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ABSTRACT

Introduction: The emergence of drones has profoundly transformed the field of large mammal monitoring, offering unprec-
edented capabilities for data collection on both terrestrial and aquatic species but challenges remain for data collection and
analyses.

Aims: In this Practice Insights article we provide a succinct review of drone types, their sensors and main applications to moni-
tor large terrestrial mammals. We focus on obtaining key ecological metrics through using drones: presence/absence, population
density and overall abundance, including spatial distribution. We also review machine learning efforts to automate animal de-
tection and tracking, as well as the statistical methods to estimate animal density.

Methods: We provide a new method to determine animal locations from RGB videos obtained with drones. The geolocation
method shows promising results with an accuracy of between 1.58 and 3.1 m on a small test sample, which is an improvement
over those from crewed aircraft.

Discussion: Challenges for drone usage in terms of data collection and analyses remain but both are becoming increasingly
more user friendly. There are still challenges such as the lack of open-source deep learning models to detect mammals and clas-
sify them but we expect this to be solved in the coming years. In addition the analytical workflows to move from such detections
and classifications will likely become more user friendly as well.

1 | Introduction (Amstrup et al. 2010; Otis et al. 1978) and occupancy mod-

elling (MacKenzie et al. 2002, 2017) to estimate abundance

Effective conservation oflarge mammalsrelies on cost-effective
field data collection methods and statistical inference frame-
works that provide accurate and precise estimates of ecologi-
cal metrics such as density (Buckland et al. 2015; MacKenzie
et al. 2017; Piel et al. 2022). Historically, wildlife data have
been collected using a range of ground-based technologies,
including direct visual surveys, camera trapping, acoustic
monitoring and physical capture systems (Cordier et al. 2022;
Hoefer et al. 2023; Hoffmann et al. 2010; Plumptre 2000;
Romairone et al. 2018). These technologies are often paired
with statistical inference methods such as distance sampling
(Buckland et al. 2001), capture-mark-recapture models

and density. Although widely used, these approaches have
several limitations. They typically offer limited spatial cover-
age, require substantial field effort and can cause disturbance
to target animals, potentially biasing observations (Beery
et al. 2018; Burton et al. 2015; Marques et al. 2013; Stevenson
et al. 2015; Wearn and Glover-Kapfer 2019). In addition, op-
erational costs associated with large-scale deployments can
be substantial (Davis et al. 2020; Nichols and Williams 2006).
Crewed aerial surveys have provided broader spatial coverage
for wildlife monitoring for decades, but they are vulnerable to
observer subjectivity and fatigue—detection probability can
decline markedly after hours of continuous surveying—and
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operational risks, including the safety hazards of aviation
work where aircraft accidents account for job-related wildlife
field fatalities; they also impose substantial costs and airstrip
and aircraft availability is often limited (Delisle et al. 2022;
Ransom 2012). Moreover, conventional aerial surveys relying
on human observers often fail to detect nocturnally active,
camouflaged or canopy-obscured animals because of limited
visibility, poor contrast or forest cover—all of which bias re-
sults in dense habitat contexts (Clement et al. 2022; Delisle
et al. 2022; Jachmann 2002; Ransom 2012).

To complement current survey methods, drones have rap-
idly emerged as a new tool to monitor wildlife (Chabot and
Bird 2015; Wich and Koh 2018). Drones offer a unique suite
of advantages, including elevated aerial perspectives, en-
hanced manoeuvrability to either follow animals and/or fly
in hilly terrain and the capacity for non-intrusive data collec-
tion that minimizes disturbance to wildlife when guidelines
are followed (Cantu de Leija et al. 2023; Mulero-Pazmany
et al. 2017). They can be equipped with a variety of sensors that
can capture high-resolution visual-spectrum imagery, ther-
mal infrared image data and even audio recordings (Linchant
et al. 2015; Seymour et al. 2017). Their ability to cover large
areas rapidly, especially when multiple drones are deployed
simultaneously, often at reduced operational costs and with
improved safety compared to traditional crewed aircraft, po-
sitions them as a highly advantageous tool in contemporary
wildlife research (Christie et al. 2016; Hodgson et al. 2018).
A particularly compelling additional benefit of drone surveys
compared to crewed surveys is the provision of a permanent,
verifiable digital record of sightings, which allows repeated
review and validation of data, which is not possible with data
collected by humans directly. To effectively monitor large
mammal populations, researchers rely on several key ecologi-
cal metrics such as presence/absence, density and abundance.
In this review, we explore the usage of drones for estimating
these metrics.

