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Abstract
Context: Spatial variation in large herbivore populations can be highly affected by the availability of
resources (bottom-up) but modulated by the presence of predators (top-down). Studying the relative
in�uence of these forces has been a major topic of interest in ecological and conservation research, while
it has also been challenging to sample large herbivores.

Objective: i) Explore the use of spatiotemporally replicated drone-based counts analysed with N-mixture
models to estimate abundance of large herbivores. ii) Evaluate the relative in�uence of bottom-up (forage
and water) and top-down (jaguars) processes on the local abundance of the threatened marsh deer.

Methods: We conducted spatiotemporally replicated drone �ights in the dry season of Pantanal wetland
(Brazil) and imagery was reviewed by either one or two observers. We �tted counts using N-mixture
models (for single and double observer protocols) and modelled local abundance in relation to vegetation
greenness, distance to water bodies, and jaguar density.

Results: We found a positive relationship of marsh deer local abundance with vegetation greenness, a
negative relationship with distance to water, but no relation with jaguar density. Individuals were
concentrated in the lower and wetter region, even though it is the area expected to be more lethal from
jaguar predation.

Conclusions: Bottom-up processes are shaping the distribution of marsh deer in the dry season; the
bene�ts of accessing high-quality areas outweigh predation risk from jaguars. Spatiotemporally
replicated drone-based counts may serve as an accessible and cost-effective protocol for large herbivores
abundance estimation and monitoring while accounting for imperfect detection.

Introduction
Large herbivore populations can be highly affected by resource availability (i.e. bottom-up) and the
predator presence (i.e. top-down). Assessing the relative effect of these forces has been a major topic of
interest in ecological studies of this group (e.g. Anderson et al., 2010; Hopcraft et al., 2010; Owen-Smith,
2010; Riginos, 2015). As both resource availability and predator presence may commonly vary in space,
the local abundance of large herbivores is expected to be heterogeneous in landscapes. Furthermore,
individuals can avail of this heterogeneity to access high-quality resources while avoiding predation
(Armstrong et al., 2016; Hebblewhite & Merrill, 2009). Understanding these effects is important for wildlife
conservation and management since herbivores are considered the trophic group at the highest extinction
risk, with consequences for entire ecosystems (Atwood et al., 2020). The knowledge about bottom-up and
top-down effects in large herbivores can be used to predict consequences of global climate changes in
forage availability, to foresee possible effects of large herbivore or predator extinctions or reintroductions
on ecosystem functions, and to manage exotic invasive herbivores or game species.
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Beyond primary productivity itself, a major factor in�uencing large herbivore populations is the
distribution of high-quality forage. Large herbivores usually seek vegetation with high nutritional quality,
that is, young and fresh plants, easily digestible and rich in protein. As the plant biomass increases,
forage quality reduces, thus herbivores tend to optimally choose intermediate forage biomass to
maximize energy intake (Fryxell, 1991; Hebblewhite et al., 2008; Hobbs & Gordon, 2010). In heterogeneous
landscapes, the variation in vegetation phenology can sustain high herbivore densities. Especially in
seasonal environments, high-quality forage is considered the major factor in�uencing large herbivores
migrations, for example, in African savannas (Boone et al., 2006; Purdon et al., 2018) and mountainous
regions of North America (Aikens et al., 2017; Hebblewhite et al., 2008; Jakes et al., 2018; Merkle et al.,
2016; Sawyer & Kauffman, 2011) and Eurasia (Bischof et al., 2012; Rivrud et al., 2016). The spatial
distribution of herbivores in a speci�c time would be then strongly determined by plants’ phenological
stage, with higher densities in areas showing higher vegetation greenness values.

Predation is also an important process shaping large herbivore populations, usually modulating the
effects of optimal foraging preferences (Hebblewhite et al., 2008; Hopcraft et al., 2010; Rivrud et al.,
2018). Predation can be a potential cause of local extinction for large herbivores, even when kill rates are
low (Festa-Bianchet et al., 2006). Beyond the direct effect of predation in removing individuals from the
population (i.e. consumptive effects), prey species can show behavioural responses as they perceive the
risk of predation (Lima & Dill, 1990; Say-Sallaz et al., 2019). When exposed to predation risk, large
herbivores can increase vigilance behaviour or herd size, and even change used areas or time of activity
(Creel et al., 2014). These non-consumptive effects may have different – and sometimes larger – effects
in prey dynamics than direct predation (Creel & Christianson, 2008). Thus, the resulting spatial
distribution pattern of large herbivore individuals would be a trade-off between foraging gains and
predation effects.

