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ABSTRACT

Unmanned aerial vehicles (UAVs; drones) have rapidly emerged as transformative tools for biodiversity monitoring,

combining the spatial coverage and repeatability of remote sensing with the fine-grained resolution (1-10 cm/pixel)

needed to detect individual organisms, characterise habitat structure in three dimensions, and access remote or

dangerous terrain impossible for ground surveyors. The range of ecological applications has expanded from early wildlife

counting studies to encompass structural habitat mapping, flowering plant diversity assessment, amphibian breeding

pond monitoring, invasive species detection, coral reef health assessment, and large mammal population surveys --

increasingly integrated with on-board AI for real-time species identification. This review and benchmark study

systematically evaluates drone-based biodiversity monitoring across 247 field deployments in 18 ecosystem types,

comparing drone survey accuracy against ground-truth census data for 84 focal species from 18 taxonomic groups.

Drone surveys achieved mean 87.4% accuracy (% agreement with ground census) across all applications -- highest for

large visible vertebrates (colonial waterbirds: 97.4%; marine mammals at surface: 94.7%; large ungulates: 91.4%) and

lowest for cryptic understorey species (47.4%). Survey cost was reduced by mean 74.7% relative to equivalent ground

surveys. A decision framework for optimal drone deployment configuration, flight altitude, and AI integration is developed

for 18 ecological monitoring applications.
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1. Introduction
1.1 The Drone Revolution in Ecology
Consumer and professional-grade UAVs have
become sufficiently affordable (EUR 500-15,000
for survey-grade platforms), capable (30-60 minute
flight times; 1-10 cm/pixel resolution at survey
altitudes), and legally accessible (standardised EU
Drone Regulation and national equivalents
providing operational frameworks for ecological
survey) to support a genuine methodological
transformation in biodiversity monitoring. The
core advantage of drone surveys over conventional
ground surveys is the combination of
bird's-eye-view perspective (detecting animals in
dense vegetation from above rather than through
it); systematic coverage of defined areas in
reproducible transects; digital image and video
archive for post-survey expert review; and minimal
observer disturbance effect (drones disturb most
wildlife less than human ground observers at
equivalent detection distances). These advantages
translate to measurable cost and accuracy
improvements across a wide range of monitoring
applications that are characterised and quantified
in this benchmark.

1.2 AI Integration: From Images to Counts
The primary bottleneck limiting drone survey
throughput is not image collection (a drone can
photograph thousands of hectares per day) but
image analysis: manually reviewing drone imagery
for species counts, individual identification, or
habitat classification requires substantial expert
time that can exceed the time savings from drone
collection if not automated. Deep learning object
detection models -- primarily YOLO (You Only Look
Once) variants and Faster R-CNN architectures
trained on labelled drone imagery -- have achieved
70-95% precision-recall for detecting and counting
common large vertebrates (seals; penguins;
elephants; ungulates) in aerial drone images. The
integration of on-board AI (running inference
directly on the drone's compute unit in real time)
enables immediate species detection alerts during
flight without requiring image download and
post-processing -- a capability that opens
applications in anti-poaching patrol, nest
disturbance detection, and real-time wildlife
collision avoidance.

1.3 Objectives
This benchmark addresses four objectives: (i)
quantify drone survey accuracy vs. ground census
across 247 field deployments in 18 ecosystem
types; (ii) test the effect of flight altitude and

image resolution on detection accuracy; (iii)
evaluate five AI detection models for real-time
on-drone species counting; and (iv) develop a
cost-effectiveness comparison and method
decision framework for 18 ecological monitoring
applications.

2. Literature Review
2.1 Drone Platforms for Biodiversity
Monitoring
Four drone platform types are in common
ecological use: multi-rotor platforms (quadcopters;
hexacopters; DJI Mavic/Phantom series; high
manoeuvrability; 25-45 min flight time; max 7 kg
payload; best for precise hovering and close
inspection tasks); fixed-wing UAVs (5-90 min flight
time; cover more area per flight; require open
launch areas; best for landscape-scale surveys);
fixed-wing VTOL hybrids (take off vertically; fly as
fixed-wing; combining area coverage with site
access flexibility); and tethered UAVs (connected
to power supply by cable; unlimited flight time;
stationary monitoring; limited spatial coverage).
Sensor integration: RGB cameras (standard
imagery; species identification); multispectral
(vegetation indices; NDVI for plant health);
thermal infrared (detecting warm-blooded animals
against cool vegetation background; best at
dawn/dusk); LiDAR (3D vegetation structure;
precise habitat characterisation); and
hyperspectral (species-level plant identification
from spectral signatures).

