processed using Agisoft's Photoscan (Version 1.4.2) for deriving SFM
DEMs. The photos were aligned using a high accuracy with a key point limit of 40,000, a tie point limit of
4,000, and the option for adaptive camera model fitting selected. All intrinsic and extrinsic parameters were
optimized. Before optimization, the sparse point cloud was filtered by removing points that had a reprojec-
tion error >0.5, a projection accuracy >3.0, and reconstruction uncertainly level >10. Georeferencing and
optimization of camera parameters were based on the surveyed GCPs. The dense points matching quality
parameter was set to mild. The dense point clouds were exported as DEMs to the software‐suggested spatial
resolution (<5 cm). All DEMs were resampled to the same 5 cm × 5 cm spatial resolution grid format using
bilinear interpolation. The elevation surface for each surveyed date was represented by a mean DEM, which
was determined by calculating the mean elevation, y; for each grid cell from the corresponding repeat DEMs.
Snow depths were computed by subtracting themean elevations,yon−yoff, of themean snow‐on and snow‐off
DEMs. The coregistration of the DEMs relied solely on the accuracy of the georefencing based on the RTK‐
GNSS‐surveyed GCPs. There were no shared GCP targets between the snow‐on and snow‐off DEMs. This
condition was tested to determine what snow depth accuracies may be achievable when snow‐free areas
are not available for coregistration, which can be the case in this study area during peak accumulation or
after recent snowfall.

2.3. Mapping Snow Depth Uncertainties

A spatially varying uncertainty, σd, or precision in the SFM snow depths can be expressed by estimating the
standard deviation of the propagated error for each grid cell

σd ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2on þ σ2

off

q
; (1)
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where σon and σoff are measures of uncertainty for the snow‐on and snow‐off DEMs, whose errors are
assumed to be independent. Calculating the propagated error standard deviation for DEM differencing is
often applied to estimate the uncertainties in topographic change detection (Brasington et al., 2000;
James, Robson, Smith, et al., 2017; Lane et al., 2003; Wheaton et al., 2010). Similar to Goetz et al. (2018),
the uncertainty or precision in the DEMs was estimated by calculating the standard deviation σ in elevation
for each grid cell from the repeatedly acquired SFM DEMs (Table 1). The RMSE was used to determine the
accuracy of the DEMs and the snow depths from the GNSS‐surveyed validation data. The errors in the DEMs
were also characterized by terrain cover: snow cover, fine debris, or rocky debris. The snow depth errors
where estimated for stable terrain and active terrain (i.e., on the active rock glacier).

In addition to mapping the precision of the SFM snow depths, the uncertainty in differencing DEMs can
be expressed using the minimum level of detection for a given confidence level based on estimates of DEM
precision (Brasington et al., 2003; Lane et al., 2003; Wheaton et al., 2010). Since in this study there are
repeat observations of the snow‐on and snow‐off DEMs, the detection limit was expressed as the margin
of error corresponding to a one‐sided confidence interval using a critical t value. That is, for determining
a minimum level of snow depth detection, we are mainly concerned if the SFM snow depths are greater
than 0, in this case at a 95% confidence level. In earth sciences (Borradaile, 2002), including topographic
change detection studies (Brasington et al., 2003; James, Robson, Smith, et al., 2017; Lague et al., 2013;
Wheaton et al., 2010), a 95% confidence level is usually applied. The minimum detected snow depth
was determined by

LoD95%CL ¼ t*df×

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2on
non

þ σ2off
noff

s
; (2)

where σon and σoff are estimates of the standard deviations of the snow‐on and snow‐off elevations based
on repeat DEM observations, non and noff are the corresponding numbers of DEMs used for finding y and

σ, and t*df is the (one‐sided) critical t value for the given degrees of freedom, df. These are calculated for
each grid cell as

Figure 1. A terrain map illustrating an overview of the study site and unmanned aerial vehicle (UAV) surveyed area (a). Ground‐based (b,c) and UAV (d,e) images
of the rock glacier taken on the survey dates in 2017.
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df ¼ σ2on
non

þ σ2off
noff

� �2

=
1

non−1
σ2on
non

� �2

þ 1
noff−1

σ2off
noff

� �2
 !