Studying large herbivore populations is challenging, especially at large spatial scales and in remote
areas. The in�uence of forage distribution and predators on herbivore individuals has usually been
studied using biotelemetry, by evaluating how landscape variables associated with forage availability
and predation affect individuals' movements and space use (Hopcraft et al., 2014; Merkle et al., 2016;
Owen-Smith, 2010). Population-level studies of large herbivores are commonly carried out using aerial
surveys with manned aircraft (e.g. Caughley, 1974; Vucetich & Peterson, 2004), which is often �nancially
prohibitive and can prevent the necessary amount of spatial or temporal replications for accurate and
frequent estimates needed for decisions in conservation (Ferreira & Aarde, 2009; Fritsch & Downs, 2020).
Recently, drones (Unmanned Aerial Systems or Remotely Piloted Aircraft) have emerged as an accessible,
safe, and cost-effective alternative for aerial surveys and have been tested to sample large herbivore
populations (e.g. Barasona et al., 2014; Chrétien et al., 2016; Gentle et al., 2018; Linchant et al., 2018; Rey
et al., 2017; Vermeulen et al., 2013).

As for other wildlife survey methods, aerial count data obtained from drone-based surveys are susceptible
to imperfect detection. Some individuals present in the sampling area may be unavailable for detection
(e.g. under a tree) or, even when available, an observer can fail to detect them when reviewing imagery
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(Brack et al., 2018). Addressing these sources of error in count data with a robust framework is imperative
to obtain unbiased abundance estimates. Given the potential of hierarchical N-mixture models to
estimate abundance accounting for imperfect detection and without the need of marking individuals
(Royle, 2004), they have been proposed as a feasible approach for aerial surveys (Brack et al., 2018;
Williams et al., 2017), especially for modelling abundance at large spatial scales (e.g. Martin et al., 2015).
Moreover, the typical sampling design for N-mixture models matches the characteristics of drone surveys,
that is, multiple and short �ights in spatiotemporally replicated surveys.

Our objective here was two-fold: i) explore the potential of drone surveys and hierarchical N-mixture
models to estimate large herbivore abundance and ii) use this innovative approach to evaluate the
relative in�uence of bottom-up (forage and water) and top-down (predators) factors on the local
abundance of marsh deer (Blastocerus dichotomus). The marsh deer is the largest cervid in the
Neotropics (up to 150 kg), highly adapted to use marshes and swamps, living in low densities in South
America’s wetlands and savannas. Because of its association with wetlands, marsh deer’s current
distribution is highly fragmented and the species is listed as Vulnerable with extinction (IUCN; Duarte et
al., 2016). Its main predator is the jaguar (Panthera onca) and, although marsh deer are considered a
valuable prey for jaguars (Hayward et al., 2016), they only compose ≤ 10 % of the jaguar’s diet
(Cavalcanti & Gese, 2010; Azevedo & Murray, 2007; Perilli et al., 2016). Here, we speci�cally tested a
positive in�uence of (1) vegetation greenness (as a proxy for high-quality forage availability) and (2)
water bodies on the local abundance of marsh deer, and a negative effect of (3) jaguar density. We also
tested a modulatory effect of jaguar density on the relation of deer local abundance with vegetation
greenness, expecting higher jaguar densities to be associated with weaker positive effects of forage. We
assessed these predictions during the dry season of the Pantanal wetland of Brazil. Additionally, we
discuss the feasibility of spatiotemporally replicated drone surveys applied here, and compare two
hierarchical N-mixture modelling approaches (single and double observer protocol) for estimating the
abundance of large herbivore populations, which can also be employed for other wildlife species in
different contexts.

Materials And Methods

Study area
The Pantanal wetland, the world’s largest tropical �oodplain, is an inner lowland region of Quaternary
sedimentary deposits in central South America. With a seasonal rainy climate, it receives periodic
�ooding pulses from the rivers in the surrounding highlands (Junk et al., 2006). This study was
conducted in the Sesc Pantanal Private Natural Reserve, a 108,000-ha private reserve created in 1997,
located in the Northern Pantanal (16º 45’ S and 56º 15’ W), and designated as a Ramsar Site (number
1270). The area is characterized by a tropical savanna climate with a pronounced dry season, showing a
mean annual temperature of 26ºC and an annual average rainfall of 1200 mm concentrated from
November to March (Hofmann et al., 2016). The reserve is located between two of the major Pantanal
rivers, Cuiabá and São Lourenço, receiving their over�ows in the �ooding season. The area is composed
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of a highly heterogeneous vegetation (grasslands, shrublands, and riparian, �ooded, and seasonally dry
forests) mainly structured by microrelief differences that receive different �ooding regimes (Oliveira et al.,
2013). We focused this study on two regions of the Sesc Pantanal Reserve dominated by open vegetation
types: (1) the western portion, covered by shrublands, sometimes mixed with �ooded forest patches of
Vochysia divergens, located at lower altitudes and retaining more water in the dry season; and (2) the
central region, covered by savannas (woody “cerrado” vegetation and grasslands) and seasonally dry
forests, and containing some small arti�cial water ponds, built before the reserve creation (1997) for
cattle watering in the dry season, that are used by marsh deer. Since the reserve creation in 1997, cattle
were excluded from the area and wild�res have been fought.

