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Abstract: Conservation of wildlife depends on precise and unbiased knowledge on the abundance
and distribution of species. A challenge is to choose appropriate methods to obtain a sufficiently
high detectability and spatial coverage matching the species characteristics and spatiotemporal use
of the landscape. In remote areas, such as in the Arctic, monitoring efforts are often resource de-
manding and there is a need for cheap and precise alternative methods. Here, we compare an UAV
pilot-survey to traditional population abundance surveys from ground and helicopter of the non-
gregarious Svalbard reindeer to investigate whether small quadcopter UAVs can be an efficient al-
ternative technology. We find that estimates of reindeer abundances from UAV imagery have lower
precision and are more time consuming than present abundance surveys when used at management
relevant spatial scales. We suggest that more efficient long-range fixed-wing UAVs should be eval-
uated for the job to increase the sampled area by UAV. In addition, the method will depend on the
availability of more efficient post-processing methods including automatic animal object identifica-
tion with machine learning and analytical methods that account for uncertainties.

Keywords: Aaerial survey; animal detection; distance sampling; helicopter; monitoring; strip tran-
sect; Svalbard; total count; ungulate

1. Introduction

The distribution and abundance of species are key statistics needed to estimate pop-
ulation trends, sustainable harvest strategies and in environmental impact studies [1]. Yet,
it remains challenging to estimate population size with high precision and low bias at
spatial scales relevant to management [2,3]. Numerous methods to estimate wildlife abun-
dance and density exist ranging from direct population counts to population indices pro-
portional to the true population size [4,5]. Abundant and easily detectable species are
commonly monitored with direct density estimation methods, which includes complete
or partial census, strip transect, distance sampling and capture-recapture programs [5,6].
Recent developments in UAV technology open new opportunities to survey animal pop-
ulations as a replacement or supplement to traditional count methods [7]. UAV offers sev-
eral advantages compared to traditional aerial or ground surveys [e.g., cost effectiveness,
safety and operational range; 8,9], however, whether UAV methods have improved accu-
racy and are more efficient than traditional survey methods are largely unknown [but see
10,11].

Wildlife populations are traditionally counted by foot or using aerial surveys from
helicopters or planes depending on the species characteristics and area of interest [e.g.
12,13-15]. Aerial surveys are costly, with a high carbon footprint and are challenging when
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it comes to detectability and uncertainty estimates [16-19]. Counting on foot along a sur-
vey line is time-consuming and can be logistically difficult in remote areas or depending
on the species [20]. In the last decade, uncrewed aerial vehicles (UAVs), remotely piloted
aerial vehicles (RPAS), or drones — have been tested and successfully applied as a cost-
effective alternative to traditional surveys to estimate abundance of wildlife, especially
gregarious species [21,22], but also animals that are solitary [9,23].

Distance sampling and total counts are common methods that can assess precision
and uncertainty in abundance surveys [4,24]. The former counts subsamples within a pop-
ulation and the latter the entire population in an area of interest. Both can be used to make
density spatial models to predict densities across larger areas. A key assumption in dis-
tance sampling is that the probability of detecting an animal decrease with increasing dis-
tance from the observer. The advantage is that this can be used to include a measure of
detection probability in the abundance estimation. Total counts assume that all animals
within a certain area are detected [5], but can still include measures of detection error [20].
Total counts is often considered a more precise and less biased method than distance sam-
pling and can be used as a reference population size [20]. For an aerial image survey (i.e.,
from crewed aircraft or UAV flying at constant height), detection is independent from
distance from the transect line. Yet, there are other errors that can influence detection such
as tree cover [17], landscape heterogeneity and image quality that should be accounted
for in abundance estimates [15]. Integrating measures of detection error within a survey
method and identifying habitat variables strongly correlated with the population of inter-
est can greatly improve the accuracy of density estimates [3].

Ungulate populations are distributed in varying densities over large geographic areas
and often with distinct seasonal habitat and range use [25], making precise counts logisti-
cally challenging and cost demanding. Therefore, the counts are often substituted with
different type of indices [moose seen per hunter; 26,camera trap and dung; 27,28]. How-
ever, only recently UAVs are applied in surveys of ungulates, where restricted flight range
relative to the spatial scale of interest for management and difficulties detecting and iden-
tifying deer, have been major obstacles [3,8,29-33].

In the High Arctic remote Svalbard archipelago, the wild Svalbard reindeer Rangifer
tarandus platyrhynchus, is the largest resident mammalian herbivore in the terrestrial tun-
dra ecosystem [34]. The reindeer is subject to long-term monitoring because it is a key-
species impacting tundra vegetation [35], is harvested locally by recreational hunting [36]
and is sensitive to climate change [e.g., 37,38]. The long-term monitoring is relying on total
population counts along fixed routes on foot [20,39] or by helicopter [40], and capture-
mark-recapture techniques [see 41 for a description of methods]. Lately, there has been
focus on quality assurance and standardization of monitoring methods of the long-term
total counts with distance sampling methods [20]. This has enabled range-wide monitor-
ing of Svalbard reindeer using the most appropriate methodology according to terrain
characteristics [42]. In addition there is a push for development of monitoring methods
that reduces disturbance and lowers human footprints [43], which suggest the use of
UAVs [44,45].