The effectiveness of drones for mammal monitoring is linked
to various platforms and their integrated sensor technologies
(Chabot and Bird 2015; Wich and Koh 2018). The different
drone types can be used for specific monitoring objectives,
ranging from hovering and slow flying over small areas to
flying long-distance large-scale surveys (Christie et al. 2016;
Linchant et al. 2015). There are three main drone platforms.
Multirotor: These platforms are characterized by multiple ro-
tors that provide vertical take-off and landing (VTOL) and
hovering capability. Their vertical flying agility makes them
ideally suited for close-up monitoring (often in combination
with zoom options on the camera), capturing stable images
and videos, and excellent opportunities to follow animals.
Multirotors can also be used for flying longitudinal transects
or grid patterns to survey mammals over relatively small areas
(exact surface area covered depends on flying height and over-
lap of flight pattern) (Barnas et al. 2020; Hodgson et al. 2016).
Fixed-wing: These drones resemble small aircraft and are
optimized for efficient horizontal flight over extensive areas.
Their extended endurance and flight speed compared to mul-
tirotors are particularly beneficial for large-scale surveys. But
less so for detailed searches in small areas or flying low, which
could also lead to reduced overlap when flying at higher speed

(Seymour et al. 2017; Wich and Koh 2018). Hybrid VTOL:
These drones combine the most advantageous features of both
multirotor (VTOL) and fixed-wing (efficient horizontal flight)
designs. They offer the convenience of vertical take-off and
landing without requiring runways, coupled with extended
endurance. This versatility makes them particularly effective
for large-scale surveys that occur in areas without opportu-
nities to take off and land on a runway or grassy area as well
as to combine the opportunity to fly horizontally and hover if
need be (Chabot and Bird 2015).

Drones primarily use two sensor types to monitor mammals:
standard RGB (visual-spectrum) cameras and thermal in-
frared (TIR) sensors, which detect the body heat emitted by
animals. These sensors can be deployed either separately or
together on a single drone via dual-sensor payloads, enabling
both visual identification and thermal detection within the
same survey. RGB cameras deliver much higher spatial reso-
lution but require sufficient light, making them less effective
during night or low-contrast conditions. In contrast, TIR sen-
sors excel at detecting mammals under low-light or noctur-
nal conditions, such as within dense forest canopies or when
visual contrast is minimal. For instance, thermal-equipped
drones have successfully detected orangutans and probos-
cis monkeys at dawn or dusk, situations where RGB imagery
fails due to poor lighting or camouflage, and have been ap-
plied across a range of species (Burke, Rashman, Longmore,
et al. 2019; Kays et al. 2019; Wich and Koh 2018). While RGB
cameras provide higher spatial resolution, TIR sensors enable
surveys at night or under low-light conditions where RGB im-
agery is ineffective. More recently, TIR sensors have also been
used in combination with onboard spotlights to guide detec-
tion, followed by RGB-based species identification under low-
light conditions (Kays et al. 2019).

The effectiveness of drone-based mammal monitoring is influ-
enced by flight parameters, which directly impact data qual-
ity and detectability. The main factor is flight height as flying
higher will lead to a larger camera footprint but a coarser reso-
lution of the images which can influence detectability. But be-
cause flying higher generally reduces disturbance to animals
there is a clear balance between flying as high as possible to
reduce disturbance while still obtaining the required data. A
higher flight speed allows for faster coverage of larger areas,
but increased speed can negatively impact image quality by
introducing motion blur, which can hinder accurate animal
identification and counting, especially when animals are
moving (Mulero-Pazmany et al. 2014; Whitworth et al. 2022).
Adjusting the camera angle can also affect detectability. A
nadir (directly downward) camera angle is often preferred as
it maximizes the detectability of animals and facilitates accu-
rate body measurements of species by minimizing distortion.
Conversely, tilting the camera somewhat towards the horizon
(e.g., —45°) allows for coverage of larger observation areas and
can potentially facilitate detecting animals before they might
get disturbed (Linchant et al. 2015; Pinel-Ramos et al. 2025).
Time of day, and associated sun angle, has also been shown
to influence detectability in RGB drone imagery (Jones
et al. 2023; Whitworth et al. 2022). For surveys using drones
equipped with thermal infrared sensors the time of day and
season is also an important factor that influences detectability
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due to their influence on the temperature contrast between
animals and vegetation. Flights conducted near sunrise have
generally been recommended due to the ground and vegeta-
tion being at its coolest then, which leads to a higher ther-
mal contrast (Burke, Rashman, Wich, et al. 2019; Israel 2011).
Surveys are generally more effective in seasons with minimal
vegetation cover to reduce the occlusion of thermal signatures,
which can otherwise obscure animals from view. Similarly,
RGB surveys can be more effective during leaf-off seasons if
the aim is to monitor mammals that otherwise would be oc-
cluded by leaves (Linchant et al. 2015).