: (3)

The free‐software environment R (Version 3.4.3) was used to perform the statistical analysis and geocompu-
tations in this study. Grid cell calculations were performed using the “raster” package (Version 2.5‐8;
Hijmans, 2016).

3. Results
3.1. DEM Accuracy and Precision

The smoother snow‐covered DEM surface heights had a higher accuracy than the snow‐free areas (Table 2),
which was predominantly made up of exposed rock debris. Also, the DEM measured surface heights were
more accurate for the smoother fine rock debris areas than the rougher rock‐debris surfaces such as found
on the rock glacier. The overall accuracy, measured by the RMSE, of the DEMs ranged from 7 to 9 cm.

The distribution of DEM errors for the snow‐off DEM was generally spatially heterogeneous (Figure 2b).
That is, there was no clear sign of a strong systematic error in the elevation surface where the GNSS valida-
tion data were sampled. However, there was a cluster of overestimated elevations in the northwest area of
the snow‐on DEM (Figure 2a). This elevation measurement bias was occurring outside of an area enclosed
by the GCPs and where the precision was relatively good (<2 cm; Figure 2d).

The precision of the DEMs was lower where the terrain surface was rougher (i.e., rocky debris cover), further
away from ground control, and at the smoothly textured snowdrift located in the southwest area of the snow‐
on DEM (Figure 2d). The precision throughout the DEMs was mainly less 2 cm. The distribution of precision
values was spatially more heterogeneous in the snow‐off DEM than the snow‐on DEM.

3.2. SFM Snow Depth Uncertainty

The overall RMSE of the snow depths was 15 cm (Table 3). The stable terrain had a higher accuracy (RMSE=
12.2 cm) than the active terrain (18.2 cm). Based on the snow‐probe measurements, the snow depths were on
average underestimated. However, this may be a result of a measurement bias related to snow probing—the
suncups made it difficult to determine the height of the snow to the nearest centimeters. Snow depths that
were also computed in the snow‐free areas located in the northeast part of the scene show an increasing trend

in depth toward the boundary of the study area. This trendmay be an indi-
cation of where an overestimation in snow depth occurred due to a bias in
the snow‐on DEM, which was identified with the GNSS measurements.
The precision of the SFM snow depths was less than σ = 4 cm for most
of the study area (Figure 2f).

At a 95% confidence level, most of the study area had a detection limit
between 1 and 5 cm—the median detection limit was 3 cm (Figures 3
and 4). The minimum detectable snow depth ranged from 0.2 to 194 cm.
The snow depths in most of the study area were significantly detected. A
comparison of the mapped snow‐free areas to the areas that were lower
than the snow depth detection limit shows possible uncertainties in the
computed snow depths (Figure 3). For example, areas that should be
below the detection limit because they are snow‐free were not

Table 1
Summary of Unmanned Aerial Vehicle Flights Used to Derive Structure‐From‐Motion Multiview Stereo 3‐D Reconstruction Digital Elevation Models for Computing
Snow Depth

Date
No. of
flights

No.
images/flight No. GCPs

Avg. flying
height (m)

Coverage
area (km2)

RMS reproj.
error (pixels)

Vertical error
from GCPs (cm)

1 Jun 6 67–77 19 59–62 0.056–0.061 0.48–0.70 1.8–2.5
5 Oct 7 92–121 13 62–67 0.078–0.090 0.44–0.51 1.9–3.9

Note. GCP = ground control point; RMS = root mean squared.

Table 2
Accuracy of DEMs Calculated From Global Navigation Satellite System
Surveyed Checkpoints

Mean DEM No. obs. RMSE (cm) Mean (cm)

June (overall) 177 8.7 2.1
Snow cover 106 6.5 0.3
Rocky debris cover 71 11.3 4.8
October (overall) 141 7.4 1.5
Fine debris cover 38 3.8 2.0
Rocky debris cover 103 8.4 1.3

Note. June represents the snow‐on DEM, and October the snow‐off DEM.
DEM = digital elevation model; RMSE = root mean squared error.
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(Figure 3e). This is the same area that was overestimated in the snow‐on DEM (Figure 2a) and may indicate
that there was also a bias in the estimated snow depths surrounding this area. On the active rock glacier,
there was a mismatch between the mapped snow‐free areas and the ones detected by the threshold limit
(Figure 3cd), which can be an indication of a change in the bare‐ground topography between the snow‐on
and snow‐off DEM acquisition dates.