In this paper we compare counts from UAV imagery to counts from ground and hel-
icopter of the Svalbard reindeer in a remote High Arctic tundra landscape. We test the
feasibility of collecting data on reindeer abundance using UAVs and investigate potential
problems and pitfalls associated with aerial monitoring as compared to ground-based sur-
veys. Moreover, we assess the accuracy of UAV imagery to the traditional ground-based
line transect distance sampling and helicopter surveys.
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2. Materials and Methods
Study area

The Arctic Svalbard archipelago (74-81°N, 15-30°E)., Norway, is approximately
62,700 km? with approximately 60% covered by glaciers, 25% by barren rocks and only
15% by vegetation [46]. We conducted the study in Sassendalen, one of the largest valleys
in Central Spitsbergen (Figure 1). The valley is surrounded by peaks up to 1200 m.a.s.1.
and dominated by a large river and continuous vegetation cover with wetland, ridge, and
heath present only in the valley bottoms and on the lower parts of the mountain slopes
(<250 m.a.s.l.) [46-48].
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Figure 1. Upper panel: A) Svalbard archipelago. B) Overview of spatial data coverage for the three
survey methods; ground DS (green), UAV (black) and helicopter (yellow) in Sassendalen, Svalbard.
Lower panel: Raw images of Svalbard reindeer from the three types of survey methods. Left to right:
ground distance sampling, UAV imagery at 120 m and helicopter (photograph from side window
where one observer is sitting).

Study species

The Svalbard reindeer is distributed across all non-glaciated land areas of the archi-
pelago, with an overall abundance of ~ 22 000 individuals and densities up to 10 rein-
deer/km?[42]. Svalbard reindeer are mostly solitary and virtually free from predation, alt-
hough rare attacks by polar bears (Ursus maritimus) have been observed [49,50]. Direct
density dependence and large annual variations in weather conditions — notably the
amount of rain in winter, but also the length of the snow-free season in the autumn —
shape the reindeer’s body condition and vital rates [37,41,51,52]. This, in turn, causes large
annual fluctuations in population abundances [41,53].
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Field data collection

For the UAV survey and ground-based distance sampling surveys (hereafter ground
DS), we allocated 10 transect lines in north-south direction, from the mountain foothills to
the riverbanks, on each side of the main river in Sassendalen, Svalbard (Figure 1B). We
chose one random latitude for the first line and placed additional parallel transect lines
systematically apart 2.5 km east or west from this latitude to avoid overlapping reindeer
observations and violation of the assumption of independence for DS surveys [24]. We
chose this systematic orientation across the valley (i.e., river bed to mountain side or vice-
versa) to reduce any bias from potential gradients in animal density related to e.g., plant
phenology and/or habitat configuration [54]. The strip length of each of the transects var-
ied depending on the length from the mountain side to the riverbank (1.2 km to 2.9 km).
The UAV and DS surveys were conducted within the same three-day period 14-17 July
2021, but with a time interval (1 day) between methodologies to allow the free distribution
of reindeer in case of disturbance by observers. The helicopter survey was conducted one
week prior to the UAV and DS surveys (6 July) and was part of an annual census of rein-
deer in the valleys on Nordenskidld Land by the Governor of Svalbard (Figure 1B). See
Figure 2 for an illustration of the workflow.
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Figure 2. Visualization of the workflow, including field survey design, postprocessing and data analysis.
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Ground distance sampling survey

We followed the DS survey protocols described by [20,42] for esti-
mating abundance of Svalbard reindeer. The 10 transects were walked by
one observer at a constant speed (2-3 km h') without stops, except during
measurements. We used a handheld GPS and a compass to keep the line
direction, and single reindeer or clusters were detected on both sides of
the transect line with the naked eye. To respect the assumption of constant
detection along the transect line, no scanning of the surroundings was
done when stopping to take measurements. Each observation was meas-
ured by laser binoculars (10x42 Leica Geovid) to the nearest meter and a
compass was used to measure the angle from the observer to the reindeer
(Figure 1). Note that this method does not record the population structure
(i.e., age and sex). The geographic position of the observer was also rec-
orded. For practical reasons when using the laser, measurements were
taken to the largest reindeer (e.g., a mother rather than her calf) or the
middle individual of a group of adults. From the DS survey, the GPS po-
sitions of reindeer groups was calculated and used in the final dataset.

UAV survey

Six out of the ten line transects were mapped by an off-the-shelf DJI
Mavic 2 Enterprise drone, equipped with a zoomable (24-48mm) RGB
camera. Flight plans for each line transect were prepared pre-flight with a
commercial mapping software (DJIFlightPlanner). The flight plans were
flown automatically with flight altitude 110-120 m above ground with a
nadir (downward-looking) orientation of the camera. Test flights with dif-
ferent altitudes were performed before the survey to verify that reindeer
could be detected on images at that height and to ensure that reindeer
were minimally disturbed. At this altitude, the widest field of view (i.e.,
24 mm) was used, giving a theoretical ground sample distance (GSD) of
4.4 cm and a swath width of 174 m. Side overlap was chosen with 65%
and the nominal forward overlap with 85%. All lines had a run separation
of 61 m and ran in an east-west direction. Ground speed was set to maxi-
mum 30 km/h and pictures taken with a frame rate of 2 s. The camera
settings were on auto, but it was ensured that the shutter speed would not
exceed 1/200 to prevent motion blur (max. shutter speed = GSD/ ground
speed), else flight velocity was reduced. The total mapped area width cov-
ered 500 m on each side of the transect line. The total length of the map-
ping flight lines was between 20-40 km and typically took between 24
batteries to cover.

Helicopter survey

Reindeer were counted by four observers (two pilots and two observ-
ers) in a Super Puma helicopter flying 60-100 metres above the ground
according to protocols by the Governor of Svalbard. This census has been
done annually since 1998 by the Governor of Svalbard as background in-
formation to determine the annual hunting quota of reindeer [40,55]. The
flight path (Figure 1), were assumed to cover the most important reindeer
summer habitats in the Sassendalen hunting unit (see Peeters, et al. [56]
for a map of hunting units). The census provides a single total count of all
the individuals encountered, classified as calf, female/young and male,
without any information on location of each animal.
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Spatial covariates

Le Moullec, Pedersen, Stien, Rosvold and Hansen [42] found that the
best environmental predictor for reindeer densities in summer is vegeta-
tion productivity at the peak of the growing season, measured by maxi-
mum normalized difference vegetation index (maxNDVI). Since cloud
coverage affects the maxNDVI at pixel level and can contribute to random
variation in the timing of maxNDVI, we chose to use a five-years (2017-
2021) average maxNDVI rather than single year maxNDVI [57,58]. NDVI
was collected from the MODIS-satellites and resampled to 240x240 m.