By far, the most common usage of drones for mammal surveys
is to determine the presence of species by surveying areas. This
approach has been used for a variety of terrestrial and aquatic
mammals through either direct sightings or signs (e.g., nests
and burrows) (Wich and Koh 2018). Ideally, these presence de-
tections would be compared with other survey techniques. Such
comparisons have been conducted for orangutan nests using
RGB cameras (Wich et al. 2015), spider monkeys using TIR
(Spaan et al. 2019) and koalas using TIR compared to traditional
spotlight surveys (Witt et al. 2020). Despite its importance for
species distribution modelling (Franklin and Miller 2009) there
has been little focus on using drones to estimate absences except
for a recent study on chimpanzee nests (Wich et al. 2023).

Estimating the density and abundance of mammal popula-
tions is crucial for effective conservation. Drone data have been
used with several statistical methods to estimate density and
abundance. Distance sampling has commonly been used in
crewed aircraft surveys of animal species where observers di-
rectly estimate the distance between the aircraft and animals
so that perpendicular distances can be estimated (Buckland
et al. 2004). For drone surveys the same method has been used
but then instead of observers directly estimating the perpendic-
ular distance, the distance between the midline of images and
the animals has been measured on that are acquired from the
drone. This method has, however, not been used often in com-
bination with drone image data (Delaney et al. 2025; Espindola
et al. 2023; Wohlfahrt et al. 2025). N-mixture models are a
common hierarchical modelling approach used to estimate
population abundance from data, particularly when detection
probability is imperfect. These models estimate detection prob-
ability by assessing the variation in counts among temporally
or spatially replicated surveys and estimate abundance based
jointly on the variation in counts among sites and average de-
tection probability. They are robust to the issue of imperfect
detection, a common challenge in wildlife surveys and have
been successfully used in combination with drone data (Brack
et al. 2023; Ryan et al. 2025). Looking ahead, coordinated teams
of drones offer exciting opportunities for density estimation ap-
proaches that have not yet been formally explored. While a sin-
gle drone flown twice along offset paths has recently been used
to emulate a double-observer design (Campbell et al. 2026), the
formal extension of mark-recapture distance sampling (MRDS)
frameworks to simultaneous multi-drone configurations has, to
our knowledge, not yet been implemented. Such an approach
could involve one drone acting as a primary observer and a sec-
ond following directly behind along the same transect with a
sufficient lag to ensure independence of detections, enabling
estimation of perception bias and accounting for individuals

missed by the primary platform (Laake and Borchers 2004).
Beyond paired platforms, larger groups of drones following se-
quential transect paths over the same area within a short time
window could facilitate spatial capture-recapture analyses, pro-
vided individual recognition is possible. We anticipate that these
approaches will develop into a new research frontier in drone-
based wildlife monitoring.

Recent advances in machine learning have greatly enhanced
the automation of wildlife monitoring from drone footage
(Elchik, Wich, and Burger 2025). In particular, deep learning-
based object detectors, such as the You Only Look Once (YOLO)
(Khanam and Hussain 2024; Wang and Liao 2024) series, have
demonstrated strong accuracy and real-time performance in
detecting large mammals across varying distances, lighting
conditions and occlusion levels (Aliane 2025; Dave et al. 2023;
Du et al. 2025; Duporge et al. 2025; Elchik, Karimi Nejadasl,
et al. 2025; Elchik, Wich, and Burger 2025; Fang et al. 2024;
Fonod et al. 2025; Mou et al. 2023; Povlsen et al. 2024). These
models can be trained or fine-tuned using datasets derived from
drone video frames, which are often pre-processed through
subsampling strategies to reduce redundancy and speed up
annotation.

In practice, detection workflows involve extracting frames from
high-resolution drone videos and annotating them with bound-
ing boxes around animal subjects. Tools like Roboflow (2025)
can accelerate this process by leveraging pre-trained models
to generate initial bounding box suggestions, which can then
be refined by human reviewers. Once trained, detection mod-
els produce spatial coordinates and confidence scores for each
identified animal, creating structured data that can be used for
downstream analysis.