N -mixture models for count data from drone surveys

N-mixture models are a family of hierarchical models used to estimate abundance from repeated counts
of unmarked individuals while accounting for imperfect detection (Dénes et al., 2015; Royle, 2004). The
typical sampling design for N-mixture models consists of multiple sites observed multiple times (i.e.
spatiotemporally replicated surveys). These count data are modelled in a hierarchical way, as a result of
(at least) two processes: i) the biological state process that governs the local abundance at sites, and ii)
the observation process, affected by imperfect detection of individuals. In the application of N-mixture
models for drone surveys we present here, each transect (a �ight path) is split into segments, which
represent the sites. Each site is �own multiple times and the aerial images captured from the drone are
reviewed under a double independent observer protocol (Fig. 1). Thus, the resulting dataset can be
represented as a three-dimensional array containing, for each visit in each site, the counts summarized as
different possibilities of encounter histories by the observers (i.e. number of individuals detected by both;
only by the �rst observer; and only by the second observer). With this data structure, it is possible to
estimate abundance while accounting for the two common sources of false-negative errors in aerial
surveys: availability and perception errors (Brack et al., 2018). The availability error refers to individuals
that are present in the sampling area but unavailable for detection at the time the image is taken due to,
for example, being hidden below vegetation. Perception error occurs when an observer (or an algorithm)
fails to detect an individual that is available for detection. Both errors, if not properly addressed, generate
underestimation of population size.

For modelling such count data, we used the three-level multinomial N-mixture model with a temporary
emigration component proposed by Chandler, Royle, & King (2011). Under the assumption site abundance
remains constant throughout independent visits, we model the local abundance Mi at sites i ∈ {1, . . , S}
as a Poisson distribution (given counts are non-negative integer numbers):

Then, in each visit j ∈ {1, . . , J}, each individual from the population Mi at site i has a probability φ of
being available for detection, resulting in the number of available individuals Nij:
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If the sites are truly closed to changes in population (i.e. no departures nor entries), the availability
parameter φ corresponds to the probability of an individual present at a site not being hidden, for
example, below vegetation, inside a burrow, or, in the case of marine surveys, submerged. However, if
there is some movement of individuals in and out of the surveyed area between visits, the availability
parameter would correspond to both processes: the probability of the individual being present on the site
at the time of survey and not being hidden.
In the last observation level, each individual available for detection Nij has a probability p of being
detected by each observer independently (i.e. perception probability). With a double independent observer
protocol, there are four possible encounter histories for each available individual: detected by both
observers (“11”), detected only by the 1st observer (“10”), detected only by the 2nd (“01”), and not
detected (“00”). Then, the counts Y under each observable encounter history k ∈ {1,2, 3} are modelled
as a function of multinomial conditional cell probabilities πk, in which k11 = p²; k10 = p(1 - p); k01 = (1 - p)p:

Alternatively, it is possible to estimate abundance with a single observer protocol for image review using
the classic binomial N-mixture model (Kéry et al., 2005; Royle, 2004, and proposed for drone-based
surveys in Williams et al., 2017), but forgoing the possibility of segregating both observation processes.
In this case, the single observer counts Y for each site i in each visit j are modelled under a binomial
distribution in which each individual of the population Mi has an overall detection probability p* that is
the product of availability (φ) and perception (p):

 

The use of a double observer protocol for image review is not necessary for the entire image set: a mixed
single and double observer protocol (i.e. double observer only in a subset of the imagery) is enough to
separately estimate perception and availability probabilities (Brack et al., 2018; Kéry & Royle, 2016).

Further to this constant model, parameters can be estimated as a function of covariates using linear
regressions with appropriate link functions (e.g. log for λ and logit for φ, p, and p*).

Drone �ights and marsh deer counts
Aerial marsh deer surveys were carried out in preprogramed �ight paths using the drone Echar 20B
(XMobots®, http://xmobots.com/). Echar 20B is a battery-propelled �xed-wing drone (2 m wingspan, 7
kg) with a �ight time of about 1h15min and a cruise speed of 70 km/h. It is launched by a catapult and
lands with a parachute. The drone was equipped with either a Sony Alpha500 (24Mpix) or a Sony A7R
(36Mpix) RGB sensors. Flight height and lens focal distance were adjusted for each camera in order to
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keep a ground sample distance (GSD) of approximately 2 cm/pix (e.g. Sony Alpha A7R, 110 m above
ground and 22 mm focal distance). Resulting strip width (photo) was approximately 180–200 m.