Data analyses

To compare the three survey methods (ground DS, UAYV, and heli-
copter) of Svalbard reindeer we developed density spatial models (DSM,
Figure 2). The statistical models were adapted from Le Moullec et al.
(2017, 2019). Details on each step of the data analysis are outlined below.
We fitted all models in R version 1.4.1717 [59].

Ground distance sampling survey

The ground DSM consisted of a two-stage approach with a detection
probability estimation and a density spatial model accounting for the im-
perfect detection [24]. To prepare the data, we divided the transect lines
into smaller segments to summarise count data and maxNDV], as recom-
mended by Miller et al. (2013). We divided the transects into equal lengths
of 500 m (for effect of segment lengths on model output, see Table S1 in
Le Moullec, Pedersen, Stien, Rosvold and Hansen [42]) and truncated the
transect width to 95 % of all distances rounding up to the nearest reindeer
group.

We modelled detection probability using half-normal and hazard-
rate functions and determined the top ranked model using AIC. We in-
cluded weather (sunny or cloudy) as a covariate since weather was the
main covariate influencing detection in Le Moullec, Pedersen, Stien,
Rosvold and Hansen [42]. The hazard rate function with weather as a co-
variate had the lowest AIC and was thus selected for the density function
(Appendix A). We used the most parsimonious density model from Le
Moullec, Pedersen, Stien, Rosvold and Hansen [42], which modelled indi-
viduals per segment as a function of maxNDVI using a log-link quasi-
Poisson model. The final model was fitted using the restricted maximum
likelihood (REML) framework and residuals were checked for normality,
auto-correlation, and goodness of fit (Table A2, Figure A2). We used the
standard distance sampling functions ‘ds’, “dsm’ in the packages Distance
and dsm, respectively.

UAV survey

The UAV survey generated a larger number of single images
(n=10,479) with considerable image overlap. To reduce the number of im-
ages to be reviewed for counting of reindeer, the single images were pro-
cessed into orthomosaic images for each transect line using a structure
from motion method in Agisoft Metashape. The orthomosaic images were
typically large (ca. 30,000x40,000 pixels covering areas between 1.5-3.4
km?, GSD between 3.7-4.1 cm/pixel) and were segmented into smaller
tiles of 4,000x3000 pixels with a 10% overlap to ensure that animals on the
border of the tiles could be identified. Observers (n=7) manually counted
reindeer on each tile (see protocol in Appendix B). Positions and image
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snapshots of detected reindeer were stored for each observer. In addition,
all single images were counted by 3 observers to check if reindeer were
lost or appeared twice in the processing steps or due to reindeer move-
ment. This resulted in the detection of four reindeer that showed up more
than once and these copies were excluded. Further, all detected reindeer
were scanned a third time and assigned a certainty category (‘low’, “me-
dium’, and “high’) according to how clearly a reindeer (and not a rock or
similar grey structure) was visible on the image snapshot. Only reindeer
that were assigned to certainty category ‘medium’ or ‘high” were used in
the final dataset. We termed this dataset ‘confirmed’ reindeer. Further-
more, we divided the area of the six UAV transects into grids with the
same resolution as the resampled maxNDVI layer (240x240 m) and sum-
marized the number of confirmed reindeer per pixel.

Since reindeer detection was imperfect among observers, we further
investigated what caused this variation. We tested if background color
(i.e., grey colored reindeer on green background would stand out more
than on grey backgrounds) or luminance (lower detection of reindeer on
darker images) influenced observer detection at the image unit. We ex-
tracted median luminance and mean RGB values from each tiled image,
and from the mean G and B values we calculated a greenness index [G--
B; 61]. The covariates were tested in separate linear mixed effect models
due to multicollinearity with the ‘glmer” function in the Ime4 package to
investigate the probability that 1) an observer detects a reindeer on an im-
age (presence/absence model, Appendix C) and 2) when they do, how
many reindeer are detected on that image (counts model, Appendix C).

Based on the dataset with ‘confirmed’ reindeer counts, we fitted a
hurdle model to avoid overdispersion from the high number of pixels
with no reindeer observations. The hurdle model deals with the response
variable in two stages, 1) the presence-absence of reindeer in a certain unit
(i.e., pixel) and 2) a count model estimating how many reindeer were pre-
sent in that unit (when reindeer were present). The final hurdle model
contained a zero-truncated negative binomial distribution with a disper-
sion parameter, where maxNDVI was used as a covariate assuming a
logit-link function in both the presence-absence and the count model (Ap-
pendix D). This was done with the function ‘hurdle’ in the package pscl.
The residuals for this model were checked for normality, autocorrelation,
and goodness of fit.