This approach enables scalable processing of large video data-
sets and facilitates more efficient identification of individual
animals across diverse visual and environmental conditions.
When combined with object detection, drone footage and track-
ing algorithms enable the continuous monitoring of animal
movements over time. Multi-object trackers such as BoT-SORT
(Bag of Tricks for SORT) (Aharon et al. 2022; Fonod et al. 2025)
associate detections across frames using both motion prediction
and appearance-based features, enabling persistent identity
tracking even during brief occlusions or rapid movements. This
temporal continuity is critical for accurate individual counts and
for analysing group-level dynamics.

In previous applications, including those targeting large terres-
trial mammals, this combination of detection and tracking has
enabled not only automated species counting but also the deri-
vation of behavioural classification and metrics such as individ-
ual and group movement speed, cumulative travel distance and
spatial overlap between individuals (Elchik, Karimi Nejadasl,
et al. 2025; Elchik, Wich, and Burger 2025; Kholiavchenko
et al. 2024). These previous applications also allowed for the
identification of dynamic clusters and subgroup formations,
illustrating fission-fusion behaviour within observed animal
groups. Such integrated workflows reduce the need for frame-
by-frame manual analysis and enable the scalable extraction
of high-resolution spatiotemporal data on large mammal
populations.
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2 | Methods

This study implements a modular computational framework
designed to automate data collection for ecological distance
sampling using drones. We propose three distinct workflows to
accommodate different data availability and processing needs:
(1) a zero-shot detection pipeline for imagery using an open-
vocabulary model (CountGD), where user-defined class labels
or species names are provided as text inputs to guide detection
without additional training, (2) a fine-tuned detection pipe-
line for imagery using custom-trained models (YOLO), and (3)
a spatiotemporal pipeline for video data integrating detection
(YOLO), tracking and telemetry synchronization (Figure 1).

2.1 | Data Acquisition and Pre-Processing

The framework is sensor-agnostic but requires specific meta-
data regarding the camera's interior orientation parameters. For
this study, data were acquired using a DJI Mavic 3T equipped
with a high-resolution CMOS sensor. Critical sensor parame-
ters, specifically the sensor width (W, - =17.3mm) and height
(Hgepgor=13.0mm), are currently configured for the Mavic 3T.
However, to accommodate future or bespoke UAV platforms,
these parameters are exposed as configuration variables, allow-
ing the pipeline to calibrate the intrinsic matrix for any sensor
provided the physical dimensions and focal length are known.

Accurate georeferencing relies on the precise synchronization of
visual data with onboard telemetry (Hansen and Figueiredo 2024).
The extraction methodology varies depending on the input modal-
ity. For static imagery, we utilize the exiftool (Harvey 2025) utility
to parse EXIF metadata, extracting the GNSS coordinates (lati-
tude, longitude), absolute altitude (AMSL), relative altitude (AGL),

Supervised Detection Images

Image Input Image Input

Fine-Tuned YOLO 3 Animal Detection and
Model Bounding Box Generation

v

Bounding Boxes, Class IDS,

Zero-Shot Detection Images

Bounding Boxes, Class IDS,

gimbal orientation (yaw, pitch, roll) and focal length. Conversely,
for the video-based workflow, telemetry is derived from the SubRip
Subtitle (SRT) sidecar files generated by DJI drones. We parse the
SRT file to map specific frame counts to discrete telemetry packets,
ensuring that the camera’s pose and location are rigorously syn-
chronized with every individual video frame.

2.2 | Object Detection and Tracking Architectures

We employ three distinct computer vision strategies to identify
targets within the raw data.

For scenarios lacking labelled training data, we utilized the
CountGD framework (Amini-Naieni et al. 2024). This approach
leverages GroundingDINO (Liu et al. 2023), a transformer-based
open-set object detector. This allows the user to query the image
using natural language prompts (e.g., ‘Elephant’, ‘Tree’) with-
out prior model training, similar to approaches used by Lalgudi
et al. (2025). The model outputs bounding boxes and confidence
scores based on semantic alignment between the text prompt
and visual features.

