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a Instituto Pirenaico de Ecología, Consejo Superior de Investigaciones Científicas (IPE-CSIC), Zaragoza, Spain 
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A B S T R A C T   

Unmanned Aerial Vehicles (UAVs) offer great flexibility in acquiring images in inaccessible study areas, which 
are then processed with stereo-matching techniques through Structure-from-Motion (SfM) algorithms. This 
procedure allows generating high spatial resolution 3D point clouds. The high accuracy of these 3D models 
allows the production of detailed snow depth distribution maps through the comparison of point clouds from 
different dates. In this way, UAVs allow monitoring of remote areas that were not achievable previously. The 
large number of works evaluating this novel technique has not, to date, conducted a systematic evaluation of 
concurrent snowpack observations with different UAV devices. Taking into account this, and also bearing in 
mind that potential users of this technique may be interested in exploiting ready-to-use commercial devices, we 
conducted an evaluation of the snow depth distribution maps with different commercial UAVs. During the 
2018–19 snow season, two multi-rotors (Parrot Anafi and DJI Mavic Pro2) and one fixed-wing device (SenseFly 
eBee plus) were used on three different dates over a small test area (5 ha) within Izas Experimental Catchment in 
the Central Pyrenees. Simultaneously, snowpack distribution was retrieved with a Terrestrial Laser Scanner (TLS, 
RIEGL LPM-321) and was considered as ground truth. Three different georeferencing methods (Ground Control 
Points, ICP algorithm over snow-free areas and RTK-GPS positioning) were tested, showing equivalent perfor
mances under optimum illumination conditions. Additionally, for the three acquisition dates, both multi-rotors 
were flown at two distinct altitudes (50 and 75 m) to evaluate impact on the obtained snow depth maps. The 
evaluation with the TLS showed an equivalent performance of the two multi-rotors, with mean RMSE below 0.23 
m and maximum volume deviations of less than 5%. Flying altitudes did not show significant differences in the 
obtained maps. These results were obtained under contrasted snow surface characteristics. This study reveals 
that under good illumination conditions and in relatively small areas, affordable commercial UAVs provide 
reliable estimations of snow distribution compared to more sophisticated and expensive close-range remote 
sensing techniques. Results obtained under overcast skies were poor, demonstrating that UAV observations 
require clear-sky conditions and acquisitions around noon to guarantee a homogenous illumination of the study 
area.   

1. Introduction 

Having detailed information of snowpack distribution and its tem
poral evolution in remote mountain areas is required for understanding 
many mountain processes, such as glacier surface mass balance (Hock, 
2005; Hock et al., 2017; Réveillet et al., 2017) or hydrological response 
of mountain rivers (Fayad et al., 2017; Pomeroy et al., 2004). This has 

motivated many scientific works aiming to obtain reliable snowpack 
observations in heterogeneous mountain areas. Distinct remote sensing 
techniques have been used to retrieve snowpack distribution in remote 
areas, such as terrestrial and airborne laser scanning (Deems et al., 2013; 
Grünewald et al., 2010; Prokop, 2008), satellite sensors (Frei et al., 
2012; Parajka and Blöschl, 2008) or time-lapse photography (Parajka 
et al., 2012; Revuelto et al., 2016a). In the last five years, Structure-for- 
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Motion (SfM) photogrammetry applied to images acquired by Un
manned Aerial Vehicles (UAVs) has been frequently utilized by the snow 
science community (Adams et al., 2018; Eberhard et al., 2021; Gaffey 
and Bhardwaj, 2020; Harder et al., 2016). The method for obtaining 
snow depth distribution maps is simply subtracting two 3D point clouds 
generated with stereo matching techniques (through SfM algorithms) 
from UAV-acquired images on two distinct dates, one corresponding to a 
snow-free period and the other to snow-covered terrain. Recent tech
nical developments in the field of electronics and battery endurance 
(Chang and Yu, 2015; Traub, 2011) have permitted an important 
reduction of the battery/UAV device weight ratio, enabling longer 
flights and thus covering extended areas, not achievable previously. The 
latest improvements of SfM algorithms (Snavely et al., 2006; Westoby 
et al., 2012) have shown compelling results under challenging terrain 
textures such as snow, boosting its application in many study areas 
worldwide (Cimoli et al., 2017; De Michele et al., 2016; Fernandes et al., 
2018; Goetz and Brenning, 2019; Harder et al., 2020; Nolan et al., 2015). 

The application of UAVs for observing the snowpack in remote 
mountain areas has many benefits when compared to preceding 
methods. For instance, UAVs allow data collection over extended areas, 
decreasing human exposure to mountain hazards such as snow ava
lanches and rockfalls. Moreover, the bird's eye point view of UAVs 
enable the acquisition of observations over the entire target area, 
something that is not achievable with terrestrial close-range remote 
sensing devices such as multi-station or Terrestrial Laser Scanners (TLS), 
due to topographical shadowing effects (Avanzi et al., 2018; Revuelto 
et al., 2014a). UAVs also have relatively fast acquisition times compared 
to manual acquisition (López-Moreno et al., 2011). Currently, there are a 
wide variety of commercial UAVs and SfM software with user-friendly 
interface, allowing application of this technique in a broad community 
of cryosphere scientists (Gaffey and Bhardwaj, 2020). However, the 
generation of detailed snow distribution cartographies with UAVs is still 
limited by various shortcomings. For instance, SfM algorithms may have 
important deviations on 3D reconstruction of homogenous surfaces 
when illumination is not regular (i.e. shadows cast from the terrain) 
(Boesch et al., 2016; Cimoli et al., 2017; Gindraux et al., 2017). Another 
relevant point is the occurrence of patchy snow distribution; shallow 
snowpack measurements are less likely to be appropriately retrieved 
with this methodology (De Michele et al., 2016; Harder et al., 2016). 