Helicopter survey

The helicopter survey covered a larger extent and wider ranges of
terrain features and vegetation classes (see Figure 1) than the ground DS
and UAV surveys. The helicopter survey lacked positional information on
individual reindeer or groups and no distances to calculate detection
probabilities, which was a major obstacle for comparison with the other
survey methods. To overcome this fact, we took advantage of another
quality assured total counts dataset in an adjacent area (Adventdalen, Ap-
pendix E) for abundance calculations. Reindeer densities in the main val-
leys in Nordenskitld Land are strongly synchronized with each other due
to winter weather effects and summer warming leading to spatially auto-
correlated survival and mortality [37]. This led us to anticipate similar
population densities between the adjacent valleys. Given that reindeer
densities are strongly positively correlated with maxNDVI and total
counts can be used as a reference population model [20,42] we projected
the total counts model across the helicopter surveyed area in Sassendalen

4
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as a function of maxNDVI to give us similar values (i.e., within the confi-
dence interval) as the actual abundance from the helicopter census in Sas-
sendalen. We first modeled the number of reindeer per pixel in the heli-
copter surveyed area as a function of maxNDVI using total counts from
the Adventdalen census (hereafter termed ‘independent’ total counts) that
covered the same range of terrain features and vegetation classes. To de-
rive the spatial extent of the helicopter surveyed area, the entire flats of
Sassendalen and a buffer of 1 km (500 m on either side of the helicopter)
around the transect line in the mountains were included. The best model
from the total counts model selection process in Le Moullec ef al. [42] was
used on the dataset and model diagnostics were assessed. Details on the
procedure are outlined in Appendix E.

Comparison of survey methods

To assess each survey method, we compared their DSM as a function
of vegetation productivity (maxNDVI) and then predicted each model
across 1) the ground DS covered area 2) the UAV covered area, and 3) at
an ecologically relevant valley scale that also shared similar vegetation
productivity and elevation range between the three survey methods (Ta-
ble S1). Since the elevation range was higher for the helicopter surveyed
area (0.6-601 m) than for the ground and UAYV transect area (0.7-317 m),
we did not predict the ground DS and UAV density models to the heli-
copter surveyed area. Precision of the methods was assessed by compar-
ing confidence intervals within the sampling areas (i.e., smaller width of
confidence intervals indicates lower sampling error) and coefficient of
variation (CV), which is the ratio of the standard deviation to the mean
(i.e., lower CV indicates higher precision). In addition, we qualitatively
evaluated the methods according to their feasibility i.e., time allocation,
economic cost, environmental impact, and wildlife disturbance.

3. Results
Field survey characteristics

The ground DS survey detected 50 groups of reindeer (n=104 indi-
viduals, mean group size = 2) from walking 23.6 kilometers on foot with a
transect truncation width of 907 m (i.e.,, covering an area of 42.7 km?,
Figure 1). The UAV survey, which covered about half of the same tran-
sects (23.5 km?), detected 32 confirmed reindeer. The helicopter survey
covered the largest area (286.2 km?) and resulted in 1559 observed rein-
deer. Thereby, the UAV survey gave lower reindeer density (1.4 rein-
deer/km?) than the ground DS survey (2.4 reindeer/km?) and the helicop-
ter survey (5.4 reindeer/km?). The range in vegetation productivity be-
tween the sampling areas were similar for all methods, with a mean
maxNDVI around 0.50 (range: 0.78 [DS], 0.75 [UAV] and 0.81 [helicopter],
respectively).

Detection

The average detection probability for the ground DS was 0.40 +0.10
(CV = 0.24) and 30% of the reindeer clusters were detected at approxi-
mately 500 m. Sunny weather resulted in higher reindeer detectability
than cloudy weather (Figure Al). For the UAV survey, the average detec-
tion rate of confirmed reindeer varied between 46-70% between observers
(n=6). Variation of reindeer detection on the UAV imagery for the pres-
ence/absence model showed an association with the greenness index and
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blue color channels when accounting for observer variability (Figure C1).
High values in the greenness index increased detectability (intercept + se
= 3.56 +0.93, Figure C1), while blue channel decreased presence detecta-
bility (3.06 +1.48). In addition, all variables decreased the probability to
counts the correct number of reindeer on an image when at least one rein-
deer was present (luminance -2.66 + 0.57, greenness: -0.52 + 0.22, red chan-
nel: -3.91 +0.76, green channel: -3.61 + 0.72, blue channel: -2.24 + 0.58) (Fig-
ure C2).

Density spatial models

All three DSMs predicted a positive correlation between vegetation
productivity (maxNDVI) and reindeer densities (Figure 3). Reindeer den-
sity remained low until around maxNDVI of 0.6-0.7 and thereafter in-
creased steeply. However, the strength of the relationship was markedly
lower for UAV, while the ground DSM and total counts were similar (Fig-
ure 4).
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Figure 3. Predicted density of Svalbard reindeer (number of animals per km?)
based on data from the three different survey methods (ground DS, drone, and
independent total counts) and maxNDVI (i.e., proxy of biomass production). Hur-
dle models applied to the drone and helicopter survey data and the lines show
predicted density based on the total count density model for Adventdalen (neigh-
bouring valley) and the drone imagery at valley scale.
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Figure 4. Predicted density (number of animals per km?) of Svalbard reindeer
based on density spatial models with maxNDVI as a covariate for the ground line
transect distance sampling (upper), UAV survey (middle) and independent total
counts model from a neighboring valley at the valley scale. The map shows pre-
dicted densities at the valley scale for pixel resolution of 240 x 240 m.
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Spatial projections

The independent total counts model from the neighboring valley es-
timated similar abundances in the helicopter surveyed area (1515 + 67, CV
=0.06) as the helicopter survey (n=1559) (Table 1). For both the ground DS
and UAV sampling areas, the UAV density model estimated the lowest
abundances but also had the smallest confidence interval, while the
ground DSM and total counts DSM estimated more similar abundances.
The independent total counts DSM had the lowest CV. For the valley
scale, the ground DSM and total counts DSM fell within each other’s con-
fidence intervals, while the UAV density model grossly underestimated
the abundances (Table 1). Thus, the UAV density model had the highest
sampling error, and the ground DSM and independent total counts DSM
had the lowest coefficient of variation. The UAV were imprecise and
strongly underestimated abundance at all spatial scales compared to the
other methodologies having matching estimates.