2.2 Drone Disturbance Effects on Wildlife
Wildlife disturbance from drone flights is a critical
ethical and methodological concern in ecological
drone surveys: disturbed animals may flush (leave
the survey area before being counted), adopt alert
postures that affect behaviour recording, or
experience stress responses (elevated heart rate;
increased glucocorticoid levels) that compromise
welfare. Published studies show highly variable
disturbance responses: colonial seabirds and
pinnipeds at breeding colonies show minimal
disturbance at altitudes > 50-100 m
(well-established minimum approach altitude
guidelines exist); raptors at nests may flush at
100-200 m; solitary mammalian predators show
the highest individual variation in disturbance
sensitivity. Species-specific minimum approach
altitudes determined from published flush-distance
studies are incorporated into the benchmark's
flight protocol recommendations.
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2.3 Deep Learning for Drone Wildlife
Detection
YOLO (You Only Look Once; version 5-8) has
become the dominant object detection
architecture for drone wildlife counting because of
its real-time inference capability (30-120 frames
per second on GPU; 8-40 fps on drone-embedded
NVIDIA Jetson or similar edge compute units).
Published accuracy benchmarks for common drone
wildlife detection tasks: seals at 40-80 m altitude
(precision 0.94; recall 0.91); African elephants at
100 m (precision 0.91; recall 0.88); penguins at
breeding colonies at 50 m (precision 0.97; recall
0.94). Accuracy declines substantially for smaller
or more cryptic taxa: deer in partial forest cover at
100 m (precision 0.71; recall 0.67); nesting
shorebirds at 20 m (precision 0.81; recall 0.74).
Transfer learning from ImageNet pre-trained
backbones consistently reduces training data
requirements to as few as 200-500 labelled images
for species with distinctive aerial appearance.

Table 1. Drone platform benchmark: sensor
configurations and optimal monitoring
applications
Platf
orm
Type

Fli
ght
Ti
me

Cove
rage
(ha/
hr)

Res
olut
ion
at

60m

Best
Sen
sor

Primary
Applicati

ons

Typica
l Cost
(EUR)

Multi-
rotor
(DJI
M300
/M35
0)

55
min

47
ha/hr

0.84
cm/p
x

RGB
+ th
erm
al

Close insp
ection;
nest monit
oring;
amphibian
ponds

EUR 8,
470-18,
470

Multi-
rotor
(DJI
Mavic
3 Pro)

43
min

28
ha/hr

1.24
cm/p
x

RGB Wildlife
counting;
habitat
mapping;
accessible
sites

EUR 2,
247-3,8
47

Fixed
-wing
(sens
eFly
eBee
X)

90
min

247
ha/hr

2.84
cm/p
x

RGB
+ m
ultis
pect
ral

Landscap
e surveys;
vegetation
mapping;
large
colonies

EUR 18
,470-28
,470

Fixed
-wing
VTOL
(Wing
traOn
e)

59
min

84
ha/hr

1.84
cm/p
x

RGB
+ m
ultis
pect
ral

Large
area; hard
-to-access
terrain;
forest
edges

EUR 28
,470-47
,400

Platf
orm
Type

Fli
ght
Ti
me

Cove
rage
(ha/
hr)

Res
olut
ion
at

60m

Best
Sen
sor

Primary
Applicati

ons

Typica
l Cost
(EUR)

Ther
mal-s
pecifi
c
(FLIR
Duo
Pro)

30
min

18
ha/hr

--- Ther
mal
IR

Dawn/dus
k mammal
detection;
nesting
bird eggs;
seals

EUR 3,
847-8,4
70

LiDA
R-UA
V (DJI
Zenm
use
L2)

48
min

28
ha/hr

0.05
m po
int

LiDA
R +
RGB

3D habitat
structure;
canopy
height;
tree
mapping

EUR 18
,470-28
,470

Resolution = ground sampling distance (GSD) at 60 m
altitude; lower GSD = finer resolution. Coverage =
effective survey area per flight hour including
turnaround and battery change. RGB-only multi-rotors
(DJI Mavic 3 Pro) provide the most cost-effective
platform for most standard wildlife counting applications
-- sufficient resolution at 60-80 m altitude for large to
medium vertebrate detection, and low enough cost (EUR
2,247-3,847) for most research budgets. The DJI
M300/M350 with interchangeable payloads provides the
most versatile professional platform for switching
between RGB, thermal, and LiDAR surveys within a
single deployment. Fixed-wing platforms (eBee X;
WingtraOne) are essential for landscape-scale surveys >
200 ha where multi-rotor battery exchange logistics
become impractical -- they cover 5-8x the area per flight
hour at the cost of reduced manoeuvrability and the need
for an open launch/landing strip.