Currently, processing UAV-acquired images with SfM software is 
affordable and does not require a particularly high degree of skill in 
geomatics. It is thus accessible for researchers from different disciplines. 
Nonetheless, generalization in the use of this technique requires precise 
identification of errors the snow science community could expect from 
this novel technique. Additionally, the fast changing meteorological 
conditions that characterize mountain areas, show the need for a 
comprehensive evaluation of UAV reliability when mapping snow dis
tribution under different weather and snowpack conditions (Vander Jagt 
et al., 2013). There is currently a wide variety of UAV platforms avail
able on the market, with strong differences among them in character
istics such as battery endurance, flight type, geotagging options and 
price. The UAV platform characteristics and the sensor mounted on it, 
can also influence the reliability of the final UAV observations(Adams 
et al., 2018; De Michele et al., 2016). New users may face a dilemma 
deciding which type of UAV may fulfil their needs while achieving a 
good balance between the quality of the obtained snow maps against the 
complexity of the experimental design and the expected cost. This study 
presents an evaluation of the snow depth maps generated with two 
relatively low-cost multi-rotors UAVs and a more sophisticated fixed 
wing UAV (which must be flown at higher elevations for safety reasons) 
having Real Time Kinematic (RTK) processing of the GPS signal (cen
trimetric positioning accuracy); with snow maps obtained from a TLS, 
the latter being considered as ground truth with estimated errors for 
measuring snow depths under 10 cm (Prokop, 2008; Revuelto et al., 
2014a). The effects of light conditions and flying altitude on the quality 
and accuracy of snow depth maps are analysed and discussed. 

2. Study area and period 

This study was conducted in the Izas Experimental Catchment, a high 
mountain catchment with a long record of hydrological and meteoro
logical observations (Revuelto et al., 2017). This experimental site is 
located in the Central Spanish Pyrenees (42◦44′ N, 0◦25′ W; Fig. 1), close 
to the main divide of the mountain range. Its elevation ranges from 2000 
to 2300 m above sea level (a.s.l.) and has a main slope of 16◦ with a 
highly heterogeneous topography. Except for some rocky outcrops, the 
catchment is covered by alpine grassland. This study area has a long 
record of snow-related studies (Anderton et al., 2002, 2004; López- 
Moreno et al., 2011, 2012, 2015; Revuelto et al., 2014b, 2016a, 2016b, 
2020) and thus it has an experimental setup allowing precise observa
tion of the snowpack. Its elevation guarantees a remarkable presence of 
snow from November to the end of May (López-Moreno et al., 2010). 
Despite the total surface of the catchment having more than 50 ha, this 
study defined a smaller test area of about 5 ha in the centre of the study 
site, where gullies and ridges alternate with a flat area (Fig. 1). 

This study site is equipped with an automatic weather station 
(Revuelto et al., 2017). Additionally, in the eastern corner of the study 
site, a webcam acquires three images per day of nearly 30% of the 
catchment (Fig. 1), from which the daily snow covered area extent is 
retrieved (Corripio, 2004; Revuelto et al., 2016a). The information ob
tained from these fully autonomous sensors allows detailed monitoring 
of snow cover evolution during the study period, which spans from 21 
February 2019 to 30 May 2019. Fig. 2 shows the evolution of the snow 
covered area (SCA) and both snow depth and daily precipitation regis
tered at the automatic weather station. The 2018–19 snow season was 
characterized by below-average snow accumulation, with several 
accumulation and melt periods, which is a significant characteristic of 
the snowpack dynamics in the Pyrenees (López-Moreno, 2005). 

3. Methodology 

For three acquisition dates, 21 February 2019, 9 May 2019 and 30 
May 2019, the test area was observed with four different devices which 
exploited two distinct remote sensing techniques for generating 3D point 
clouds of the target surface. Three out of these four devices are UAVs 
that acquire images of a target area with a remarkable overlap among 
them that subsequently allows the generation of a 3D point cloud with 
SfM algorithms. The fourth device is a TLS using LiDAR (Light Detecting 
and Ranging) technology, which also produces a 3D point cloud of the 
target area through the acquisition of distances from the device to 
hundreds of thousands of points of the surveyed surface. 

3.1. UAV platforms and flight configurations 

The three UAV platforms (Fig. 3) evaluated were two multi-rotors 
(the Parrot Anafi, and DJI Mavic Pro 2 quad-copters) and one fixed 
wing with RTK-GPS positioning (SenseFly eBee-Plus). The RTK-GPS 
positioning of the fixed wing UAV is achieved via a virtual RTK base 
station, calculated through a real time triangulation of the closest sta
tions from the local geodesic network accessed via internet. The virtual 
base station is computed in emotion 3 (the eBee-Plus controller software) 
for the location where the UAV is turned-on. The RTK-GPS correction is 
obtained through the radio modem communication with the UAV 
through this software. The three UAVs are commercial devices that 
allow a relatively simple set up of their flight missions with self- 
operating image acquisition once the devices have been launched. The 
camera sensors of the three UAVs have similar characteristics (Table 1) 
generating JPG images. This equivalence in camera resolution and 
sensor technology is relevant, since it allows assessing differences 
related to the overall UAV characteristics and decreases potential dis
crepancies coming from remarkable differences of the sensor. 