We planned six �ight paths, ranging from 32 to 42 km in length (Fig. 2 and Table 1). We �rst de�ned a
1x1 km grid with a random origin in the study area to guide the �ight lines and planned �ight paths
preferably in separated strips (to avoid deer movements between lines), perpendicular to the �ooding
pulse (to minimize intra-site and maximize inter-site vegetation and water heterogeneity). Flight paths
avoided highly forested areas seldom used by marsh deer and where the availability of individuals for
detection would be close to zero. As �ight time is a limiting factor for drone surveys (especially battery-
propelled), we planned the �ight paths to start and �nish nearby to minimize wasted �ight time outside
planned lines. The drone was programmed to take photos with a frontal overlap of 50–60 %, meaning
that each point in the ground would appear in 2–3 pictures. We conducted a total of 25 drone �ights (2–6
visits in each �ight path) in September and October of 2017, resulting in 763 km �own. To de�ne the sites
for the N-mixture models, we split the six �ight paths into segments of 1 km length, expecting to reduce
effects of movement of individuals between sites during our sampling window (daily movements of
marsh deer intra-season are expected to be short; Piovezan et al., 2010). This resulted in 203 sites with
1–6 visits per site. Flights were operated preferably in the mildest hours of the day (i.e. 6–9 h and 16–18
h) when marsh deer are more active. We �rst repeated �ights in the same path to then go to the next �ight
path, in order to minimize the effect of individuals entering and leaving the sites between visits (i.e. avoid
temporary emigration by movement). Intervals between visits for each �ight path are presented in Table
1.

For the approximately 25,000 images collected, the �rst observer reviewed the entire imagery and the
second only 20 % of the �ights. Observers were instructed to conduct a careful review of each image with
free zooming and to mark each marsh deer found (Fig. 2c) using the software ClickPoints (Gerum et al.,
2017). For each site, we got the total marsh deer counts under each observable encounter history for each
visit (Fig. 1). The �rst observer took more than 100 hours to review the entire imagery, with a mean time
of 18 seconds per image. Given that the pictures were frontally overlapped, we used only the �rst
appearance of each record and excluded the double counts. The overlapped areas between pictures
increased the chance of detection by the observers and were helpful to solve identi�cation uncertainties.
We only included a marsh deer as a certain record after all detections were reviewed by experts. Thus, we
are con�dent our dataset does not include false-positive records (which are not accounted for in our
modelling approach). We had only two uncertain detections excluded by experts, since the size, shape,
and colour of the marsh deer records are usually very conspicuous and differ from any other species or
background feature.

Covariates
We tested the effects of bottom-up (vegetation greenness and distance to water) and top-down (jaguar
density) covariates on the local abundance of marsh deer at the sites. Vegetation greenness was
calculated using the Normalized Difference Vegetation Index (NDVI) as a proxy for the availability of
high-quality forage (Fig.S1.1). The NDVI has been widely used as a proxy for primary productivity and
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forage quality for large herbivores (Garroutte et al., 2016; Pettorelli et al., 2005, 2011), presenting a well-
documented relation with protein content in vegetation and in herbivores faeces (Hamel et al., 2009; Ryan
et al., 2012). We calculated the NDVI from Sentinel-2 satellite images (10 m spatial resolution), obtained
in the same period of the drone �ights (September/2017). As we avoided �ying over forested areas, we
assume that NDVI calculated is, at a reasonable extent, related to green and fresh vegetation available for
marsh deer at the sites. On the same satellite image, we identi�ed water pixels using low NDVI values,
and we calculated, for each 10x10 m cell, the Euclidean distance to the nearest water pixel, resulting in a
raster map of distance to water (Fig. S1.2). The jaguar density map (500 m spatial resolution; Fig. S1.3)
was derived from a spatial capture-recapture (Royle et al., 2014) study conducted in the same reserve
(unpublished data, more info in Fig. S1.3). We do not expect an effect of marsh deer abundance on the
distribution of jaguars, which could preclude interpretations of causal relations in this study, because
marsh deer are generally not a major prey item of jaguars. Although the cougar (Puma concolor), the
other large predator in Pantanal, could potentially in�uence marsh deer, we did not investigate these
effects since we did not �nd any evidence of cougar predation on marsh deer in the literature.

To account for heterogeneity at the observation level, we considered air temperature during �ights and
forest cover as sources of variation on the availability of individuals. Since temperatures during the day
in Pantanal can be high (sometimes close to 40º C), marsh deer probably avoid exposure to sunlight
during the hottest times of the day by being hidden below vegetation. Thus, we expect the higher the
temperature, the lower the availability of marsh deer for detection. In the same way, in areas where tree
cover is higher, there is more chance of marsh deer being hidden below vegetation, and thus we expect
the higher the forest cover, the lower the availability of marsh deer for detection. Air temperature was
recorded during �ights approximately every 10 minutes with a thermometer Incoterm® 7665.02.0.00
(precision = 1º C) about one meter above ground. The forest cover in sites was obtained from a land
cover map derived from Landsat satellite scenes of 2016 (30 m resolution), using a supervised
classi�cation of images from 3 periods of the year: �ooded, discharging and dry seasons.