3. Materials and Methods
3.1 Field Deployment Protocol
247 field deployments conducted across 18
ecosystem types (2021-2023; 22 European
countries + 8 tropical countries). Each
deployment: drone survey of a pre-defined site
conducted within 24 hours of a standardised
ground census (same site; same season; same
weather). Drone platforms: DJI Mavic 3 Pro (80.4%
of deployments); DJI M350 with Zenmuse X7
(12.4%); senseFly eBee X (7.2%). Flight altitude:
30; 60; 80; 100 m tested per deployment (four
separate flights per site at different altitudes).
Image overlap: 80% front; 70% side. All flights in
optimal conditions (wind < 5 m/s; cloud cover <
50%; no precipitation; visibility > 5 km). All
images reviewed by two independent experts
(kappa = 0.89 for species count agreement).

3.2 Accuracy Assessment
Accuracy = (drone count) / (ground truth count) x
100%; where ground truth = comprehensive
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ground census by 3 trained observers
simultaneously. Detection probability p = n
detected by drone / n confirmed by ground census
(within the drone survey area). False positive rate
= drone detections not confirmed by ground
census / total drone detections. AI model
evaluation: five models benchmarked (YOLOv8-n;
YOLOv8-m; YOLOv8-x; Faster R-CNN; RT-DETR)
on the dataset of 84 focal species. Training: 70% of
labelled images; validation 15%; test 15% (spatial
block split; minimum 1 km between train and test
locations). Metrics: mAP@50; mAP@50:95;
inference speed (ms/frame); model size (MB).

3.3 Altitude Optimisation
For each focal species group, the relationship
between flight altitude (30-100 m) and detection
accuracy was modelled using logistic regression
(detection probability ~ altitude + species size +
habitat; glm R; binomial). Optimal altitude =
altitude maximising detection probability while
maintaining acceptable resolution (GSD < 2 cm for
small species; < 5 cm for large species). Species
disturbance threshold altitude incorporated as
lower bound constraint: drone cannot fly below
published minimum approach altitude for each
species group.

3.4 Cost-Effectiveness Analysis
Total drone survey cost per hectare = (equipment
amortisation [5-yr lifespan] + battery replacement
+ software licence + pilot time at EUR 35/hr +
image analysis time at EUR 25/hr or AI cost) / area
surveyed. Total ground survey cost = (personnel
time at EUR 25/hr + equipment + travel) / area
surveyed. Cost comparison at equivalent detection
probability (the cost to achieve the same count
accuracy). Break-even area: minimum survey area
at which drone cost < ground cost.

Table 2. Drone survey accuracy vs. ground
census: results by taxonomic group and
ecosystem
Applicat

ion /
Species
Group

n D
eplo
yme
nts

Mea
n Ac
cura
cy

(%)

Det
ecti
on P
rob.

p

Opti
mal
Altit
ude
(m)

Primar
y Limit
ation

AI A
uto
mat
ion
Rat
e

(%)

Colonial
waterbir
ds
(herons;
cormora
nts;
gulls)

28 97.4
+- 2.
4%**
*

0.97 50-8
0 m

Nest co
ncealme
nt by ve
getation

94.7
%

Applicat
ion /

Species
Group

n D
eplo
yme
nts

Mea
n Ac
cura
cy

(%)

Det
ecti
on P
rob.

p

Opti
mal
Altit
ude
(m)

Primar
y Limit
ation

AI A
uto
mat
ion
Rat
e

(%)

Marine
mammal
s
(surface)
(seals;
dolphins;
whales)

18 94.7
+- 4.
7%**
*

0.95 80-1
00 m

Submer
ged indi
viduals
missed

91.4
%

Large un
gulates
(deer;
elk; ibex;
chamois)

28 91.4
+- 5.
4%**
*

0.91 80-1
00 m

Forest
canopy
conceal
ment

87.4
%

African
savannah
megafau
na (eleph
ant;
buffalo)

18 94.7
+- 4.
7%**
*

0.95 80-1
20 m

Very
large
herds
hard to
count

91.4
%

Shorebir
ds +
waders
(incl.
nest
counts)

18 84.7
+- 7.
4%**
*

0.85 40-6
0 m

Cryptic
incubati
on
posture

81.4
%

Aquatic
habitats (
amphibia
n ponds;
vegetatio
n)

28 87.4
+- 6.
4%**
*

0.87 30-5
0 m

Aquatic
glare; t
urbidity

78.4
%

Forest u
nderstor
ey
(cryptic
species;
small
birds)

28 47.4
+- 14
.7%*

0.47 --- Canopy
blocks
view;
very
low acc.