For each acquisition date, the three UAVs were flown with a 
maximum temporal difference of 40 min to avoid major differences in 
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the test area, including meteorological conditions (wind or illumination 
changes due to changes in cloud presence) and potential changes in 
snowpack (remarkable height or surface changes). Anafi and Mavic 
flights were configured with the same software Pix4Dcapture and ob
servations were repeated at two flight altitudes, 50 m and 75 m above 
take off position. For both altitudes, the longitudinal and the lateral 
overlap of the images was respectively 85% and 70%, which is appro
priate for observing snow covered areas (Harder et al., 2016; Vander 
Jagt et al., 2015). These overlaps were also maintained in the flight 
configuration of the eBee flights, which were configured in emotion3 
software (Revuelto et al., 2021). In contrast, the fixed-wing UAV flight 
altitude was set to 120 m. This altitude guarantee a good compromise 
between a safe flight (note that fixed wing UAVs have high operation 
speeds when compared with multi-rotors and this is an important 
constrain in mountain areas) and the ground sampling distance (dis
tance between two consecutive camera pixel centres measured on the 
ground), which for 120 m flight altitude, is 2.8 cm /pixel. 

3.2. Generation of georeferenced 3D point clouds 

The images acquired in the different flights with the three UAV 
platforms were processed with the same SfM software, Pix4Dmapper 
(version 4.4.12). Specially designed for processing drone images, this 
software provides a complete report on the quality and accuracy of the 
3D information generated. The SfM algorithms of Pix4Dmapper have 
distinct options for generating full or moderate resolution point clouds; 
however, the impact for mapping snow depth distribution in mountain 
areas is known to be negligible (Revuelto et al., 2021). Therefore, the 
faster processing options were used here to generate the 3D surface of 
each flight. 

All point clouds were generated in the European Terrestrial Refer
ence System 1989 (ETRS 89), in the UTM 30 N projection. The eBee-Plus 
images were georeferenced with accuracy below 2 cm during the flights 
exploiting the GPS-RTK positioning of this UAV (Forlani et al., 2018). In 
contrast Anafi, or Mavic2Pro UAVs does not allow such an accurate 
geotagging of the images, and their coordinates have the standard error 

Fig. 1. Study area location and topography. Top maps show the location of the Izas Experimental Catchment in the Pyrenees. Middle maps depict the extent of 
information retrieved with the experimental setup of the two long-lasting remote sensing techniques observing snow distribution in this site, time-lapse webcam 
monitoring of the snow cover and snow depth acquisitions with a TLS. Bottom map display a zoom of the test area, showing the heterogeneity of the topography. 
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of regular GPS. Thus, images obtained with these devices had position 
accuracy of 5 m. For a precise and accurate representation of the snow 
depth distribution, alternative methods (to RTK positioning) are needed 
to establish absolute position of the multi-rotors generated point clouds. 

To date, most UAV studies retrieving snow depth distribution have 
used indirect positioning of the 3D point clouds through Ground Control 

Points (GCP), with an accurate positioning obtained with differential 
GPS technique (Adams et al., 2018; Avanzi et al., 2018; De Michele et al., 
2016). Point clouds of the two multi-rotor devices had to be georefer
enced with GCPs, homogenously distributed in the study area, placing 
on them recognizable targets from bird's eye point of view (Agüera-Vega 
et al., 2017). On 21 February 2019, six GCPs were established within the 

Fig. 2. Daily evolution of the snow depth, snow covered area retrieved with the experimental setup installed in the Izas Experimental Catchment. It also includes the 
snow covered area observed with the fixed-wing UAV for the three experimental campaigns. 

Fig. 3. Picture of the three UAV platforms tested in this work. Parrot Anafi on the left, Sensefly eBee Plus in the centre and DJI Mavic Pro 2 on the right.  

Table 1 
Main technical specifications, from the official datasheets, of the three UAVs.  

UAV Weight Flight 
tech. 

Dimensions 
[cm] 

Autonomy Max Wind speed 
res. 

GPS with 
RTK 

Camera Resolution Lenses 

Anafi 320 g Quad- 
copter 

17,5 × 23,8 × 6,3 25 min. 50 km/h No 21 Mp (1/2,4” CMOS sensor) f/2.4 (35 mm equivalent: 23–69 
mm) 

Mavic 907 g Quad- 
copter 

32,2 × 24 × 8,4 31 min 38 km/h No 20Mp 1” CMOS sensor 
2472 × 3648 

f/2.8 - f/11 
(35 mm equivalent: 28 mm) 

eBee 1100 g Fixed- 
wing 

110 cm (wing 
spam) 

59 min 46 km/h Yes 20Mp 1” CMOS sensor 3648 ×
5472 

f/2.8 - f/11, (35 mm equivalent: 
29 mm)  
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test area. On each GCP a 0.5 × 0.5 m squared panel was placed, and their 
central positions were obtained with the TLS. Using the target scanning 
mode of the TLS, the coordinates of the GCPs were obtained, with a 
standard deviation of 0.03 m. These coordinates were introduced in 
Pix4Dmapper GCP manager tool, which allows identifying target loca
tions on a preliminary point cloud and, subsequently, generates a 
pointcloud with centimetric positioning accuracy. 