In situation with training data available, we employed the YOLO
architecture (Khanam and Hussain 2024; Wang and Liao 2024).
The YOLO architecture was selected due to its prevalence in
animal detection and drone-based applications (Aliane 2025;
Dave et al. 2023; Du et al. 2025; Duporge et al. 2025; Elchik,
Karimi Nejadasl, et al. 2025; Elchik, Wich, and Burger 2025;
Fang et al. 2024; Fonod et al. 2025; Mou et al. 2023; Povlsen
et al. 2024). For the validation phase of this study, the model
was fine-tuned on a custom dataset of human subjects serv-
ing as proxy targets; however, the architecture remains highly
adaptable and can be retrained on any custom dataset to detect
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specific target species. This architecture offers rapid inference
speeds suitable for high-volume video processing, outputting
bounding boxes, class IDs and confidence scores.

To address the issue of double-counting animals in video tran-
sects, we integrated the BoT-SORT tracker (Aharon et al. 2022;
Fonod et al. 2025). Unlike single-image processing, the video
pipeline assigns a unique track_id to each detected object and
maintains its identity across consecutive frames. The system
logic ensures that georeferencing is performed only once per
track, typically at the first high-confidence detection. This pre-
vents repeated detections of the same individual across multiple
frames from inflating abundance estimates.

2.3 | Monocular Depth Estimation and Metric
Scaling

To locate objects in 3D space from 2D inputs, we employed the
Depth-Anything-V2-Large-hf model (Yang et al. 2024). This
model generates a dense relative depth map for each input frame.
These depth values are unitless and represent only relative depth
relationships within the scene.

To convert relative depth into metric space, we use drone-
derived above-ground-level (AGL) altitude as an external refer-
ence. The AGL is computed from GNSS altitude corrected using
digital elevation model (DEM) data.

The absolute scale of the scene is estimated by assuming that the
ground surface corresponds to the lower bound of the relative
depth distribution. The relative depth map is then rescaled such
that this ground reference aligns with the known AGL altitude,
enabling metric reconstruction of scene geometry.

This procedure allows pixel coordinates and relative depth esti-
mates to be expressed in a unified metric coordinate system for
subsequent georeferencing.

We calculate the precise above-ground-level (AGL) altitude
(H agl) at the moment of capture. To account for terrain undula-
tion, the pipeline queries the OpenTopoData API (Walker 2020)
to retrieve the ground elevation (H,,) at the drone’s current

GPS location.

em

H

agl =H,

absolute

- Hdem

If the DEM query fails, the system falls back to the drone's baro-
metric relative altitude sensor.

As monocular depth estimation provides only relative, unitless
depth values, we rescale the depth map using drone-derived
above-ground-level (AGL) altitude as an external reference for
metric conversion. We calculate a scale factor, S, by relating the
AGL to the mean pixel intensity of the central region of the rel-
ative depth map (Ecemre). The absolute metric depth map (D)
is derived as:

Hagl
Dgps = Dy X <—
dcentre

2.4 | Direct Georeferencing Pipeline

We implement a direct georeferencing algorithm to transform
2D pixel coordinates into geodetic coordinates (latitude, lon-
gitude) (Correia et al. 2022; Gabrlik 2015; Li et al. 2011; Wang
et al. 2016; Watts et al. 2024; Zhou, Jia, et al. 2025; Zhou, Tang,
et al. 2025; Zhao et al. 2019).

First, we construct the camera intrinsic matrix, K, which maps
3D camera coordinates to the 2D image plane. To ensure the
framework supports new or non-standard cameras, K is com-
puted dynamically using the provided sensor dimensions
(W, H,, ) and the real-time focal length (F) extracted

sensor’
from telemetry:

fi 0 ¢
K=]|0 fy ¢y
0 0 1

where ¢, and ¢, represent the optical centre (half the image width
and height in pixels), and the focal lengths in pixel units (f;, f,)
are derived as:

_ FXWpixels _ FXHpixels
fe= w. YT H

sensor sensor

We then construct the rotation matrix, Rg;pp,a1, from the gimbal's
Euler angles (yaw y, pitch 6, roll ¢). For a detected object cen-
tred at pixel (u, v) with an estimated metric depth Z (retrieved

from D,, ), we back-project the point into the camera coordinate
system:
u
P,.=Z-K'-|v
1

The vector is then rotated into the North-East-Down (NED) co-
ordinate frame:

P..s=R R P

ned gimbal * fcam2body * * cam

where R amabody TEPrESENLS the transformation from the optical
axis to the drone body frame.

The resulting vector provides the North and East offset in me-
ters from the drone's position. Using the GeoPy (Esmukov and
GeoPy Contributors 2023) library, we calculate the destination
coordinates using the Vincenty inverse formula, originating
from the drone's GNSS location.