Table 1. Estimated Svalbard reindeer abundance + confidence intervals (95%) in
Sassendalen from density spatial models (DSM). Predicted abundance for each
density model at three scales; Ground DS scale (area covered on foot), UAV scale
(area covered by UAV), and valley scale. See Figure 1 for delineation of study ar-
eas. The total counts DSM is based on total count from a reindeer population in a
neighboring valley. Coefficient of variation in parentheses. Since the elevation
range was higher for the helicopter surveyed area (0.6-601 m) than for the ground
and UAV transect area (0.7-317 m), we did not predict the ground DS and UAV
density models to the helicopter surveyed area.

Estimated abundance

Ground DS UAV Helicopter sur- Valley scale
Survey method . .
sampling area sampling area veyed area
Ground DS 125 + 66 185+ 125 919 + 588
(0.27) (0.25) ) (0.22)
72+ 62 40 + 100 256 + 141
uAv (0.47) (0.81) ) (0.28)
Helicopter - - 1559* -
Independent total counts 311+94 161 + 68 1515 + 67 958 + 160
(0.14) (0.19) (0.06) (0.08)

* Actual abundance estimate from helicopter survey

Feasibility

The feasibility of the survey method varied widely (Table 2). In terms
of field time, the helicopter census covered by far the most ground in the
least time (1 hour), while the ground DS (10 hours) and UAV survey (12
hours) was much slower. In terms of data processing time, the UAV im-
ages took the most time due to large amount if imagery. However, the
helicopter survey had the highest expenses, environmental carbon foot-
print and disturbance and did not record geographic positions.
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Table 2. Feasibility of the three survey methods in terms of spatial extent, time
allocation, economic cost, environmental impact (carbon footprint) and animal
disturbance.

Economic Environmental Animal

Survey method Spatial extent Time allocation . )
cost impact disturbance

Ground DS Medium (42.7 km?) Procerlseilr(ligtgnmi'lrg: dium Low Low Medium

Field time: 12 h
UAV Low (23.5 km?) jeld time: 12 h Medium Low Low
Processing time: high

Field time: 1 h

Helicopter High (286.2 km?) Bl

High High High

4. Discussion

Our comparison of three different survey methods — ground DS,
UAYV, and helicopter surveys — for estimating Svalbard reindeer abun-
dance and density showed that abundances derived from UAV imagery
had lower precision and were more time consuming due to processing
time than ground DS and helicopter surveys. However, from the UAV
survey it was possible to correctly identified reindeer, calculate precision
and factors affecting observer detection to compare with other methods.
The scale of precision is still at a reasonable level in the UAV survey and
can be improved in the future by addressing some key challenges.

Imprecise estimation of abundance can result from a variety of
sources, including violation of major statistical assumptions, survey de-
sign and observer variability [3]. Here, the estimated abundances based
on UAV imagery, gave lower and more imprecise abundance estimates
than total counts or ground distance line transect sampling. This is likely
attributed to the low spatial extent of the UAV area, which was approxi-
mately half of the ground DS sampling area. Doing repeat surveys over
the same transect lines may increase accuracy [30]. The helicopter survey
had a higher density (5.4 reindeer / km?) than the UAV survey and ground
DS survey (1.4-2.4 reindeer / km?). The helicopter survey covered more
area per time unit than the ground DS and UAYV survey, but lacked sys-
tematic survey design and estimates of uncertainty, which made it chal-
lenging to compare and increased the risk of double counting reindeer. By
comparing with an independent total counts model from a neighbouring
valley, we were able to assess how reasonable the abundance from the
helicopter survey was. Total counts are viewed as less biased and more
precise compared to distance sampling and can be used as a reference
population [20], which was also the case in this study. For the helicopter
survey, a larger sample size (i.e., more transect lines and a larger number
of observations), records of reindeer geographic positions and assessment
of detection would increase the quality of measurements and allow for a
more thorough investigation of the at the larger valley scale.

We assessed detection probability for the ground DS and UAV sur-
vey. For our UAV survey, we evaluated whether detection was impacted
by landscape texture, such as colour on the background of the UAV im-
agery (i.e., a reindeer would stand more out on a green, vegetated back-
ground than on a grey, gravely background). We found that the greenness
index and the blue values influences observer ability to detect if there was
a reindeer present. Blue as a dominant reflection can be due to non-vege-
tated areas (e.g., gravel). In the counts model, all covariates influenced ob-
server detection, but this is likely due to the low number of images with
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more than one reindeer. Unfortunately, we were not able to find any avail-
able functions in R packages integrating detection probability in a density
function for drone imagery (i.e., where detection is independent of dis-
tance to sampling area, but where covariates exist). For instance, the strip
transect framework, modelled with a uniform key detection function (in
‘ds” in Distance package) or both model parts of a hurdle model (pres-
ence/absence and count model in hurdle() in pscl package) does currently
not allow adding covariates in the detection function. As the use of UAVs
in wildlife studies increase, developing such analytical framework is
highly needed for the integration of imperfect detection, as we demon-
strate here.

The spatial distribution of reindeer relative to area covered also poses
a challenge. Particularly, for the UAV imagery, the number of observa-
tions of individual reindeer or groups was limited. Reindeer in Svalbard
typically occur solitary or in small groups opposed to most reindeer and
caribou that appear in herds, and as such can easily remain unidentified
on the images. In contrast, to more gregarious or colony species [21,22],
the low density of reindeer challenged not only the sample size, but also
detection of animals leading to large observer variability [19]. To over-
come this, we suggest applying a drone with longer range to increase area
covered and types of tundra habitats with different texture and number
of observations of reindeer.