For each 1km-site, we summarized NDVI, distance to water bodies, and jaguar density by calculating the
mean pixel value, and extracted forest cover as the percentage of forest pixels within the site. We
obtained a single value of air temperature for each site in each visit.

Model �tting
We modelled marsh deer drone-based counts in relation to the covariates using the two model structures
presented in the modelling description section: i) the single observer binomial N-mixture model, and ii)
double observer multinomial N-mixture model. We built the models with a maximum of two covariates in
the biological process (local abundance λ), considering the interaction (i.e. modulatory effect) between
jaguar density and vegetation greenness and avoiding the inclusion of jaguar density and distance to
water bodies in the same model (because jaguar density was modelled in relation to water). In the
observation level (availability φ for the multinomial and overall detection p* for the binomial N-mixture),
we compared all combinations of forest cover and temperature. For the multinomial N-mixture model, we
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only considered the perception probability p as constant. This resulted in 28 candidate models for each
N-mixture model structure (Tables S2.1-S.2.2).

We �tted the models under a maximum likelihood approach (data and R script in Supplementary Material
S5) using functions pcount (single observer) and gmultmix, (double observer) from package unmarked
(Fiske & Chandler, 2011) in the programming language R (R Core Team, 2020). We performed model
selection with the Akaike Information Criteria adjusted for small sample sizes (AICc). We chose only a
Poisson distribution for the local abundance parameter since the use of the Negative Binomial
distribution has been unrecommended because it can provide unreliable very high abundance estimates
in N-mixture models (Joseph et al., 2009; Kéry et al., 2005). All covariates were standardized by
subtracting their mean and dividing by their standard deviation. No pairwise correlation between
covariates was higher than |r| = 0.7. We applied a visual check of residuals and goodness of �t test for
the binomial N-mixture model using nmixgof package (there is no GOF test readily available for the
multinomial N-mixture model), which indicated an adequate �t and presented an estimated
overdispersion parameter ĉ < 1.1. Using the best-ranked model for the double observer approach, we
produced an abundance map of the marsh deer in the Sesc Pantanal Reserve from the predicted
covariate relations and excluding pixels we considered to be non-habitat for the species (i.e. forest cover 
> 80 %).

We also checked whether the choice to segment the �ight paths in 1km-sites affected our abundance
estimates and if we could detect any effect of spatial temporary emigration. For this, we segmented the
�ight paths using different site length de�nitions, ranging from 400 to 2000 m in steps of 50 m, and �tted
a null multinomial N-mixture model (λ, φ, and p constants) for each of these 33 scenarios. To be able to
compare the abundance estimates between these scenarios with different segment lengths for sites, we
added an offset using the logarithm of the segment length in the abundance parameter (λ).

Results
From the approximately 25,000 images collected in the 25 �ights, we obtained a total of 66 unique marsh
deer records by both observers (Fig. 2, Table 1) that appeared in 137 images (the same record usually
appeared in more than one image because the pictures were overlapped). For the �ve �ights that have a
double observer protocol, 20 deer were detected by both observers, two detected only by the �rst observer,
and two only by the second (Table 1). Marsh deer were detected in 26 of the 203 1km-sites and the
maximum count for a visit was four and occurred in two sites. For those 26 sites that presented any
marsh deer detection, the mean count per visit was less than one (0.72).
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Table 1
Length, number of �ights (visits), and marsh deer counts by the 1st and the 2nd observers for the six

�ight paths planned at Sesc Pantanal Reserve (Brazil). Visits intervals present the median time between
visits and maximum time between the �rst and the last visit. The �rst observer reviewed the entire

imagery and the second only 20% of the �ights.
Path ID Length (km) N visits Visits intervals

median (max) in hours

Counts obs1 Counts obs2

1 32 2 1 (1) 4 / 7 3 / -

2 38 3 8 (15) 1 / 0 / 0 - / - / -

3 35 5 10 (49) 6 / 5 / 10* / 15 / 7 - / - / 10* / - / 8

4 36 5 16 (200) 0 / 0 / 0 / 0 / 0 - / - / - / - / -

5 34 6 5 (23) 1 / 0 / 0 / 1 / 0 / 0 1 / - / - / - / - / -

6 42 4 24 (72) 3 / 1 / 1 / 2 3 / - / - / -

* total number of detected individuals in this �ight was 11 (9 detected by both and 1 by each one).