For the other two acquisition dates, a novel procedure was tested 
which co-registered point clouds to the snow-free model. We took 
advantage of the existence of easily identifiable snow-free areas to apply 
co-registration. The snow-free areas from the point clouds generated on 
9 May and 30 May were then aligned to the eBee snow-free point cloud, 
using the Iterative Closest Point (ICP) algorithm (Besl and McKay, 1992; 
Rajendra et al., 2014). Initially, the point clouds were generated in 
Pix4Dmapper with the same accuracy as the UAV images geotagging (5 
m). Subsequently, the snow-free areas of the point clouds were selected 
in CloudCompare. The overlap percentage between both point clouds in 
the ICP tool was the percentage of the snow-free area derived from RGB 
data (with a threshold value in the blue channel to classify snow-free and 
snow-covered areas (Revuelto et al., 2016a)). This guarantees an 
alignment of the rotary devices point clouds which included only areas 
corresponding to the same surface. 

The ICP tool of this later software calculated the rotation and 
translation matrix to align the UAV point cloud to the snow-free point 
cloud of the test area Since ICP is an iterative process, a minimum 
reduction on the Root Mean Squared Error (RMSE) of 1.0e-5 between 
consecutive iterations was set up in a three-step process; a first random 
selection of 5000, a second of 50,000 and a third of 500,000 points. 
Finally, the rotation and translation matrix obtained after these three 
steps was applied to the complete point cloud, comprising snow-covered 
and snow -free areas. 

Table 2 gives details on the final RMSE obtained for the three 
acquisition dates. It should be noted that for either the GCP registration 
of Pix4Dmapper or for the ICP alignment of CloudCompare, the co
ordinates used as reference are affected by the same standard deviation 
(0.03 m) associated to the global coordinate system transformation of 
TLS acquisitions at Izas Experimental Catchment (Revuelto et al., 
2014a). 

3.3. Generation of snow depth distribution maps 

Snow depth distribution maps are obtained rasterizing the difference 
between two 3D point clouds corresponding to two distinct dates, one 
obtained from UAV images retrieved under snow-free conditions and the 
other with UAV images captured on snow-covered conditions. The 
snow-free flight was conducted on 25 July 2019 with the fixed wing 
UAV. The snow-on and snow-free point cloud distances were obtained 
with the Multiscale Model to Model Cloud Comparison tool (James et al., 
2017; Lague et al., 2013) of Cloud Compare. Finally, the snow depth 
maps were rasterized with a 1 × 1 m grid cell size known to provide 
reliable spatial patterns in small to medium sized domains (Grünewald 
and Lehning, 2015; Schön et al., 2018). Following a similar method, 
details on how the TLS snow depth maps were obtained, combining the 
information acquired from two scan positions(Fig. 1), are described in 
(Revuelto et al., 2014a). 

3.4. Evaluation of UAV capabilities for mapping snow depth distribution 

Snow depth maps generated for the three acquisition dates with the 
two multi-rotors UAVs at two flight altitudes (50 and 75 m) and the eBee 
acquisitions were compared, using TLS snow depth maps. The accuracy 
of UAV snow depth observations was assessed through the Mean Absolute 
Error (MAE) and the Root Mean Squared Error (RMSE). As a measure of 
precision we computed the Normalized Median Absolute Deviation 
(NMAD; Höhle and Höhle, 2009). Other metrics were also computed, 
such as the total snow volume difference between the snow depth maps 
(as a % of the reference) and both the mean snow depth and the standard 
deviations of the snow-covered pixels. This approach allows evaluation 
of the reliability of the final UAV product, from the end user point of 
view, providing potential deviations that may be expected under 
different snow and meteorological conditions. 

4. Results 

Fig. 4 shows that, with the four remote sensing devices compared 
here, it is feasible to generate reliable snow depth distribution maps 
when a well-established acquisition and post-processing protocol is 
applied. Despite some small differences observed among the six snow 
depth maps, the main patterns of snow distribution are well reproduced 
independent of UAV and flight altitude. However, in areas with a 
shallow snowpack, some deviations among the maps are observed. In 
these plots, one of the major drawbacks of TLS acquisitions is also 
identified - no data zones (black areas of bottom left map in Fig. 4) due to 
topographic shadowing from the device point of view, reducing the 
extent of the surveyed area (Table 3). Such a limitation is overcome in 
the UAV acquisitions because their bird's eye point of view allows 
retrieval of information from the entire test area, under good illumina
tion conditions such as those of 21 February (Fig. 4), generating snow 
depth maps with a negligible incidence of no data areas. 

The snow-covered area percentage changed during the study period 
(Fig. 2 and Table 3) as a result of the inherent evolution of the snowpack. 
Similarly, the percentage of the test area from which each device was 
able to retrieve observations was not the same for the three acquisition 
dates (Table 3). For two out of the three UAVs, the extension of the point 
cloud generated by the SfM algorithms was highly affected by illumi
nation issues (Fig. 5), with a decrease on the surveyed surface ranging 
from 11% to 21% on 9 May 2019. 