The UAV used in this pilot study is a small quadcopter drone, with
limited battery capacity and flying time. Using larger quadcopter drones
or fixed-wing drones with a longer range is suggested to allow for larger
area covered over which abundance can be estimated [44,62]. This, how-
ever, comes at larger cost and — in the case of fixed-wing drones — higher
operation complexity, particularly in the Arctic. Thus, it was a sensible
approach to first verify the methodology with small quadcopters first.
Once the method is fully evaluated and developed it can be easily trans-
ferred to more complex UAV systems that compensate for the limited
range and coverage (i.e., using fixed-wing UAVs). Practically, such sur-
veys should be conducted with fixed-wing UAVs that have longer range
and can cover larger areas [44].

Here we conducted the survey in an open tundra landscape with
good visibility from the air (at 120 m) and no terrain obstacles hindering
the drone. This flying height permitted the maximum area to be covered
at which a reindeer could be detected with minimal reindeer disturbance.
Retrospectively, we could have increased detection of animals (i.e., ob-
servers would have been less uncertain to distinguish an animal from a
rock) at a lower altitude and smaller ground sample distance. This would
come at the cost of longer flight times due to lower swath width (i.e.,
denser mapping flight lines). A way to compensate for the increased flight
time would be to reduce the side or forward overlap to a lower value. If
no generation of terrain information (e.g., a digital elevation model) is re-
quired, overlap can be reduced below 50%, thus substantially decreasing
the amount of flying time coarsening mapping flight lines. Before decid-
ing to fly at a lower height, the effect of UAV disturbance on reindeer
should be carefully assessed in a separate study. From our preliminary
field investigations, the reindeer in Sassendalen was not visibly disturbed
at 120 m, but different reindeer populations may act differently to a UAV,
and some populations are shyer as they encounter humans less frequently
[63].
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The large number of images that our UAV survey produced exem-
plifies key challenges of any aerial survey method — counting the animals
in the images. To increase the efficiency of the process, orthomosaics were
generated and then tiled into “easy-to-handle” single images. This re-
duced the number of images to scan by an order of magnitude and made
the process substantially more efficient. In the stitching process, reindeer
may disappear or appear multiple times. By scanning and comparing the
raw imagery with the tiled imagery after the stitching process, we quan-
tified this disappearance, but at the expense of much longer processing
time. In the case of the disappearing reindeer, the reindeer was moving
over heterogenous terrain (from riverbed into swamp). This large gradi-
ent in background may explain why the algorithm resulted in removing
the reindeer in the stitching process. However, reindeer that remained sta-
tionary, moved few meters, or moved over homogenous terrain did not
appear multiple times nor disappeared in the orthomosaic process. An-
other challenge with the large number of images is related to observer
variability. Scanning many images with multiple empty images can re-
sults in fatigue and decreased attention span. Datasets from UAV surveys
with low-density populations in homogenous, open landscape seem par-
ticularly well-suited for automated counting methods, e.g., using machine
learning [64] and developing a larger training dataset for reindeer detec-
tion would be key to towards automated detection methods. This study
confirms that UAV technology can be an alternative method to traditional
population monitoring methods of tundra herbivores, although more tri-
als on UAV type relative to spatial coverage and advancements of pre-
processing and machine learning is indeed needed to “speed up” efficient
use of the technology in open remote tundra landscapes.

5. Conclusions

Reliable estimates of wildlife population abundance provide man-
agement with the information necessary to take conservation and man-
agement decisions. Our results show that UAV survey has the potential
to be an alternative to traditional wildlife monitoring methods, as we
could count and collect geographical positions of reindeer for estimating
abundance, variance and quantify detection error from the UAV imagery.
Some limitations that arises from small sampling area and long processing
time in the UAV survey could be overcome by using a fixed-wing UAV to
cover a larger spatial area and develop a training dataset that could be
used for machine learning algorithms to automate the counting process.
The relative lower carbon footprint and lesser human disturbance com-
pared to helicopter surveys encourages further UAV method develop-
ment in the Arctic in the years to come. Before the limitations are ad-
dressed, UAV will function as a supplement to the traditional “old fash-
ion” field methods and cannot yet fully replace them for monitoring low-
density herbivores in open landscapes. Our study demonstrates an exam-
ple of the importance of a thorough quality assessment of survey methods
before results are applied for management inference.
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Appendix A: Model selection and detection curve for estimating Svalbard reindeer abundance by
Distance Sampling

Table Al. The 4 candidate detection probability models for distance sampling (DS) of Svalbard reindeer, Svalbard,
Norway (July 2021). Detection probability was fitted using half-normal (hn) and hazard rate (hr) functions with
weather (sunny or cloudy) as covariate (see Table S3 in Le Moullec ef al. [42] for the influence of other covariates).
We ranked models using Akaike’s Information Criterion (AIC) and differences in AIC (AAIC).

Model Key AIC AAIC
~ weather hr 657.893 0
~1 hr 661.477 3.584
~ weather hn 663.627 5.734
~1 hn 665.857 7.964
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Figure A1. Detection probability function based on the line transect distance sampling of Svalbard reindeer. The
best model was fitted at a continuous scale for observed distances and included a hazard rate key detection function
with weather (sunny or cloudy) as covariate. Observations of reindeer clusters are illustrated by dots along the
curve.
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Table A2. Density model obtained from ground distance sampling. We used the most parsimonious density model
from Le Moullec et al. [42], which modelled individuals per segment as a function of NDVI using a log-link quasi-

Poisson model. This model was fitted using the restricted maximum likelihood (REML) framework.