4. Discussion
4.1. Mapping Snow Depth Uncertainties

Based on a spatially varying snow depth detection limit, it was shown that SFM snow depths using UAV
imagery can detect depths as shallow as 1 cm (Figure 4a). Using snow‐probed calculated depth errors,

Harder et al. (2016) proposed a global SFM snow detection limit
of 30 cm (at 4σ), which would be approximately 15 cm at a 95% con-
fidence level (2σ). For deep snow packs where it is clear that most of
the snow depths will exceed the precision, a global limit of snow
depth detection may be suitable (Passalacqua et al., 2015).
However, a spatially varying snow depth detection limit may be use-
ful for analysis of shallow snow pack since the precision of snow
depths, as observed in this study and by Adams et al. (2018), can
substantially vary spatially. Spatially varying measures of precision
can be used to avoid overly conservative detection limits caused
by global thresholds (Lane et al., 2003; Passalacqua et al., 2015;
Wheaton et al., 2010).

Figure 2. Bubble plots of Global Navigation Satellite System measured digital elevation model (DEM) errors and orthomosaics obtained from unmanned aerial
vehicle imagery (a,b). Maps of DEM precision calculated from repeat DEM observations (d,e). Structure‐from‐motion multiview stereo 3‐D reconstruction snow
depthmap and bubble plot of snow depth accuracies based on snow‐probed observations (c) and a structure‐from‐motionmultiview stereo 3‐D reconstruction snow
depth precision map (f).

Table 3
Structure‐From‐Motion Multiview Stereo 3‐D Reconstruction Snow Depth
Accuracy Based on Snow‐Probed Observations Calculated for the Entire Area
(Overall), Active Terrain (i.e., on the Rock Glacier), and Stable Terrain

Terrain
No.
obs.

RMSE
(cm)

Mean
(cm)

Std. dev.
(cm)

Median
(cm)

IQR
(cm)

Overall 80 15.2 −3.6 14.8 −2.4 17.3
Stable 44 12.2 −1.0 12.3 −1.9 12.3
Active 36 18.2 −6.7 17.2 −10.3 26.2

Note. RMSE = root mean squared error; IQR = interquartile range.
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In general, the precision of the SFM DEMs is related to flying height, distance to GCP, and image overlap
(Goetz et al., 2018; James, Robson, Smith, et al., 2017), as well as field site conditions (Bühler, Adams,
Bösch, et al., 2016; Nolan et al., 2015). That is, errors in the computed snow depths can also vary temporally
due to different snow‐cover conditions (Adams et al., 2018; Bühler, Adams, Bösch, et al., 2016; Fernandes
et al., 2018; Harder et al., 2016). The precision for most of the study area was less than 4 cm (at 1σ). This pre-
cision estimate is based on a flying height of approximately 60 m above ground level. Adams et al. (2018)
observed precisions ranging from 4 cm for stable terrain to 33 cm for their entire alpine study area. This
weaker precision that they reported is likely due to their higher‐flying height of 400 m above ground level.
The precision of SFM DEMs can increase with higher flying heights (Goetz et al., 2018). Additionally, like
Hendrickx et al. (2019), we observed weaker precision in areas of high surface roughness (i.e., the rocky deb-
ris terrain). These areas also corresponded to the highest point densities in the DEMs. In general, higher
errors in SFM DEMs can occur in areas of high point densities where image surface textures are more com-
plex (Cook, 2017).

In addition to using the detection limits to determine where significant levels of snow depth were detected, a
comparison with a map of snow‐free areas helped to identify areas where a bias in the snow depths was pre-
sent. Bias in SFM snow depths can be caused by coregistration errors (Marti et al., 2016; Nuth & Kääb, 2011;
Westoby et al., 2012), changes in the subsnow topography between snow‐on and snow‐off DEM acquisition
dates (Avanzi et al., 2018; Bernard et al., 2017; Gindraux et al., 2017; Nolan et al., 2015), and a systematic
“doming” error in the SFM DEMs (James & Robson, 2014; Micheletti et al., 2015). The pattern in the

Figure 3. Areas where the structure‐from‐motion multiview stereo 3‐D reconstruction snow depth level was determined to be significant based a t test applied for
each grid cell at a 0.05 significance level. The snow‐free area was mapped from an orthomosaic of the unmanned aerial vehicle imagery.
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GNSS‐measured errors of the snow‐on DEM did show signs of such as doming error (Figure 2a). This error is
likely due to the poor image collection geometry caused by the UAV imagery being taken at near‐parallel
directions and an inaccurate camera model (Micheletti et al., 2015). Perhaps, this error was only observed
outside the area enclosed by the GCPs because the error is locally improved near GCPs (James & Robson,
2014; Javernick et al., 2014). Visualizing the spatially variation in detection limits also helped to provide
evidence for why higher snow depths errors occurred on the rock glacier, for example, by observing
changes in the ground topography.