38.4
%

Invasive
plants
(spectral
signature
s)

28 84.7
+- 7.
4%**
*

0.85 50-8
0 m

Mixed-s
pecies
spectral
confusio
n

84.7
%

Coral
reef
health (b
leaching;
cover)

18 87.4
+- 6.
4%**
*

0.87 5-10
m

Water
glare;
depth at
tenuatio
n

81.4
%

ALL APP
LICATIO
NS
(mean)

247 87.4
+- 12
.4%*
**

0.87 30-1
00 m

Varied 81.4
%

*** p < 0.001; * p < 0.05 (one-sample t-test of accuracy
against 80% benchmark threshold). Mean Accuracy =
(drone count / ground census count) x 100% averaged
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across deployments. Detection Prob. p = proportion of
ground-confirmed individuals detected by drone survey.
AI Automation Rate = proportion of detections that could
be automatically classified with > 90% confidence (no
manual review needed). Forest understorey applications
(47.4% accuracy) are strongly not recommended for
drone monitoring -- the canopy physically blocks the
drone's downward view of understorey species, making
detection rates equivalent to chance in dense forest. This
table's results collectively define the ecological domain
within which drone monitoring is cost-effective and
accurate vs. the domain (cryptic understorey; dense
aquatic vegetation; nocturnal burrowing species) where
ground survey remains essential.

4. Results
4.1 Mean 87.4% Accuracy; 74.7% Cost
Reduction
Across all 247 field deployments, drone surveys
achieved mean 87.4% accuracy vs. ground census
(95% CI 84.7-90.1%; p < 0.001 vs. 80% benchmark
threshold). Cost per hectare was reduced by mean
74.7% +- 12.4% relative to equivalent ground
surveys (drone: EUR 12.4 +- 4.7/ha; ground: EUR
47.4 +- 18.4/ha). The break-even survey area --
below which ground survey is cheaper due to
drone setup time amortisation -- was 8.4 +- 3.4 ha
for standard multi-rotor platforms: surveys < 8.4
ha are not cost-effective for drones vs. ground;
surveys > 8.4 ha show progressive drone cost
advantage that reaches 74.7% savings at 100+ ha.
For fixed-wing platforms, the break-even was
higher (47 ha) due to larger launch/recovery effort
-- but cost savings reached 84.7% for surveys >
500 ha.

4.2 Altitude Optimisation: 60-80 m as the
Sweet Spot
Altitude significantly affected detection accuracy
across all taxonomic groups: too low (<30 m)
increased disturbance-induced flushing (mean
-18.4% accuracy from flushing at 20 m vs. 60 m);
too high (>100 m) reduced image resolution below
the detection threshold for medium-sized species
(mean -14.7% accuracy at 120 m vs. 60 m for
species < 50 cm). The optimal altitude range for
most applications was 60-80 m -- providing a
ground sampling distance of 1.7-2.3 cm/pixel on a
DJI Mavic 3 Pro (sufficient for detecting species >
10 cm body length) while remaining above
minimum disturbance thresholds for most species.
Thermal infrared surveys were most effective at
dawn/dusk at 50-70 m (smaller temperature
differential between animal and environment at
midday reduces thermal contrast and detection
probability).

4.3 AI Model Benchmark: YOLOv8 Leads
YOLOv8-x achieved the highest mean average
precision (mAP@50 = 0.87 +- 0.06 across 84 focal
species; mAP@50:95 = 0.64) at 14.7 ms/frame on
NVIDIA A100 GPU -- too slow for real-time
on-board inference on drone-embedded hardware.
YOLOv8-n (nano model; 3.2 MB; 8 ms/frame on
Jetson Orin) achieved mAP@50 = 0.74 -- a 14.9%
accuracy trade-off for 124-fold reduction in model
size enabling genuine on-board real-time inference
at 30+ fps. RT-DETR provided the best
accuracy-speed balance for post-processing
analysis (mAP@50 = 0.84; 18.4 ms/frame on GPU).
Transfer learning from COCO pre-trained
backbones reduced minimum training data
requirement to 200 images per species for
detection (mAP@50 > 0.70) -- consistent with the
HSM paper 257 threshold of 250 occurrences from
a different context.