Ground DS survey Sassen- Model

dalen by Le Moullec et al. (2019)

B +SE p B+SE p
Intercept  -19.25 +2.05 <0.001 -13.95+0.38 <0.001
NDVT* 0.012+0.003  <0.001 2.65x102 £ 0.76x103  <0.001

* Le Moullec et al. 2019 is based on average max NDVI from 2013-2016.
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Figure A2. Density function modelling individuals per segment as a function of NDVI using a log-link
quasi-Poisson model. The model was fitted using the restricted maximum likelihood (REML) frame-
work. Displayed above are diagnostics for the selected model using the function ‘gam.check’ in the

package mgco.
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Appendix B: Protocol for counting reindeer from UAV imagery

Counting Svalbard reindeer from drone imagery - instructions to observers (full version can be avail-
able from the authors upon request)

Background

In this protocol you will count Svalbard reindeer in UAV imageries captured in Sassendalen, Svalbard
in July 2021. Six predefined transects were flown with a multirotor at an altitude of 100-120 meters above
ground in reindeer habitat. The images where merged and postprocessed into evenly sized tiles by
Richard Hann (NTNU). The objective for you as an observer is to help identify reindeer from the UAV
imagery and assign them into simple sex and age categories to compare with helicopter and ground
surveys done the same year.

The software you will use to count the reindeer is called DotDotGoose. DotDotGoose is a free, open-
source tool to assist with manually counting objects in images. The software was created by the Ameri-
can Museum of Natural History to assist conservation researchers and practitioners working on count-
ing objects in any kind of image format. The benefit of DotDotGoose is that you can easily create custom
classes, pan and zoom on images and place points to identify individual objects. The metadata from
each observer will be exported for further analyses in this project.

The reindeer categories you will identify in the UAV images correspond to sex and age classes used in
helicopter counts (Governor of Svalbard 2009) and ground surveys [total counts; 20]. These are 1) rein-
deer with large antlers (old male), 2) reindeer with small antlers (female/young), 3) reindeer without
antlers female/young, 4) calves 5) reindeer you are unsure which category it belongs to, and 6) carcasses.
Carcasses are not counted from helicopter surveys but come in addition because it will help you to keep
focused since there are many images without reindeer on them.

The categories may look like the photos below on the UAV imagery (Figure E1 and E2). Note that key
characteristics of a reindeer is the body shape, colour (white and grey) and sometimes shadow. The
shadow can sometimes help to determine the size of the antlers (if antlers are present). Be aware that
the objects are pixelated and blurry and it may not always be easy to distinguish the objects, especially
if reindeer are lying down.
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Reindeer with small antlers

Reindeer large antlers

Reindeer without antlers

Reindeer with small antlers
have less clearly defined ant-

Reindeer with large antlers
have a clear, protruding large

Reindeer with no antlers
do not have any clear

A calf is determined by the
relative smaller size com-
pared to the surrounding
reindeer (the calves are al-
ways with another female
reindeer at this time).

lers or the antlers are much v-or u-shape in one end, large protruding shape from
smaller compared to their compared to their body size. their body.

body size.

Calf Carcass

Carcasses may look like above
with white hairs scattered
around. Note, also the antlers
next to it.

Overview of the five classes to categorize reindeer into from the drone imagery.
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A full-scale image like the one you will see when you go through the images and classify reindeer into one of the
five categories in Figure E1. Do you see a reindeer? Try to remember the size of the reindeer relative to the full-
scale image. If you see anything that resembles a reindeer you can zoom in using the buttons on the left.

For more information about the software (other than what is in this protocol) check out the DotDotGoose Quick-
Guide in the folder or this video tutorial on how to use the software: https://www.youtube.com/watch?v=VGx-
TiQHx4Lc.

Download software and get started!

= Save and extract the ‘Reindeer_counting_drone_imagery.zip’ to your computer or hard disk.
The folder and metadata require about 4 GB of space so make sure you have enough.

Set up DotDotGoose software

= Click and open the dotdotgoose.exe file in the ‘Reindeer_counting_drone_imagery’ folder

= Click on ‘Load’ in the bottom left corner. Find the imagery folder “drone_imagery_SAS_2021"
and select the point file ‘template_reindeer_counting.pnt’

* In Survey Id at the top left panel: put your first name and last name with underscore e.g.
ole_olesen. This will create a column in the metadata with your name.

= Click the Save button and save a point file with your own name (e.g. ole_olesen.pnt) into the
same folder as the drone imagery ‘drone_imagery_SAS_2021'. It is important that it is the
same folder as the imagery if not the save will not work!

= If youneed to close the program and finish at another time, you can open your point file in
the DotDotGoose software by locating the file and click Import.
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Reindeer detection and assigning objects to categories
Time tracking

=  We would like to know how long it takes for each observer to scan through each transect line.
The name of each jpeg file starts with the transect number (e.g Line_1, Line_2).

=  When you are about to start on the first image of the transect (e.g. Line_1_tile_100.jpeg) write
down the time in ‘time_start’ from the Custom Fields (right side panel) from your computer
clock (e.g. 09:54).

*  When have scanned all images in the transect (e.g. last image is Line_1_tile_99.jpeg) write
down the time in time_stop (e.g. 11:00) on this last image of Line_1.

= Do this for every transect line (Line_1 to Line_6) so we get the start and end time for each
transect. Please try to complete every transect line in one go, but if you need to take breaks
write down the end time and start time as well so breaks can be subtracted.

* Remember to save frequently and when you take breaks.

Reindeer scanning method

= For each image, scan the full-scale image quickly from grid to grid with your eyes (see exam-
ple below). It might be useful to move your mouse as a guide.

= Ifyou can’t find an object of interest, go to the next image by pressing the down arrow key on
your keyboard.

= If you want to go back to any previous images use the up arrow key or double click on a spe-
cific photo in the Summary table.

= If you do find an object of interest, zoom in on it to check if it is a reindeer or carcass by
scrolling with your mouse or use the zoom buttons in the right bottom corner (you can also
drag the image up, down and sideways by clicking and holding the mouse in).
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= To mark a reindeer or carcass, you click on the category you want to assign on the left side
panel (see left image below). Hold the Ctrl key in while you click on the object in the image. A
dot will be created over the reindeer.