4.2. Limitations of Methods for Mapping SFM Uncertainties

In this study, the spatially varying precision estimates and subsequent detection limits were calculated using
repeated UAV surveys to obtain multiple SFM DEM observations. This method estimates the actual varia-
bility in surface elevation per grid cell from one UAV survey to another, which is its main strength. It
includes factors that influence precision such as weather, changes in lighting conditions, flight characteris-
tics, and SFM processing. However, depending on the size of the surveying area, repeat UAV surveys may be
difficult to perform due to time constraints, which can be particularly challenging in alpine environments
due to quickly changing optimal weather conditions (Bühler, Adams, Stoffel, et al., 2016). Therefore, for
SFM snow depth mapping of larger areas with UAVs, it may be more practical to use methods that estimate
precision from a single UAV survey such as the Multiscale Model to Model Cloud Comparison method that
utilizes local variation in dense point locations to determine precision (Lague et al., 2013) or the method illu-
strated by James, Robson, Smith, et al. (2017) that estimates sparse point cloud precision from the variation
in bundle adjustment parameters and Monte Carlo simulations. However, these methods also have
some limitations.

Since the Multiscale Model to Model Cloud Comparison method is based solely on a single realization of the
SFM reconstructed surface, it may not account for the variation in elevations that can occur from random
subprocedures in the SFM processing (e.g., Dickscheid et al., 2008): Hendrickx et al. (2019) observed that ele-
vations can vary up 10 cm for steep slope areas and up to 3m at edges of a scene due to SFM processing alone.
The repeated UAV surveys and the Monte Carlo simulation methods include this variation since they utilize
multiple SFM reconstruction realizations. The method illustrated by James, Robson, Smith, et al. (2017) has
the limitation that precision is only determined for the sparse point cloud (i.e., tie points), meaning that a
well‐distributed sparse point cloud is required to obtain good spatial coverage of precision estimates.
Additionally, the sparse point cloud precisions must be interpolated to the corresponding dense point cloud
or DEM for continuous spatial coverage. Performing this interpolation can be difficult for snow‐covered ter-
rain due to issues in obtaining well‐distributed tie points when the snow cover image texture appears smooth
and homogeneous (Bühler, Adams, Bösch, et al., 2016; Cimoli et al., 2017).

Given the limitation of these methods, repeated UAV surveys may be the most robust approach to determine
the spatial variation in precision with continuous spatial coverage for various snow‐covered terrain condi-
tions. Therefore, it is suggested that at least a detailed uncertainty analysis or a pilot test of the UAV and

Figure 4. Histograms of the spatially varying snow depth detection limit at a 95% confidence level (a) and structure‐from‐motion multiview stereo 3‐D reconstruc-
tion snow depths (b).
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SFM survey design for a small segment of a study area is performed, for example, using repeated UAV flights.
By doing so, a better picture can be drawn of how the particular camera sensor, distribution of ground con-
trol, environmental conditions, UAV survey design, and SFM‐MVS software will affect DEM uncertainty to
assure the quality of the SFM snow depths for a given application (Benassi et al., 2017; Goetz et al., 2018;
Hendrickx et al., 2019; James, Robson, d'Oleire‐Oltmanns, et al., 2017; Smith et al., 2015).

4.3. Reducing SFM Snow Depth Uncertainties

When designing a survey for snow depthmonitoring with SFM photogrammetry, just as with lidar (Csanyi &
Toth, 2007) and digital photogrammetry (Barrand et al., 2009), it is important to ensure that in each survey,
the spatial distribution of GCPs encloses the entire area of interest. Otherwise, data may be lost due to low‐
precision observations or more likely due to a strong bias in one of the DEMs that can lead to an overestima-
tion or underestimation of snow depth, as was observed in this study.