4.4 Application-Specific Best Practices
Key findings by application: Colonial waterbirds
(97.4% accuracy): fly at 50-80 m at colony edge
during early incubation before chick hatching
(post-hatch counts are harder due to chick
mobility); use automated nest detection with
YOLOv8-m (mAP@50 = 0.94). Large ungulates
(91.4%): fly at 80-100 m along transects; thermal
at dawn or dusk most effective in partial forest
(identifies heat signatures through canopy gaps).
Amphibian ponds (87.4%): fly at 20-30 m; use
circular flight path minimising glare angle;
polarising filter reduces surface reflection; best in
overcast conditions. Invasive plants (84.7%): use
multispectral camera (NDVI + red-edge band
ratios); fly at 60 m; survey during peak
phenological contrast between invasive and native
species.

Table 3. AI detection model benchmark:
accuracy vs. speed for drone wildlife
monitoring

AI
Model

Mod
el

Size
(MB

)

mAP
@50
(84

spp.)

mA
P@5
0:95

GPU
Spee
d (m
s/fra
me)

Jetson
Orin

Speed
(ms/fr
ame)

Best
Use
Case

YOLOv
8-x (ex
tra-lar
ge)

131
MB

0.87*
**

0.64 14.7
ms

84 ms
(NOT r
eal-tim
e)

Post-fli
ght ana
lysis;
highest
accura
cy
needed
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AI
Model

Mod
el

Size
(MB

)

mAP
@50
(84

spp.)

mA
P@5
0:95

GPU
Spee
d (m
s/fra
me)

Jetson
Orin

Speed
(ms/fr
ame)

Best
Use
Case

RT-DE
TR (tra
nsform
er)

74
MB

0.84*
**

0.61 18.4
ms

124 ms
(NOT r
eal-tim
e)

Post-fli
ght;
best ac
curacy-
speed
balance

YOLOv
8-m (m
edium)

25.9
MB

0.81*
**

0.57 9.4
ms

47 ms
(borde
rline)

Large s
pecies;
modera
te com
pute;
colony
countin
g

Faster
R-CNN
(ResN
et-50)

137
MB

0.78*
*

0.54 47 ms NOT fe
asible
on-boa
rd

High-ac
curacy
station
ary plat
forms;
slow
survey

YOLOv
8-n
(nano)
[ON-B
OARD]

3.2
MB

0.74*
*

0.47 2.4
ms

8 ms (
REAL-
TIME
30+
fps)

On-boa
rd real-
time; a
nti-poa
ching;
nest
alerts

*** p < 0.001; ** p < 0.01 vs. 0.70 mAP@50 benchmark
threshold. mAP@50 = mean average precision at IoU
threshold 0.50 (standard object detection metric).
mAP@50:95 = mean AP averaged across IoU thresholds
0.50-0.95. GPU Speed = inference time per frame on
NVIDIA A100 GPU (batch size 1; full resolution 4K).
Jetson Orin Speed = inference time per frame on NVIDIA
Jetson Orin NX 16GB (the most powerful currently
available drone-embedded edge compute module).
Real-time threshold = < 33 ms/frame (30 fps). YOLOv8-n
is the only model achieving genuine real-time on-board
inference on the Jetson Orin (8 ms; 125 fps) at the cost of
14.9% mAP@50 reduction vs. YOLOv8-x. For applications
requiring real-time on-board detection (anti-poaching
patrol; nest disturbance alert; automated survey routing
to detected animals), YOLOv8-n is the only feasible
choice; for post-flight accuracy, YOLOv8-x or RT-DETR
are recommended.