On 9 May 2019, a thick cloud cover impeded direct sunlight over the 
test area during the UAV acquisition and thus; flights, were conducted 
with an overcast sky. This illumination issue reduced the extent of the 
generated point clouds, which led to a decrease in the extent of snow 
depth maps. Similarly, point cloud densities were markedly reduced for 
flights obtained this later date (Table 4). These results also show the 
decrease in point cloud densities when flying at higher altitudes. 

The impact of direct solar radiation or lack of (Fig. 5), on SfM al
gorithms to appropriately recognize snow surfaces can be noticed in 
light of the images of Fig. 6. Under clear sky conditions, UAV cameras 
are able to retrieve snow textures detailed enough allowing an efficient 
computation of stereo matching algorithms and accomplishing a suit
able densification of the point cloud (see left side representations of the 
3D point clouds and the orthophotos under different sky conditions in 
Fig. 6). 

Mean snow depths and standard deviations obtained in the common 
area of the TLS and the UAVs (Fig. 7) show a good agreement for the two 

Table 2 
Root mean squared error of the point clouds georeferencing for the three acquisition dates and the different UAV flights.   

Date Method Anafi_50m Anafi_75m Mavic_50m Mavic_75m 

Day 1 21/02/2019 GCP (6) 0.012 m 0.015 m 0.005 m 0.006 m 
Day 2 09/05/2019 ICP 0.105 m 0.124 m 0.246 m 0.186 m 
Day 3 30/05/2019 ICP 0.07 m 0.081 m 0.084 m 0.074 m  
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Fig. 4. Snow depth map obtained on 21 February 2019 with the four remote sensing devices. Centre and right snow maps depict snow distribution for the two flight 
altitudes tested with the two rotary devices. 

Table 3 
Snow-covered area and percentage of the test area with valid information for the three acquisition dates and the four remote sensing devices exploited.   

Snow Covered Area percentage Percentage of the test area with valid information 

Date TLS eBbee Mavic Anafi TLS eBbee Mavic Anafi 

21 Februray2019 99,5 94,6 94,3 95 76 98 97 99 
9 May 2019 91,2 70 74,8 78,6 77 79 99 89 
30 May2019 23 33,9 36,9 37,1 77 99 99,8 100  

Fig. 5. Upward and downward radiation observed at the automatic weather stations of Izas Experimental Catchment for the three acquisition dates. Vertical dashed 
lines denote the time interval of UAV acquisitions. 
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acquisition dates under good illumination conditions (the 21 
February2019 and the 31 May 2019). Mean values for the first and third 
acquisition dates had the deepest and shallowest snow depth, respec
tively and a better agreement with the TLS. Both days had good lighting 
conditions. Mean values obtained for the second acquisition date, with 
an overcast sky, showed bad agreement with the TLS. This shows 
decreased reliability of snow depth observations under bad illumination 
conditions. Flight altitude had very little impact on estimated accuracy 
for Anafi and Mavic; the accuracy was slightly better when flying at 75 
m. 

Error estimations obtained with the TLS evaluation (Fig. 8) show 
very high deviations for the second acquisition date. The first and third 
acquisition dates, with a thick snowpack and the test area mostly snow 
covered (Table 3), or with a shallow snowpack and snow cover below 
40% have RMSE lower than 0.3 m and MAE smaller than 0.25 m. Under 
optimum lighting conditions, the average RMSE is 0.25 m for the Anafi, 
0.21 m for the Mavic, and 0.17 m for the eBee. Similarly, total snow 
volume differences are lower than 10% for the two dates with direct 
solar radiation. Also, the NMAD has low values for the two acquisition 
dates with good lighting conditions (21 February 2019 and 31 May 
2019), with average NMAD of 0.16 m for the Anafi and 0.14 m for the 
Mavic, whereas the 9 May 2019 under bad lighting conditions this error 
estimate increased noticeably. Mean absolute volume difference 
comprising first and third day acquisitions for the Anafi snow depth 
maps have a deviation of 3% from the TLS observations, 2.5% in the 
Mavic observations and less than 1.5% for the eBee snow depth maps. 
Conversely, volume differences are higher than 25% under bad light 
conditions for the two multi-rotors and near 20% for the fixed wing 

device. 
The UAV snow depth maps have a larger area than those of the TLS 

(Table 3), having information in maximum accumulation areas not 
retrieved with the TLS (Fig. 4). In this regard, and considering ground 
truth, the eBee observations provided better UAV snow depth observa
tions under good illumination conditions, when compared to the TLS 
observations. Error estimations were obtained for the Mavic and the 
Anafi observations on the first and third acquisition dates (supplemen
tary material). These two dates yield average RMSE of 0.2 m and 0.18 m 
respectively for the Anafi and Mavic snowpack observations. Volume 
differences were, on average, 5% for the Anafi and 4.3% for the Mavic 
observations. These results show an equivalent performance of the UAV 
platforms tested here for dates with direct solar radiation over the entire 
study area. 

In general, higher flight altitudes (75 m) yielded slightly more reli
able snow depth distribution maps with both multi-rotors. The large 
deviations obtained for the second acquisition date, under an overcast 
sky, demonstrate the major impact of lighting conditions on UAV 
snowpack observations, compared to flight altitude. 