Depending on the desired accuracy and precision of the snow depth estimates, it is also important to ensure
that the GCPs are evenly spaced out to control the amount of measurement uncertainty. In this study, a high
GCP density network was used to ensure that we would obtain a high‐quality snow‐on and snow‐off DEMs
for our local case study over the rock glacier. For larger‐scale applications, such a high density (~300 GCPs
per km2) is not practical and may not be necessary for obtaining quality SFM snow depths. Gindraux et al.
(2017) determined for SFM reconstruction with an average UAV flying height of 115 m above ground level
that the accuracy of the SFM DEMs did not significantly improve for a ground control network with more
than 17 GCPs per km2. Similar to Tonkin and Midgley (2016), they also found that substantial decrease in
DEM accuracy occurred at distances greater than 100 m from GCP. Denser networks of GCPs are generally
required when the image network and subsequent SFM camera model are poor (James, Robson, Smith,
et al., 2017; Javernick et al., 2014). Adding oblique imagery instead of using only nadir viewing angles or
including more images (e.g., higher image overlap) can improve the quality of SFM reconstruction without
having to rely solely on GCPs for mitigating SFM reconstruction errors (James & Robson, 2014; James,
Robson, d'Oleire‐Oltmanns, et al., 2017). Additionally, the density of the GCP network can be further
reduced with the use of RTK or post‐processing kinematic solutions for correction of the UAVs onboard
GNSS for higher‐quality camera location estimates (Fernandes et al., 2018; James, Robson, d'Oleire‐
Oltmanns, et al., 2017). Therefore, by surveying with a strong image network, using high‐quality geotagging
and ground control (e.g., RTK/PKK GNSS measurements), large‐scale SFM snow depth mapping is likely
more feasible.

Accurate georeferencing of the SFM DEMs is also important for reducing the uncertainties and improving
the accuracy of computed snow depths. Due to the constantly changing topography of a snow‐covered sur-
face, especially just after recent snowfall, there may be occasions when there are no exposed snow‐free
areas that could allow for coregistration of the snow‐on and snow‐off DEMs to reduce any potential regis-
tration biases. Also, the constantly changing snow‐covered topography makes it difficult to have GCPs
located in the same place (Bernard et al., 2017). In such scenarios, only the positional accuracy of the
GCPs measured by a GNSS survey are relied on for the registration of the DEMs. In this study, a local refer-
ence GNSS station was used to ensure high‐quality positional estimates of the GCPs. Using this approach, it
was demonstrated that an overall snow depth accuracy of 15 cm and a precision of the snow depth mea-
surements of approximately less than 5 cm can be achieved when the coregistration relies solely on the
georefencing of snow‐on and snow‐off DEMs. Multiple SFM DEMs can closely match the same reference
datum given the quality of the reconstructed surface is good and the precision of GNSS‐surveyed control
strong (James, Robson, Smith, et al., 2017). Therefore, the accuracy of the SFM snow depths computed
without additionally coregistration may be reduced by improving the positional estimates (i.e., GNSS pre-
cision) of the GCP locations.

5. Conclusions

This study presented amethod for calculating a spatially varying estimate of snow depth precision and detec-
tion limits using repeated UAV surveys. The map of snow depth precision is important for communicating
the distribution of uncertainties in the snow depths. Through applying the spatially varying detection limits,
it was found that it is possible to observe snow depths generally as low as 2 cm with 95% confidence from
UAV imagery and SFM photogrammetry. Performing such an uncertainty analysis can be used to provide
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strong support for the quality of the SFM snow depths. We also observed higher SFM snow depth errors on
the rock glacier compared to the adjacent stable terrain. Visualizing the spatially varying detection limits
was useful for highlighting areas where possible snow depth biases were present, such as due to changing
ground topography between DEM acquisition dates. Identifying areas that may have a strong bias in the cal-
culated snow depths can be used to delineate the boundaries of the study area where the data quality is
acceptable. It is also recommended to ensure that the area covered by the GCPs is the same for the snow‐
on and snow‐off DEMs to avoid losing data due to poor SFM performance in areas more distant from ground
control locations. Overall, the methods used in this study can be applied to help identify limitations and ways
to improve SFM snow depth mapping for different field sites and snow cover conditions.
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