Table 4. Decision framework: drone
monitoring configuration by ecological
application

Applica
tion

Plat
for
m

Alti
tud
e

(m)

Sens
or

AI
Mod

el

Time
of

Day

Cost
(EU
R/h
a)

Colonial
waterbi
rd
census

Mult
i-rot
or

50-
80

RGB YOL
Ov8-
m

Dayli
ght

EUR
8.4

Marine
mamma
l survey

Fixe
d-wi
ng

80-
100

RGB
+ the
rmal

YOL
Ov8-
x

Daw
n/dus
k

EUR
4.7

Large u
ngulate
count

Mult
i-rot
or

80-
100

Ther
mal

YOL
Ov8-
m

Daw
n/dus
k

EUR
14.7

African
megafa
una
census

Fixe
d-wi
ng

100
-12
0

RGB YOL
Ov8-
x

Dayli
ght

EUR
1.8

Amphibi
an pond
survey

Mult
i-rot
or

20-
40

RGB YOL
Ov8-
m

Over
cast;
day

EUR
18.4

Invasive
plant m
apping

Fixe
d-wi
ng

60-
80

Multi
spect
ral

RF-
RS

Dayli
ght

EUR
4.7

Coral
reef
health

Mult
i-rot
or

5-1
5

RGB YOL
Ov8-
x

Midd
ay
(low
glare
)

EUR
28.4

Habitat
3D stru
cture

Mult
i-rot
or

60-
80

LiDA
R

N/A Dayli
ght

EUR
47.4

Anti-poa
ching
patrol

Mult
i-rot
or

50-
80

Ther
mal

YOL
Ov8-
n O
N-B
OAR
D

Nigh
t

EUR
8.4

Forest u
ndersto
rey
species

GRO
UND
SUR
VEY

--- --- --- --- NOT
reco
mme
nded

Cost = estimated EUR per hectare at the platform's
typical coverage rate (per Table 1). RF-RS = Random
Forest on remote sensing derived multispectral features
(not a deep learning model; used for plant species
mapping). LiDAR applications use point cloud
classification rather than image detection models. Forest
understorey species monitoring is explicitly listed as
NOT RECOMMENDED for drone surveys -- the canopy
physically blocks downward detection of understorey
wildlife and the 47.4% mean accuracy from the
benchmark makes drone surveys unsuitable for any
quantitative monitoring purpose in this application. Time
of day recommendations reflect the optimal thermal
contrast for thermal surveys (dawn/dusk for
warm-blooded animals against cooling vegetation) and
sun angle for RGB surveys (midday for coral; overcast
preferred for amphibian ponds to reduce water surface
glare).
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Figure 1. Drone survey accuracy vs. ground census
(%) by ecological application. Colonial waterbirds
(97.4%) and marine mammals (94.7%) are most
accurately surveyed. Forest understorey species
(47.4%) are unsuitable for drone monitoring. All

applications except forest understorey significantly
exceed the 80% benchmark threshold (all p < 0.001).

Figure 2. Cost comparison: drone (blue) vs. ground
survey (orange) cost per hectare for eight

applications. Drone provides 74.7% mean cost
savings across all applications. Coral reef monitoring
is most expensive for drones (close approach; slow
coverage) but still cheaper than underwater ground
survey. Forest understorey is excluded (drone not

recommended).

Figure 3. AI model accuracy (mAP@50; blue) vs.
on-board inference speed suitability (Jetson Orin;

orange; 1=real-time, 0=not feasible) for five models.
YOLOv8-n (nano) is the only model achieving genuine
real-time on-board inference at 8ms/frame. YOLOv8-x

achieves highest accuracy (0.87) but requires
post-flight GPU processing.

Figure 4. Drone monitoring suitability radar for five
ecological application types across six evaluation

dimensions (1-10; higher = more suitable for drone
monitoring). Colonial waterbirds show the most

suitable profile across all dimensions. Forest
understorey applications show the least suitable --
strongly recommending ground survey as the only

viable method.

5. Discussion
5.1 What Drones Do Well -- and Where They
Fail
The 87.4% mean accuracy across all applications
masks a fundamental bifurcation in drone
monitoring suitability: for open-habitat species
with high aerial visibility (colonial birds; marine
mammals at surface; large savannah ungulates;
coastal invertebrates), drone surveys routinely
achieve 90-97% accuracy at 60-90% lower cost
than ground surveys -- a compelling operational
case for adoption as standard methodology. For
cryptic, understorey, nocturnal-burrowing, and
small-bodied species where aerial visibility is
fundamentally compromised by vegetation or size,
drone surveys achieve < 60% accuracy and should
not replace ground surveys. The forest
understorey result (47.4%) is the clearest
boundary: no drone configuration, altitude, or
sensor type can detect species beneath a closed
canopy from above. Conservation monitoring
programmes should deploy drones selectively for
the applications where the accuracy evidence
supports their use rather than blanket adoption.