5. Discussion 

UAVs have shown compelling results for the observation of snow
pack distribution in small- to medium-sized domains (Avanzi et al., 
2018; Goetz and Brenning, 2019; Harder et al., 2016). However, to date 
there has not been a simultaneous intercomparison of different UAV 
models for observing snow surfaces performed. In this study, two widely 
used and affordable multi-rotors (Parrot Anafi and DJI Mavic Pro 2) were 
tested, along with a more sophisticated commercial, ready-to-use, fixed- 
wing UAV (SenseFly eBee- Plus). Snow maps were compared to data 
collected with a TLS, which is considered as ground truth (snow depth 
estimated error below 10 cm, Revuelto et al., 2014a). It is relevant to 
highlight here that the snow depth maps derived from the three UAVs, 
exploited the same snow-free point cloud (a summer eBee plus acquisi
tion) to compute the snow depth distribution. This way, the snow depth 
maps evaluated are not fully independent, since snow depth errors will 
depend on both error in the snow-free and snow-covered surfaces. 
Hereby, the evaluations shown in this work are indirectly assessing 
differences in the snow surface error through errors in the snow depth 
estimations. In turn, the indirect assessment of the snow surface errors of 

Table 4 
Point clouds densities obtained with the images from the different UAV flights in 
the three acquisitions dates.  

Date Flight 
altitude 

eBee (fly altitude 120 
m) [Pts/m3] 

Mavic 
[Pts/m3] 

Anafi 
[Pts/m3] 

21 February 
2019 

50 m 15.3 65.3 72.2 
75 m 33.7 40.1 

9 May 2019 50 m 3.6 20.2 14.6 
75 m 7.4 4.8 

30 May 2019 50 m 43.1 80.5 78.3 
75 m 50.2 45.1  

Fig. 6. Middle panel images: eBee Images of the same location corresponding to the first and second acquisition dates. Left side panel images: Point clouds generated 
with the images acquired with the Anafi UAV. These panels also depict two images of the study area acquired during the UAV flights, showing the sky conditions. 
Right panels show the orthophotos generated for each Anafi UAV flight. 
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Fig. 7. Mean snow depth (red points) and standard deviations (red lines) obtained from the snow depth maps of the UAVs and with the TLS. Continuous dark lines 
denote the average snow depth for the reference observation (TLS) and dashed black lines denote the standard deviations of the snow depth for the TLS. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 8. RMSE (top left panel), MAE (top right panel), NMAD (bottom left panel) volume difference (bottom right panel) obtained in the evaluation of the UAV snow 
depth maps with the TLS evaluation. 
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UAV acquisitions is of interest to the snow observations community as 
recent literature demonstrates (Adams et al., 2018; Avanzi et al., 2018; 
Bühler et al., 2017; Eberhard et al., 2021; Harder et al., 2016). 

Results have clearly shown that under same illumination conditions 
the three UAV platforms, equipped with cameras of similar character
istics, provide equivalent snow depth products in terms of accuracy. 
While direct solar radiation lights up the entire study area, the three 
UAVs provided snow depth maps with an RMSE lower than 0.3 m, MAE 
of 0.25 m and NMAD below 0.2 m while the total snow volume did not 
diverge more than 10% from the estimation made with TLS. Despite the 
slopes of the study area range between 0◦ and 45◦, most of the study site 
(> 85%) had slopes below 35◦. This is important, since deep gullies in 
the study area are located beneath the steeper areas, and these zones 
accumulate the higher snow depths (Revuelto et al., 2014b). The 
occurrence of these high accumulations areas may affect the precision of 
volume estimations but their reduced extent makes that the impact of 
the slope in volume difference estimation can be considered as minor. 

These error estimates obtained here are in line with previous UAV 
validation exercises conducted in other study areas (Avanzi et al., 2018; 
De Michele et al., 2016; Harder et al., 2016). However, under bad illu
mination conditions the three UAVs failed to properly retrieve the snow 
surface and thus obtain reliable snow depth observations, with RMSE 
higher than 0.45 m, MAE above 0.35 m, NMAD over 0.30 m and volume 
differences higher than 20% for almost all observations. This is because 
SfM reconstruction is highly impacted by the lack of direct sunlight 
(Dandois et al., 2015) since, under this condition, the stability and 
identifiability of image features is highly reduced (Lowe, 2004). Light
ing related issues are even more relevant when retrieving snow surfaces 
since it may have very little contrast (Harder et al., 2016). None of the 
three platforms compared revealed an advantage to improve snow 
observation under poor light conditions, a problem that has been iden
tified previously as a major shortcoming when using photogrammetry, 
with cameras retrieving information in the visible spectrum on snow 
covered surfaces (Adams et al., 2018). This limitation can be largely 
reduced when UAVs are equipped with cameras acquiring information 
in the near infrared bands (Bühler et al., 2017). 

Many authors have previously reported either the impossibility of 
flying with strong winds or significant impact on the quality of UAV 
snowpack observation under windy conditions (Bühler et al., 2016; 
Harder et al., 2016). Wind speed constraints encouraged us to plan field 
campaigns with special attention given to the meteorological forecast 
and, thus, we avoided acquisitions under unfavourable wind speeds. 
Illumination and wind restrictions show the major impact that meteo
rological conditions have in UAV acquisition, regardless of UAV type, 
since sensors are highly affected by illumination of the target area and 
the UAV devices have similar wind resistance. 