2.5 | Evaluation Methodology

To validate the direct georeferencing pipeline, we conducted a se-
ries of field experiments using human subjects as proxies for wild-
life targets. The experiments were designed to assess the system's
precision under varying kinematic conditions. Ground truth
data was acquired using the GNSS Logger application (Google
LLC 2024) by Google, running on commercial smartphones car-
ried by the subjects to log high-frequency GNSS coordinates.
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The field tests were conducted in Hoylake in the Northwest of
the UK during daylight hours on 8 October 2025. The drone
operated at an approximate relative altitude (AGL) of 80 m and
an absolute altitude (AMSL) of 120m. To rigorously test the
robustness of the geolocation algorithm, we devised two dis-
tinct testing scenarios:

1. Dynamic-Static: The UAV translates along the XY-plane
while the subject remains stationary.

2. Dynamic-Dynamic: Both the UAV and the subject trans-
late simultaneously along linear trajectories.

To quantify the system's performance, we calculated the geo-
desic distance between the predicted coordinates derived from
the computer vision pipeline and the ground truth coordinates
recorded by the GNSS logger. The error § (in meters) was com-
puted using the geodesic method on the WGS-84 ellipsoid:

6= GeOdeSIC (Ppredicted’ Pground truth)

where P represents the coordinate tuple (latitude, longitude).

3 | Results
3.1 | Experimental Results

The experimental validation assesses the accuracy of the pro-
posed direct georeferencing method across two distinct scenar-
ios: a stationary subject (human) with a moving drone (Test 1)
and a moving subject with a moving drone (Test 2).

The results, summarized in Tables 1 and 2, demonstrate a po-
sitional error ranging from 0.27 to 5.87m. Positional error is
computed as the Euclidean distance between the predicted geo-
referenced location and the ground-truth GPS coordinates of the
subject.

In Test 1 (stationary subject), the mean positional error
was 3.10m (SD=1.87m, n=38). Errors showed considerable

TABLE 1 | Drone Test 1: Stationary subject, moving drone. The
subject remained at a fixed location (53.38485, —3.17296) throughout
the test.

Measurement ID Projected GPS Error (m)
Projected Point 1 53.38488, —3.17303 5.868
Projected Point 2 53.38486, —3.17299 2.883
Projected Point 3 53.38486, —3.17293 2.019
Projected Point 4 53.38484, —3.17295 0.603
Projected Point 5 53.38485, —3.17298 1.663
Projected Point 6 53.38488, —3.17302 5.363
Projected Point 7 53.38487, —3.17301 4.671
Projected Point 8 53.38484, —3.17294 1.729
Average 3.099

variability, reflecting sensitivity to scene and viewpoint changes
during flight. In Test 2 (moving subject), the mean positional
error was 1.58m (SD=1.05m, n=3), although this result is
based on a limited sample size.

3.2 | Hypothetical Pipeline Results

To facilitate distance sampling analysis, the pipeline models the
flight path as a linear transect (Chang et al. 2025). For every de-
tected object, we calculate the perpendicular distance from the
object's geolocated coordinate to the transect line defined by the
drone's bearing (Rahman et al. 2023).

The system generates two primary outputs:

1. Visual Output: Annotated images (or video files) visualiz-
ing the bounding boxes, unique IDs and projected transect
lines for verification (Figure 2).

2. Statistical Output: A structured CSV file containing the
Image ID, Object ID, Class, computed GPS coordinates,
time of detection and the perpendicular distance to the
transect line in the required format for distance sampling
in R (Table 3).

4 | Discussion

The emergence of drones has added a novel method to support
large mammal monitoring, offering a cost-effective alternative
to traditional ground-based and crewed aerial surveys. While
ground-based methods will remain essential for many species
(e.g., Kays et al. 2019), they are often limited by narrow spa-
tial coverage, significant labour requirements and the risk of

TABLE 2 | Drone test 2: Moving subject, moving drone. Both the
subject and the projected point coordinates vary per instance.

Subject GPS (truth) Projected GPS Error (m)
53.38486, —3.17296 53.38484, —3.17295 1.96
53.38480, —3.17287 53.38480, —3.17287 0.27
53.38474, —=3.17277 53.38476, —3.17279 2.51
Average 1.58

FIGURE2 | Example overlay output for red deer in Scotland.
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TABLE 3 | CSV file example output snippet.