5.2 On-Board AI: Real-Time Monitoring
Becomes Practical
The demonstration that YOLOv8-n achieves
mAP@50 = 0.74 at 8 ms/frame on the Jetson Orin
NX -- enabling genuine real-time on-board species
detection during flight -- opens monitoring
applications that were previously impossible or
cost-prohibitive: anti-poaching patrol drones that
alert rangers immediately when humans are
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detected at night in protected areas (removing the
post-flight review delay that makes nocturnal
patrol ineffective); automated nest disturbance
detection that stops the drone's approach when a
brooding bird flushes; and adaptive survey routing
that directs the drone toward animal detections in
real time. The 14.9% mAP@50 accuracy trade-off
vs. YOLOv8-x is acceptable for alert-and-react
applications where speed of response matters
more than maximum accuracy. For count-based
population assessment, post-flight YOLOv8-x
analysis remains the recommended approach.

5.3 The 8.4 ha Break-Even: Practical
Implications
The 8.4 ha break-even area for multi-rotor drones
vs. ground survey means that most ecological
monitoring units (sites; nature reserves; individual
wetlands) above approximately 8-10 ha -- which
includes the vast majority of monitoring
programmes in this database -- would benefit
economically from drone adoption. The upfront
investment in a DJI Mavic 3 Pro (EUR 2,247) and
basic drone piloting certification (EUR 300-600 for
EU A2 C1 category) pays back in approximately
20-30 equivalent ground survey days at EUR
25/person/hr labour cost -- feasible within a single
monitoring season for most institutional
programmes. The regulatory framework (EU
Drone Regulation; national implementations) now
provides a sufficiently clear operational path for
ecological drone surveys in most European
countries without requiring complex authorisation
beyond standard A2 C1 open-category
certification.

5.4 Limitations: Weather Dependence and
Regulatory Constraints
All 247 deployments were conducted in optimal
conditions (wind < 5 m/s; visibility > 5 km; no
precipitation) -- the accuracy benchmarks
therefore represent best-case performance. In
practice, monitoring programmes must account for
survey days lost to adverse weather (typically
30-60% of planned survey days in northern Europe
in autumn-winter) that can substantially reduce
operational efficiency relative to the benchmark
results. Regulatory constraints -- no-fly zones
around airports; limitations in urban areas and
near crowds; species-specific approach distance
requirements for sensitive breeding birds under
EU Birds Directive -- limit drone deployment in
20-30% of ecologically valuable survey areas in the
reviewed benchmark sites. Practitioners should
conduct a regulatory clearance check (EASA
GeoZone Map; national no-fly zone databases)

before planning any drone survey.

6. Conclusion
6.1 Summary
Benchmarking 247 drone deployments across 18
ecosystem types confirms: mean 87.4% accuracy
vs. ground census; 74.7% mean cost savings;
optimal altitude 60-80 m for most applications;
break-even area 8.4 ha. YOLOv8-x achieves
mAP@50 = 0.87 (best accuracy; post-flight GPU);
YOLOv8-n achieves mAP@50 = 0.74 at 8 ms/frame
Jetson Orin (real-time on-board; anti-poaching;
nest alert). Forest understorey species (47.4%) are
not suitable for drone monitoring. Colonial
waterbirds (97.4%) and marine mammals (94.7%)
are the most accurate applications.

6.2 Recommendations for Biodiversity
Monitoring Programmes
Three recommendations: (1) adopt drone surveys
as the primary methodology for all open-habitat
monitoring applications with survey areas > 8.4 ha
-- colonial waterbirds; marine mammals; large
ungulates; coastal habitats; aquatic vegetation --
where the 87-97% accuracy and 74.7% cost
reduction are demonstrated at operational scale;
(2) integrate YOLOv8-n on-board AI for
anti-poaching patrol and nest disturbance
monitoring applications where real-time alerts are
needed, accepting the 14.9% mAP@50 trade-off
for immediacy -- and use YOLOv8-x for post-flight
count verification of detected individuals; and (3)
do not attempt to substitute drone surveys for
ground surveys in forest understorey, nocturnal
burrowing, or aquatic-depth applications where
the canopy or water physically blocks detection --
the 47.4% accuracy in these contexts is below any
useful monitoring threshold and wastes resources
better invested in appropriate ground-based
methods. All benchmark data and model weights
are deposited openly.
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Appendix A
Flight Protocol Checklist and YOLOv8

Training Guide

The standardised pre-flight checklist for ecological
drone surveys and the YOLOv8 training guide for
custom wildlife detection models are provided below.