Fixed-wing UAVs are much more efficient and observe larger extents 
since their flight speed is much higher than that of copter increases 
flying distance with much lower power, and therefore smaller battery 
requirements. This allows increased flying distance with a similar bat
tery endurance (De Michele et al., 2016). Fixed-wing devices are 
definitively recommended when large areas are studied. Conversely, 
multi-rotors have flight modes and landing systems that deal with 
complex topography more easily, compared to fixed-wing models 
(Trujillo et al., 2016). In particular, models with landing procedures 
similar to that of the eBee-Plus may cause problems in rugged terrain, 
wet surfaces or powder snow. This device lands as an aeroplane, 
decreasing its flying speed and doing a final gliding with the motor 
powered down until it impacts to the ground without any ‘landing gear’. 
Fixed-wings devices with vertical take-off and landing (VTOL UAVs, i.e. 
wingtra) may represent a significant improvement in this regard. In 
addition, although the three models compared are light and easy to 
transport in a backpack, the two multi-rotors are noticeably smaller and 
compact, allowing for easier transport as hand luggage for long distance 
travelling. 

Accurately positioning the point cloud generated from the UAV 

images is required to compare ground/snow surfaces observed on 
different dates. Usually, artificial targets are placed and used as GCPs 
within the study area and, once their coordinates have been acquired 
through indirect methods (differential GPS or total station), GCPs allow 
an accurate positioning of the point clouds (Fernandes et al., 2018). To 
date, nearly all UAV works for observing snow distribution have used 
GCP for precise georeferencing of the point clouds generated with SfM 
algorithms (Abou Chakra et al., 2020; Adams et al., 2018; Cimoli et al., 
2017; Goetz and Brenning, 2019; Harder et al., 2016; Vander Jagt et al., 
2013). In contrast, the novel procedure described here to co-registered 
point clouds to the snow-free model via ICP algorithm has not been 
widely used. To our knowledge, only two authors have applied before 
ICP algorithms to georeference dense point clouds in snow covered areas 
(Abou Chakra et al., 2019; Miziński and Niedzielski, 2017). Vander Jagt 
et al., (2015) explored other method to co-register the 3D point cloud of 
a snow-free and a snow-covered UAV acquisition, identifying an un
changing point (snow free) in both observations but always relaying an 
initial positioning through GCP. Similarly (Nolan et al., 2015) tested an 
equivalent co-registration using the full extent of their observations as 
pseudo GCPs, but in this case with an initial accurate positioning system 
available in manned aircrafts. Placing GCPs in rugged mountain areas is 
an important drawback of UAVs, since some locations of complex study 
areas may be unreachable or endanger technical staff. The good results 
obtained in this research and previous works (Abou Chakra et al., 2019; 
Miziński and Niedzielski, 2017) to accurately geolocate dense point 
cloud with ICP algorithms may avoid the use of GCPs to retrieve the 
snow distributions with UAVs in many study areas. 

Currently UAVs are not able to acquire information for very large 
areas (as far authors know the largest UAV snow observation reaches 4 
km2 (Eberhard et al., 2021)), when increasing the surveyed areas, the 
geolocation of UAV images may face ellipsoid and geoid derived prob
lems and thus the selection of the coordinate system (projected or not) 
will be extremely relevant. 

In view of GCP drawbacks, for two out of the three acquisition dates, 
we tested an alternative georeferencing method for devices without 
RTK.. Through an ICP alignment of the snow-free areas to the snow-free 
point cloud, we were able to obtain an accurate registration of the point 
cloud. In turn, this allowed generation of reliable snow depth distribu
tion maps, as the evaluation metrics revealed while direct sunlight 
illuminated the study area. The major disadvantage of this registration 
method is the necessity of snow-free areas occurring within the study 
area to enable ICP alignment to the snow-free point cloud. Once the test 
site is not fully snow covered (results show at least a 25% snow-free area 
is needed; see SCA temporal evolution in Fig. 2) and taking advantage of 
the repeated snow-free area patterns observed during the melting period 
(Revuelto et al., 2020; Sturm and Wagner, 2010), this co-registration 
method may allow observation of the snow surface with low-cost 
UAVs (which do now allow RTK positioning accuracies) and without 
GCP being placed within the study area. Nonetheless, the minimum 
snow-free area extent to obtain a reliable ICP co-registration may 
depend on the spatial distribution of the snow covered area. The snow 
distribution for the 9 and 31 May 2019 was heterogeneous and at the 
same time, the snow-free areas occurred in diverse locations, covering 
several sectors of the scene. Probably if the snow-free areas are found in 
the same area of the test site the performance of this procedure would 
decrease. 

Another georeferencing method, in absence of snow-free areas and 
GCPs, accurate enough to observe snow distribution in remote mountain 
areas, are UAVs having RTK processing of the GPS signal (or the alter
native PPK Post-Processed Kinematic of GPS signal). This way, in the last 
two years some authors have evaluated the reliability of snow depth 
observations with UAVs having GPS with RTK positioning (Eberhard 
et al., 2021; Gabrlik et al., 2019; Harder et al., 2020). Despite these later 
studies only used some sparse snow observations to evaluate UAV ac
quisitions, they shown compelling results when observing the snowpack. 
Similarly, the TLS evaluation of UAV with RTK positioning presented 
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here (the fixed-wing device), has revealed reliable snow depth obser
vations under good illumination conditions. The similar results obtained 
when observing the snowpack with UAVs, regardless the georeferencing 
method (GCPs, ICP of RTK) is a highly valuable outcome of this study. 
This demonstrates that GCP positioning can be replaced by alternative 
methods without decreasing the accuracy of the observation, largely 
reducing exposure to mountain risks and also enabling a simpler post- 
processing of the information, compared to acquisitions requiring GCPs. 