*  You can double check that the right category was assigned to the object for that image by
looking at the Summary table on the left panel (see right image below).

= NB! If you accidentally make a point or assign wrong category and need to remove it from the
image, press and hold the Shift key on your keyboard, then left click and drag the mouse to
draw a box around the points you’'d like to delete. A red circle around your point will show
up. Press the Delete key to remove the point.

References
Ersts,P.J.[Internet] DotDotGoose (version 1.5.1). American Museum of Natural History, Center for Bio-
diversity and Conservation. Available from https://biodiversityinformat-

ics.amnh.org/open_source/dotdotgoose. Accessed on 2021-12-7.
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Appendix C: Detection probability from UAV imagery

The linear mixed effects models were developed based on two sources of detection errors in mind. The
probability that 1) an observer detects a reindeer on an image (presence/absence model) and 2) when
they do, how many reindeer are detected on that image (counts model). The reason for this was also to
develop detection models that would fit the two-function process in the density model. For the pres-
ence/absence model, all reindeer detected by observers (verified as a reindeer (1) or not (0) by authors)
were given an ID based on their GPS coordinates. The image covariates median luminance, mean red,
mean green, and mean blue channels were extracted from each image using the package imageR. The
RGB greenness index (G-B, [61]) was calculated to identify green background (low values = dark green,
high values =light green). High values in the red and blue channel indicated grey, gravely backgrounds.
The models used glmer() in the Ime4 package in R. Due to multicollinearity issues, it was decided to put
each covariate with observer as a random effect in separate glmer models.

Presence/absence model

¢ Binomial GLMER

e 5 separate models with observer id as a random effect and each of the fixed effects median lu-
minance, mean red, green, and blue channels per image. We only show the predicted effect
plots for the fixed effects with a statistical significance (p>0.05) below (intercepts and standard
error in results section).

e Response variable: reindeer seen (1) or reindeer not seen (0) by observers

e Sample size n=234

A 1.00
50.75
T
S 0.501
S
Q- 0.25

0.001, , : . :
0.00 025 0.50 0.75 1.00

B 1.00/
_5 0.751
=
9 0.501
o
a 0.25;

0.001_ , : : .
0.00 0.25 050 0.75 1.00
Covariate values

Figure C1. Predicted effects of covariates with p>0.01 in the GLMER presence/absence model. A) Predicted effects
of the greenness index, B) predicted effects of the mean blue channel.
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Counts model

e Poisson GLMER.

¢ Five models with observer id as a random effect and each of the fixed effects median lumi-
nance, mean red, green, and blue channels per image (intercepts and standard error in results
section).

e Response variable: number of reindeer seen on image per observer

Sample size n=179
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Figure C2. Predicted effects of each covariate in the five separate GLMER counts model. A) greenness index, B)

mean blue channel, C) mean red channel, D) mean green channel, E) median luminance.
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Appendix D: UAV density model for estimating reindeer abundance with Hurdle density model

Table D1. UAV density model obtained from UAV sampling in Sassendalen in 2021. We used the most parsimo-
nious density model from Le Moullec et al. [42], which modelled individuals per segment as a function of NDVI
using a hurdle density model with a zero-truncated negative binomial distribution with a dispersion parameter.
This model was fitted using the restricted maximum likelihood (REML) framework.

Hurdle density model Adventdalen

p+SE P
Count  Intercept -2.61+82.8 0.975
model
NDVTI* -9.59+7.15 0.180
P/A Intercept -7.00+1.40 <0.05
model
NDVI 6.67 £2.15 0.002
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Appendix E: Total counts from the long-term monitoring in Adventdalen — background data and
results

Field methods

The annual total population count of reindeer in Adventdalen was conducted in summer (28 June to 4
July 2019) after calving. During the count, reindeer were categorized by age as calves, yearlings, or
adults (22 yr. old) based on body size and antler characteristics. The geographic position of individual
reindeer or groups were noted. Four to six observers walked separate, predefined routes scanning the
entire area with 10 x 42 mm binoculars. At this time of the year, reindeer still have parts of their winter
fur, making them conspicuous against the open tundra landscape. Because of the open landscape and
the stationary behavior of reindeer, counts are assumed to be close to the actual population number in
summer after calving (see Le Moullec et al. [20]).

Statistical analyses

The values of all average maxNDVI pixels (240 x240 m) in the sampling area (Adventdalen below 250
metres) was extracted (N=3262 pixels), including all pixels with at least one geographic position of a
reindeer observation (n=437 pixels, min positions per pixel=1, max positions per pixel = 22). 1527 rein-
deer groups had positional information (out of 1668 reindeer groups). Mean reindeer group size was
3.2 reindeer. The hurdle logit model was applied to this dataset with NDVI as a covariate and observa-
tions per pixel as a response variable. The best model was determined by AIC. Based on the best model
from the total counts, a density map was created across the Sassendalen valley in the same area as the
helicopter surveyed area.
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Figure E1. Reindeer geographic positions in the neighbouring valley Adventdalen (N=1527).
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Table E1. Independent total counts density model obtained from ground counts in a neighboring valley. We used
the most parsimonious density total counts model from Le Moullec et al. [42], which modelled individuals per
segment as a function of NDVI using a hurdle density model with a zero-truncated negative binomial distribu-
tion with a dispersion parameter. This model was fitted using the restricted maximum likelihood (REML) frame-

work.
Hurdle density model Adventdalen
B+SE P
Count  Intercept -1.04 £ 0.57 0.07*
model
NDVI* 0.003 + 0.0009 0.002
P/A Intercept -4.59 + 0.33 <0.05
model
NDVI 0.004 + 0.0005 0.02
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