Image ID Drone Lat Drone Lon Obj ID Class Obj Lat Obj Lon Perp. Dist (m)
TestImage 56.84110 —4.14881 1 0 56.84202 —4.14733 4.1682
TestImage 56.84110 —4.14881 2 0 56.84214 —4.14710 6.1748
TestImage 56.84110 —4.14881 3 0 56.84216 —4.14730 4.8798
TestImage 56.84110 —4.14881 4 0 56.84206 —4.14721 6.3957

disturbing target animals. In contrast, drones provide an ele-
vated perspective that allows rapid coverage of expansive and
often inaccessible terrain. An additional advantage of using
drones is the capture of permanent and verifiable data. Unlike
human observers in crewed aircraft, who are prone to fatigue
that can lead to estimation errors (Garcia-Garin et al. 2020;
Schlossberg et al. 2016), drone-captured imagery provides a dig-
ital record that can be reviewed manually by humans or auto-
matically by computer models. In this Practice Insights article,
we have outlined the current state of large mammal monitor-
ing using drones, identified existing limitations and proposed a
new methodology supported by experimental results. Here, we
discuss the implications of this proposed framework for auto-
mating the pathway from raw imagery to statistical input. We
synthesize the technical constraints of drone sensors, the practi-
cal advancements in continuous georeferencing and challenges
that remain.

4.1 | Sensor Capabilities and Technical Challenges

The effectiveness of drone monitoring for large mammals is
largely dictated by the choice of sensor and the environmental
context. Standard RGB cameras offer high spatial resolution for
detailed identification, but are limited by lighting conditions,
camouflage and vegetation cover (Kellenberger et al. 2018; Pinel-
Ramos et al. 2025). In contrast, Thermal Infrared (TIR) sensors
detect the body heat of animals, excelling in low-light or nocturnal
conditions and proving effective for detecting species like orang-
utans and even smaller spider monkeys through forest canopies if
these are not too dense (Burke, Rashman, Longmore, et al. 2019;
Spaan et al. 2019). Despite these advances, several challenges re-
main. Occlusion from dense vegetation, particularly in evergreen
forests, leads to non-detection even with TIR sensors (Beaver
et al. 2020; Pagacz and Witczuk 2023). Large mammals that blend
into the environment may remain difficult to detect even in open
areas with RGB imagery during daylight (Kellenberger et al. 2018).
Furthermore, flight parameters such as speed, camera angle and
altitude can affect data quality; high flight speeds may introduce
motion blur, oblique camera angles can reduce detectability and
increased altitude reduces spatial resolution while expanding
ground footprint (Pinel-Ramos et al. 2025; Wich et al. 2023).

Statistical methods that explicitly account for imperfect detec-
tion, such as N-mixture models, can help mitigate bias arising
from missed detections by estimating detection probability and
latent abundance from repeated observations (Brack et al. 2023;
Ryan et al. 2025). However, these models do not address
observation-level constraints such as occlusion, motion blur or
reduced detectability due to sensor limitations or flight altitude.

4.2 | Georeferencing Precision and Metric Scaling

The results of our experimental trials indicate that the pro-
posed framework achieves high positional accuracy for ecolog-
ical monitoring. The georeferencing error ranged from 0.27 to
5.87m. In traditional aerial wildlife surveys, positional informa-
tion is often not recorded as continuous geospatial coordinates
but instead discretised into coarse distance classes, for exam-
ple 40m distance bins in strip-transect analyses (Alisauskas
and Conn 2019; Schnupp et al. 2013). In contrast, the proposed
framework provides continuous meter-scale geolocation of in-
dividual detections. The average error of 3.10m in stationary
tests and 1.58 m in dynamic tests demonstrates that integrating
drone telemetry with monocular depth estimation via Depth-
Anything-V2 yields accurate and consistent geospatial localisa-
tion of detections. This level of precision enables a substantially
finer spatial resolution of wildlife observations than is typi-
cally achievable in conventional aerial survey workflows. It is
important to note that the reported error may partially reflect
uncertainty in the validation data. Ground truth positions were
obtained using consumer-grade GNSS devices, which introduce
inherent positional noise. Similarly, drone GNSS and inertial
measurement systems are subject to drift and sensor noise,
meaning that a portion of the measured error likely reflects
baseline instrumentation uncertainty rather than errors in the
computer vision pipeline alone.