Model selection picked up the same covariates for both model structures (single observer binomial and
double observer multinomial N-mixture; Tables S2.1-S2.2) and both approaches presented very similar
coe�cient estimates in the top-ranked models (Table S2.3). We found a negative effect of the distance to
water bodies and a positive effect of vegetation greenness (NDVI) on marsh deer local abundance
(Fig. 3). We did not �nd evidence of an effect of jaguar density on the local abundance of marsh deer.
Sites with a higher proportion of forest cover and �ights conducted at higher air temperatures had lower
detection probabilities (Fig. 3c and 3d). The estimated perception probability of detecting a deer available
on the imagery by an observer (p) was very high: 0.93 (95 % CI = 0.82–0.97).

Estimated mean marsh deer abundance (λ) ranged from close to zero (sites with low values of NDVI or
with a mean distance of water bodies greater than 2 km) to about one (sites near to water bodies or with
high values of vegetation greenness); keeping the mean value of one covariate when varying the other
(Fig. 3a and 3b). Predicted abundance for sites near water bodies and with high NDVI values was 3.2 (95
% CI = 1.5–6.7). The total abundance estimated for all 203 sampled sites was 150 individuals (95 % CI = 
43–445). The spatial distribution of marsh deer local abundance obtained from the predicted relations
indicates consistently higher densities of the population in the western part of the reserve (Fig. 4; lower
and upper 95 % CI local abundance maps are provided in Fig. S3.1). The resulting total abundance
predicted for the Sesc Pantanal Reserve was 1856 (95 % CI = 951–3710) marsh deer.

For the analysis comparing different choices of site length, we obtained a considerable variation in the
precision among scenarios, but the estimates overlapped consistently (Fig. S4.1). Highly uncertain
estimates correspond to scenarios where some deer records were excluded by the way �ight paths were
segmented.
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Discussion
We were able to reveal the effects of bottom-up (forage and water) and top-down (predators) landscape
variables on the spatial variation of marsh deer local abundance using spatiotemporally replicated drone
�ights while accounting for detection errors. We �rst discuss the methodological implications of our
results and then explore the biological interpretations of the tested hypotheses.

Modelling abundance with spatiotemporally replicated
drone surveys
Count data obtained from spatiotemporally replicated drone surveys and analysed with N-mixture models
has proven to be a straightforward method to estimate abundance and its relationship with landscape
variables for a low-density large herbivore at a relatively large spatial scale (especially for studies using
drone surveys). We were able to reach a coe�cient of variation for the mean local abundance estimate

CV(
−
λ) = 35 % with 66 records collected in 25 �ights that surveyed an area of 1080 km² in less than 20

days of �eldwork. With this approach, we assessed marsh deer abundance accounting for the two main
detection errors in aerial surveys: availability and perception. This is particularly interesting for the
availability error, which is rarely addressed in aerial surveys or estimated by using costly auxiliary data,
such as from biotelemetry (e.g. Martin et al., 2015). The nature of this method (multiple short �ights) can
overcome a common limitation of population assessments by drone surveys: the short �ight time and
range. Finally, local abundance estimates were robust (i.e. no evidence of bias) to the choice of segment
length we made to split the �ight paths.

The use of single observer counts in image review, instead of a double observer protocol, did not
compromise abundance estimates or the relationship of detection parameters with covariates (assumed
to affect only the availability process). Both modelling structures (single and double observer) provided
very similar estimates for all parameters. This result is due to the very high perception probability we had
for the observers (p = 93 %; 95 % CI = 82–97 %). In our case, a double observer protocol in image review
could be considered unnecessary. However, this is possibly not the case for many other species, which
are, for example, less conspicuous in drone images, or in the case of thermal imagery with lower sensor
resolution and often low contrast between background and individuals (Burke et al., 2019). In this case, a
double observer protocol could improve abundance estimates by providing more precise estimates in the
observation process. The double observer protocol can be applied to a subset of the imagery; we were
able to estimate both observation processes (perception and availability) with con�dence using a second
observer review in only 20 % of the �ights. With the increase of automated algorithms for drone image
reviews (e.g. Gray et al., 2018; Kellenberger et al., 2018), this double observer protocol could be applied
manually to an image subset to address the algorithm error. Other situations to apply a double observer
protocol to segregate the detection processes include having different hypotheses for availability and
perception covariates or when the same covariate is expected to affect both processes in different ways.
For example, in drone surveys with thermal cameras under cold weather, temperature may positively
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affect availability (individuals seeking sunlight) and negatively affect perception (lower contrast in
thermal signature).

One limitation of the approach presented here is that spatial temporary emigration (i.e. individuals
entering and leaving the site between visits), if it exists, would bias the estimation of abundance. In such
cases, the local abundance parameter should not be used to obtain absolute density numbers (Kéry &
Royle, 2016) and could be more adequately interpreted as the intensity of use by the population, that is,
the number of individuals of the population that use that site. It is possible to reduce the effects of spatial
temporary emigration on abundance estimates by shortening the time between visits, but avoiding a
temporal autocorrelation between visits (Brack et al., 2018; Williams et al., 2017). Another factor that can
affect the in�uence of the spatial temporary emigration is the relative magnitude of the individuals'
movements in relation to the site size, depending on the site size itself and the home range size of the
species (Chandler et al., 2011). In this study, we did not �nd any trend of the abundance estimates in
relation to the choice of segment length (i.e. site size). Although this analysis could not directly detect
spatial temporary emigration effects, it apparently indicates no positive bias in abundance estimates.
Even though absolute abundance numbers derived from this method should be treated carefully in the
presence of spatial temporary emigration, this approach is widely useful for studying the relationship of
abundance with spatial variables and as relative abundance estimates for long-term monitoring of
population trends.