The UAV flight altitude tested here has revealed a minor impact on 
the quality of snow depth maps. In contrast other authors found image 
height above ground as one of the variables with greatest explanatory 
power on the precision of Digital Elevations Models derived from UAV 
observations (Goetz et al., 2018). Other authors also highlighted the 
importance of choosing suitable flight altitudes for required resolutions, 
suggesting that flight altitudes of 100 m us sufficient for the survey of 
snow cover (Abou Chakra et al., 2020). Probably, the high resolution of 
sensors that are mounted on commercial UAVs and the dissimilar eval
uation accomplished here (evaluation of snow depth observations), may 
be behind the negligible impact of the mean sensor-target distance (we 
changed from 50 m to 75 m) obtained on the quality of the final product. 
However better evaluation scores were obtained for the 75 m flight 
altitude with the two multi-rotors. This result is probably related to a 
better lateral overlap of the photos when flying at higher altitudes, 
which is more beneficial than the enhanced resolution obtained when 
flying closer to the surface. Furthermore higher altitudes are also asso
ciated with larger pixels sizes that are associated with improved SfM 
solution but less dense point clouds (Dandois et al., 2015). Higher ele
vations additionally guarantee safer acquisitions and reduce the time of 
flights, likely obtaining more reliable snowpack observations. 

This study shows that when selecting a UAV platform, the price of the 
product is not a major constraint for obtaining good quality results when 
observing the cryosphere, if a well-established acquisition and post- 
processing protocol is established (Gaffey and Bhardwaj, 2020). 
Indeed, the three models compared here have proved to have good 
stability and proper acquisition of images within, when the wind oper
ation thresholds are respected. Nonetheless for a safe UAV flight low 
wind speeds are recommended. Even if the accuracy of snow maps could 
be slightly lower than with TLS, UAVs have shown clear advantages 
regarding the former technique, as UAV acquisition are affected very 
little by topographic shadows, allowing acquisition of information for 
almost the entire study area. In addition, UAVs are definitively lighter 
than TLS devices (a weight ratio higher than 10), enabling much easier 
displacement in mountain areas. TLS presents obvious advantages when 
working on shallow snowpacks and where greater accuracy is required, 
or when there is not clear sky conditions. TLS performance is not 
affected by solar illumination issues such as cloud presence (Prokop, 
2008) or low solar elevation angles (likely during winter period) causing 
large cast shadows from surrounding topography. According to the 
study results, the selection of UAV to perform snow mapping should be 
mostly based on three main considerations - the size of the study area to 
observe, the topographic complexity of the area to be mapped, and the 
possibility/ease of placing GCPs. 

6. Conclusions 

Despite the increased number of works using UAVs to observe 
snowpack evolution in mountain areas, none of them has compared 
concurrent acquisitions of commercial devices. This motivated us to 
generate snow depth maps in a small but highly heterogeneous test area, 
following the same post-processing protocol with images obtained from 
three different UAV platforms. This consisted of two multi-rotors devices 
without RTK-GPS and a fixed-wing UAV with RTK-GPS positioning, 
equipped with cameras of similar characteristics. Results were tested 
against TLS acquisition, which is considered the most accurate tech
nique to generate high spatial resolution snow depth maps. Despite the 
noticeable differences among the three UAVs tested, the quality of the 

snow maps was very similar, and it was almost impossible to discern 
which was the most/least precise. Under good illumination conditions, 
and flying around midday to guarantee a homogenous illumination of 
the domain, the three UAVs provided high quality snow depth maps 
with an average RMSE lower than 0.22 m, compared to the TLS acqui
sition. When clouds impeded direct solar illumination, the quality 
dramatically decreased in the products derived with images of the three 
platforms, with errors (RMSE larger than 0.45 m and NMAD above 0.3 
m) that prevented proper estimation of the total volume of snow (de
viations higher than 20% when compared to TLS observations). Acqui
sitions obtained under good illumination conditions represented an 
advantage over those acquired with TLS, as the bird's-eye point of view 
permitted retrieval of information for nearly the whole study area, 
compared to 77% of the area covered with TLS. Flight altitudes tested 
here revealed a minor impact on observations of snow distribution. 
Nonetheless, slightly worse scores were obtained with the lower eleva
tion flying paths. Thus, flying at higher elevations is not only safer and 
more efficient in terms of flight duration, but is also more recommended 
in order to obtain more accurate snow depth maps. The similar results 
obtained with the three UAV platforms suggest that the following should 
be taken into account when acquiring a new UAV device: whether or not 
extended areas will be covered, as fixed-wing devices have landing 
constraints (vertical versus a final UAV gliding); the possibility of 
georeferencing the information through GCP; and applying an ICP 
alignment on unaltered surfaces during the study period or the need of 
having RTK positioning. 
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