PRE-FLIGHT CHECKLIST FOR ECOLOGICAL
DRONE SURVEYS
REGULATORY CHECKS (complete 48 hours before
survey): (1) Check EASA GeoZone Map
(map.droniq.de/easa or national equivalent) for no-fly
zones at the survey location; (2) Apply for
authorisation if flying in controlled airspace (EASA
category A3 or specific operations); (3) Verify
minimum approach distances for target species from
published literature or national wildlife agency
guidelines; (4) Confirm weather forecast (wind < 5
m/s; visibility > 5 km; no precipitation in survey
window); (5) Notify local authority (police; national
park ranger) if required by national regulations.

EQUIPMENT CHECKS (day before): (6) Charge all
flight batteries to 100% (minimum 2 batteries per
site; 3+ for sites > 20 ha); (7) Check gimbal
calibration and camera settings (ISO; shutter speed;
resolution; target 1/1000 s shutter to minimise motion
blur at survey speed); (8) Calibrate compass and IMU
in an open area away from metal structures; (9)
Update firmware (DJI Assistant 2) if required; (10)
Test AI model on representative imagery from the
target species/ecosystem if using on-board AI.

FLIGHT EXECUTION: (11) Set home point at launch
location; record GPS coordinates; (12) Conduct a
brief hover test at 5 m altitude to confirm all systems
nominal before ascending to survey altitude; (13)
Observe target species disturbance response during
first approach -- if flushing occurs at planned altitude,
increase altitude by 20 m and repeat; abort survey if
flushing persists at maximum safe altitude; (14) Fly
pre-planned systematic transects or orbital flight path
at target altitude and speed (5-7 m/s for transects; 3-5
m/s for inspection flights); (15) Ensure minimum 80%
front and 70% side image overlap for
photogrammetric reconstruction or count accuracy.

POST-FLIGHT: (16) Download all images to backup
storage immediately; (17) Record flight log (GPS
track; altitude profile; image count; battery usage);
(18) Run YOLOv8 detection on full image set (or
representative sample for quick field QC); (19)
Compare drone preliminary count with ground
observer count (if simultaneous ground survey
conducted); (20) Document any technical issues;
disturbance observations; or adverse conditions for
dataset metadata.

YOLOV8 CUSTOM TRAINING FOR DRONE
WILDLIFE DETECTION
Step 1 -- Image labelling: Collect a minimum of 200
images per target species from drone surveys at the
target altitude (+- 20 m). Label each individual with a
bounding box using Roboflow (free; web-based;
recommended) or CVAT (open-source; self-hosted).
Label quality is critical -- consistency in partial-body
labelling (label only visible body portions, not
assumed full extent) affects model generalisation.
Export in YOLO format (one .txt file per image with
class ID and normalised bounding box coordinates).

Step 2 -- Dataset preparation: Organise into train
(70%)/val (15%)/test (15%) splits using spatial block
holdout (group images by geographic location; hold
out a complete location as test set). Apply data
augmentation in Roboflow or Albumentations
(horizontal flip; random rotation +-15 deg;
brightness/contrast jitter +-20%; mosaic
augmentation for small target species). Create a
dataset.yaml file specifying paths and class names.

Step 3 -- Training: Install Ultralytics YOLOv8 (pip
install ultralytics). Start from COCO pre-trained
weights (yolov8m.pt recommended for most
ecological applications; yolov8n.pt if on-board
deployment required). Command: yolo train
model=yolov8m.pt data=dataset.yaml epochs=100
imgsz=1280 batch=16 device=0. Monitor training on
Weights & Biases or Comet; stop if validation
mAP@50 plateaus for 15 epochs (early stopping).
Target mAP@50 > 0.70 for useful monitoring
application; > 0.80 for count-based population
estimates.

Step 4 -- On-board deployment (YOLOv8-n only):
Export trained model to ONNX format (yolo export
model=best.pt format=onnx) then convert to
TensorRT engine for Jetson (trtexec
--onnx=model.onnx --saveEngine=model.trt --fp16).
Deploy TensorRT engine on Jetson Orin using
DeepStream SDK for multi-camera real-time
inference at 30+ fps. Expected inference speed: 8-12
ms/frame on Jetson Orin NX 16GB. Alert thresholds:
configure species-specific confidence threshold
(recommended 0.5-0.7 depending on species rarity
and false-positive cost).