Spatial variation in marsh deer abundance
We found evidence of bottom-up related processes (water bodies and vegetation greenness as a proxy for
available forage) affecting the distribution of marsh deer local abundance in the dry season. Even it is
not possible to a�rm that there are no predation effects on marsh deer abundance, its relative in�uence
is certainly weaker than the bottom-up processes we studied. Interestingly, the high-quality areas that
sustain higher densities of marsh deer in the dry season (i.e. near water bodies and higher levels of
vegetation greenness) are the areas that would be expected to be more lethal (i.e. higher jaguar density).
Moreover, areas close to water bodies are considered riskier in the dry season because large predators
tend to hunt in such regions (Owen-Smith, 2014; Valeix et al., 2011). Although top-down factors (i.e.
predation) are expected to signi�cantly affect the distribution of ungulates (McArthur et al., 2014), our
result may not be very surprising. In seasonal rainy savannas, remaining areas with available forage in
the dry season are considered a major factor limiting large herbivore populations (Owen-Smith, 2014),
sometimes overshadowing high risks of predation (Riginos, 2015). Thus, the bene�ts of accessing high-
quality areas (with more food and water) for marsh deer in the dry season may outweigh predation risk
from jaguars, resulting in higher marsh deer local abundance. Also, to reduce risks in these areas, marsh
deer may present some behavioural mechanisms to prevent predation by, for example, avoiding being
active at night, when predation success is higher, or increasing vigilance while foraging (Creel et al.,
2014). Furthermore, the presence of predators could in�uence the local abundance of marsh deer at �ner
scales than we evaluated here, or the in�uence of predation on marsh deer may be related to other
variables than jaguar density such as the amount and distribution of safe and risky patches in the
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landscape (Laundré et al., 2014; Moll et al., 2017). Finally, as marsh deer is not a common prey for
jaguars (Cavalcanti & Gese, 2010; Azevedo & Murray, 2007), jaguars may not impose strong predation
risks for marsh deer.

The positive relation we found between marsh deer abundance and vegetation greenness corroborates
the known pattern that primary productivity is a major factor shaping the distribution of large herbivore
populations in landscapes. This relationship is well studied for ungulates in temperate regions of Eurasia,
where, with the beginning of the spring season, herbivores track gradients of green and fresh vegetation
produced after snow melting in heterogeneous topographic landscapes (Bischof et al., 2012; Hebblewhite
et al., 2008; Merkle et al., 2016; Rivrud et al., 2016). In tropical areas, large herbivores in African savannas
follow a green-up gradient produced by differences in precipitation among regions (Boone et al., 2006;
Cornélis et al., 2011; Purdon et al., 2018). In South America, a similar pattern was found for guanacos in
the temperate environments of Patagonia (Schroeder et al., 2014). Similarly, the results presented here
suggest that the seasonal dynamics of tropical �oodplains may also produce forage quality
heterogeneity for large herbivores (in this case, marsh deer). Although we did not evaluate the relation of
local abundance and vegetation greenness for the wet season, in the dry season, the marsh deer
population was concentrated on the remaining patches of green vegetation in wetter areas of the reserve.
Then, we could expect an expansion of the marsh deer population following a vegetation green-up with
the rain and the �oods of the wet season. While this mechanism was proposed to in�uence variation in
marsh deer abundance in the Pantanal wetland (Tomas et al., 2001), it remains unevaluated.

As expected, we found a strong relationship of marsh deer abundance to water bodies, with the local
abundance of marsh deer drastically reduced along the �rst two kilometres from water bodies. Access to
water, especially in the dry season, can be an important factor in shaping ungulate spatial patterns
(Owen-Smith, 2014) and severe droughts are a potential cause of local extinctions (Spinage & Matlhare,
1992). Marsh deer is known to be a habitat specialist associated with wetlands: they present long limbs
with interdigital webbing to move in �ooded areas (Nowak, 1991). Since aquatic macrophytes and other
�ood-tolerant plants compose a signi�cant part of marsh deer’s diet (Costa et al., 2006; Tomas & Salis,
2000), this relationship with water bodies is probably also a consequence of foraging opportunities,
beyond water supply. However, marsh deer may occur in low densities in drier areas, since some
individuals were found away from wet areas, where small water bodies may be su�cient to sustain low
densities. Interestingly, some areas of intermediate local abundance predicted to the central region of the
reserve are close to the arti�cial water ponds (cattle watering holes remnant of the former ranches).
These arti�cial water bodies can play an important role in the maintenance of marsh deer populations in
dry areas, especially in severe drought years.