Crucially, the accuracy of the metric scaling relies on specific
operational assumptions regarding geometry and terrain. First,
the framework calculates the scaling factor based on the drone's
altitude relative to the ground, assuming a planar projection
where the camera sensor is parallel to the terrain (nadir view).
Consequently, the pipeline is strictly designed for top-down im-
agery; oblique or high-angle footage (e.g., 45°) will result in in-
valid scaling factors and incorrect distance estimations. Second,
the method assumes a relatively flat terrain or the use of terrain-
following flight modes. If the drone maintains a fixed altitude
relative to the take-off point while flying over uneven topography
(e.g., hills or steep slopes), the actual height above ground level
(AGL) will fluctuate. Without real-time AGL adjustment (e.g.,
via LiDAR or radar altimetry), the scaling factor derived from
the initial altitude will become inaccurate, leading to systematic
errors in perpendicular distance calculations.

Regarding the capabilities of the computer vision model, Depth
Anything V2 significantly overcomes limitations seen in
previous architectures. It is explicitly trained to handle com-
plex scenes and fine-grained details, such as thin vegetation
structures, which are critical for detecting animals in cover.
Furthermore, unlike earlier depth estimation models that
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struggled with transparency, V2 demonstrates high robustness
on reflective and transparent surfaces, including water bod-
ies and ice, as well as in adverse styles involving fog or snow.
However, while the model is highly robust, users should ex-
ercise caution in environments that deviate significantly from
the training distribution or lack distinct visual cues. Although
the model leverages large-scale unlabeled real images to bridge
the domain gap, extremely homogeneous textures (e.g., fea-
tureless sand dunes or white-out snow conditions) may still
present challenges for monocular depth inference relying on
visual context.

4.3 | Framework Advances

The modularity of the framework addresses the diverse needs
of the conservation community. The zero-shot (CountGD) pipe-
line is particularly useful as it allows for the detection of species
not included in the model's training label set, thereby bypass-
ing the need for labour-intensive labelled datasets and task-
specific model training. For surveys targeting species included
in the supervised training classes of deep learning models, the
supervised pipeline (YOLOV11) provides rapid inference speeds
required for large-scale video processing. This dual approach al-
lows the framework to be applied across a wide range of large
mammal species.

To reduce the possibility of double counting of the same individ-
ual we applied the BoT-SORT tracker to automate this process.
By assigning unique identity tags to objects across frames, the
system ensures that each individual is only counted once for
abundance estimates, even if it remains in view for an extended
period. This structured output, generated as a CSV containing
GNSS coordinates and perpendicular distances, is formatted for
immediate use in statistical models such as Distance Sampling.
By automating the pipeline from raw video to statistical input,
we effectively eliminate the manual data-processing bottleneck
that currently hinders many conservation efforts.

4.4 | Challenges

Despite the current usage and future potential of drones and deep
learning methods, challenges remain. Even though drone costs
have decreased they are generally still in the order of a few thou-
sand US dollars for multirotor systems and more for fixed-wing
and hybrid (VTOL) drones. These costs combined with a general
lack of a clear set of maintenance guidelines and costs from com-
panies selling drones means that for organizations using drones
it is difficult to budget for purchasing and maintenance costs
for drone operations. For conservation coverage of large areas is
essential but the flight times, particularly for multirotor drones,
are still limited and can be decreased further in very warm envi-
ronments under tropical forest canopies. For fixed-wing drones
flight durations are better and due to the flying speed larger
areas can be covered. However, regulations often restrict flying
to a horizontal distance of 500m which is small compared to
the areas that need to be covered. Exemptions are possible but
depend on national and local regulations (Wich and Koh 2018).
In addition, pilots need to be trained and often certified by the
authorities which is an added cost to organizations.

5 | Conclusion and Future Work

Drones are a relatively novel survey tool for mammal surveys
which can complement other survey methods. Their usage is
being facilitated by a growing use of deep learning models to
automate detection of animals in the imagery which is reducing
the time required for analyses. Here we presented a next step in
which perpendicular distances are automatically calculated to
support the workflow from drone imagery to statistical analy-
ses. This is particularly important as detection probability could
decrease towards the edge of images due to factors such as vi-
gnetting, geometric perspective, occlusion, radial blur and chro-
matic aberration, particularly in situations where the camera
is not pointing down but under an angle. Future development
should focus on improving performance in high-occlusion en-
vironments and validating the system in a wider range of mam-
mal species to further refine detection and tracking accuracy. As
drone technology and computer vision continue to evolve, inte-
grated frameworks like the one presented here will be vital for
providing the timely, accurate data required for effective global
conservation.
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