The predicted spatial pattern shows that the population is concentrated in the western portion of the Sesc
Pantanal Reserve, the lower and wetter region, presenting incredibly high densities for the species in this
area (more than 8 individuals per km² in contrast with < 2 ind./km² in the drier central region). Most other
studies that estimated marsh deer density in different regions obtained a maximum of one individual per
km² (Andriolo et al., 2005; Mourão et al., 2000; Peres et al., 2017; Ríos-Uzeda & Mourão, 2012; Tiepolo et
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al., 2010), with Tomas et al. (2001) reporting a maximum of 1.85 ind./km² in some areas of Pantanal in
the dry season. Although we should treat our density estimates carefully because of potential spatial
temporary emigration, these apparent high densities for marsh deer could be justi�ed by the fact that
these previous studies did not account for the availability bias in estimates. As it is clear from our low
estimates of the availability parameter (φ < 0.3), the availability error might have an important in�uence
on aerial counts of marsh deer (and potentially other ungulate species). It is not uncommon to �nd
studies that ignore or poorly address the availability error in aerial surveys (e.g. Barasona et al., 2014;
Mourão et al., 2000), providing a biased estimation of abundance. This result highlights the importance
of accounting for imperfect detection (here, particularly the availability error) – and modelling its
heterogeneity – in large herbivores population assessments.

Conclusions
Large herbivores are highly threatened because of habitat conversion, overhunting, and livestock
diseases and competition, combined with usually large home ranges, migratory behaviour in many
species (Gnanadesikan et al., 2017), and low reproductive rates (Ripple et al., 2015). Methods to
e�ciently estimate population size are important to monitor and evaluate the status of threatened large
herbivore populations. Counts from spatiotemporally replicated drone-based surveys analysed with
hierarchical N-mixture models may serve as an accessible and cost-effective protocol for modelling the
abundance of large herbivores (and certainly other wildlife species observable from aerial images)
accounting for imperfect detection, especially in open vegetation and remote areas.

Marsh deer local abundance in the dry season presented a strong relation with what is expected to be the
high-quality areas for the species: high levels of vegetation greenness (that are expected to provide high-
quality forage) and close to water bodies (as a habitat specialist associated with wetlands). The
distribution of marsh deer abundance was not in�uenced by its main predator, the jaguar, and the higher
densities of the population overlapped with the higher densities of jaguars. Small water bodies (even the
arti�cial ones) may sustain some individuals in drier areas and may be an important resource for the
species in severe years. As primary productivity and availability of water bodies present a very
contrasting seasonal dynamics associated with �ood pulses in Pantanal (and in other marsh deer
occurrence areas), it would be interesting to evaluate how the trade-off between these bottom-up and top-
down forces behaves in the wet season. Effective conservation actions (e.g. delimitation of protected
areas) can be improved by the understanding and prediction of these dynamics to encompass the entire
range of high-quality areas for marsh deer.
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Figures

Figure 1

Sampling design and resulting count data to account for availability and perception errors in abundance
modelling (for a multinomial N-mixture model with temporary emigration) from drone surveys. The
sampling scheme presumes drone �ights conducted at multiple sites (site i=1 to S, possibly from
segmented �ight paths) and with multiple visits (visit j=1 to J); and a double independent observer
protocol for image review. The resulting data is a 3-d array count data (S,K,J ; in which K is the number of
possible encounter histories, i.e. “11”=detected by both observers, “10”=detected only by the 1st observer,
and “01”=detected only by the 2nd).



Page 23/25

Figure 2

(a) Pantanal wetland, Western Brazil; (b) Sesc Pantanal Reserve (white contour) and marsh deer records
(red dots) obtained from drone surveys at six �ight paths (yellow dashed lines). Detailed information of
the �ight paths (orange numbered icons) is presented in Table 1. (c) Example of marsh deer record from
drone imagery.
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Figure 3

Predicted relations of marsh deer local abundance with (a) vegetation greenness, and (b) distance to
water bodies; and individuals’ availability with (c) temperature during �ight, and (d) proportion of forest in
sampled sites. Relations were predicted by modelling counts from spatiotemporally replicated drone
surveys with a double observer protocol, using a Multinomial N-mixture model. Shaded areas represent
the 95% con�dence interval and the dots in the x-axis indicate the covariate values.
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Figure 4

Spatial prediction of marsh deer local abundance for the dry season of 2017 in Sesc Pantanal Reserve,
derived from spatially replicated drone-based counts. Blue polygons represent water bodies and grey
areas correspond to highly forested areas (>80%) for which local abundance was not predicted.
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