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Abstract

Terrestrial remote sensing approaches, such as acoustic monitoring, deliver

finely resolved and reliable biodiversity data. However, the scalability of surveys

is often limited by the effort, time and cost needed to deploy, maintain and

retrieve sensors. Autonomous unmanned aerial vehicles (UAVs, or drones) are

emerging as a promising tool for fully autonomous data collection, but there is

considerable scope for their further use in ecology. In this study, we explored

whether a novel approach to UAV-based acoustic monitoring could detect bio-

diversity patterns across a varied tropical landscape in Costa Rica. We simu-

lated surveys of UAVs employing intermittent locomotion-based sampling

strategies on an existing dataset of 26,411 h of audio recorded from 341 static

sites, with automated detections of 19 bird species (n= 1819) and spider mon-

key (n= 2977) vocalizations. We varied the number of UAVs deployed in a sin-

gle survey (sampling intensity) and whether the UAVs move between sites

randomly, in a pre-determined route to minimize travel time, or by adaptively

responding to real-time detections (sampling strategy), and measured the

impact on downstream ecological analyses. We found that avian species detec-

tions and spider monkey occupancy were not impacted by sampling strategy,

but that sampling intensity had a strong influence on downstream metrics.

Whilst our simulated UAV surveys were effective in capturing broad biodiver-

sity trends, such as spider monkey occupancy and avian habitat associations,

they were less suited for exhaustive species inventories, with rare species often

missed at low sampling intensities. As autonomous UAV systems and acoustic

AI analyses become more reliable and accessible, our study shows that combin-

ing these technologies could deliver valuable biodiversity data at scale.

Introduction

Terrestrial remote sensing approaches provide numerous

advantages for biodiversity monitoring over traditional

surveys, offering a non-invasive and scalable way to study

ecosystems (Allan et al., 2018; Berger-Tal & Lahoz-

Monfort, 2018; Lahoz-Monfort & Magrath, 2021; Ste-

phenson, 2020). Among these, acoustic monitoring has

proven particularly effective for surveying vocal species

(Gibb et al., 2018; Ross et al., 2023) and has demon-

strated great potential to contribute to biodiversity moni-

toring and policy compliance efforts (Stowell &

Sueur, 2020; Sugai et al., 2019). Acoustic data can also be

analysed rapidly using machine learning, either post hoc

(Lawson et al., 2023; Sethi et al., 2024) or in real-time

(Sethi et al., 2018; Wägele et al., 2022). However,
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deploying acoustic sensors is a time-consuming and costly

process, and survey locations can be limited by accessibil-

ity or safety concerns (Sethi et al., 2022).

Unmanned aerial vehicles (UAVs), or drones, are

emerging as a transformative technology for ecological

research (Christie et al., 2016; Millner et al., 2023; Robin-

son et al., 2022). By using sensors attached to UAVs, these

devices can improve scalability and reduce the logistical

constraints associated with manually deploying sensors.

Using aerial imagery from on-board cameras is an

established method for ecological studies (Duporge et al.,

2025; Rahman et al., 2025; Schofield et al., 2017), but

UAV-based acoustic surveys are less common due to noise

interference. Early studies have explored suspending acous-

tic recording devices from UAVs that record during flight

(Fischer et al., 2023; Michez et al., 2021; Wang et al., 2023;

Wilson et al., 2017), using custom classification algorithms

to detect animal vocalizations against the backdrop of

engine noise (Fu et al., 2018; Wang et al., 2023). However,

the noise generated by drone motors can impact detection

by disturbing wildlife (Kuhlmann et al., 2022; McEvoy

et al., 2016; Wilson et al., 2017), and training novel detec-

tion algorithms demands more data, effort and expertise

than using established vocalization detection models (e.g.

BirdNET; Kahl et al., 2021). An alternative sampling

approach is to deploy a swarm of robotic UAVs with

on-board sensors and processors that land during record-

ing periods and move between sampling sites on a defined

schedule. This intermittent mobile sampling approach

could mitigate noise-related disturbance and more closely

reflects survey designs of passive acoustic monitoring sur-

veys (PAM), where static sensors are preferred over tran-

sect surveys for estimating animal activity or density

(Browning et al., 2017; Lucas et al., 2015; Marques

et al., 2013; Newson et al., 2017).

Previous UAV-based acoustic surveys have used UAVs

that are manually piloted. However, autonomous UAVs,

which can be deployed in coordinated ‘swarms’ and navi-

gate themselves to avoid obstacles, could reduce barriers

to access, enabling finer resolution and larger scale biodi-

versity data collection (Pringle et al., 2025). UAV proto-

types have been developed to overcome challenges to

automated acoustic surveys, such as perching in trees

(Lan et al., 2024) and navigating UAV swarms through

dense forest environments (Romanello et al., 2024; Zhou

et al., 2022). These advances could reduce disturbance of

wildlife and the environment by avoiding the need for

any people to enter the survey area. An autonomous

aquatic vehicle has been designed for ecological sensing

and performed well (Lawson et al., 2024), but it remains

to be tested if an autonomous swarm of UAVs can deliver

reliable ecological data when compared with data from

manually deployed sensors.

The deployment of autonomous UAVs for ecological

surveys represents an opportunity to test novel survey

designs that would not be possible with manual sensor

deployment. UAV systems can be programmed with vehi-

cle routing algorithms which optimize for a specific

parameter, for example reducing the number of recharges

required (Guerber et al., 2021; Gunal, 2019; Macrina

et al., 2020; Phalapanyakoon & Siripongwutikorn, 2021).

Additionally, adaptive systems can respond to real-time

input from sensors (Dwivedi et al., 2023; Hwang

et al., 2019), a method successfully employed by underwa-

ter autonomous vehicles in tasks such as mapping the

extent of underwater oil spills or locating phytoplankton

blooms (Das et al., 2015; Jakuba et al., 2011). In biodiver-

sity monitoring, adaptive sampling strategies have been

used to detect environmental gradients or improve occu-

pancy model accuracy (Flint et al., 2024; Henrys

et al., 2024; Pacifici et al., 2016), but these occur over sev-

eral survey periods and do not respond to real-time ani-

mal detections. There is little understanding of how

real-time adaptive sampling might impact the structure of

ecological data, and if this could produce robust measures

of biodiversity compared with more established survey

techniques.

Designing a UAV-based acoustic survey presents

unique limitations, particularly regarding sampling com-

pleteness. Standard PAM surveys typically deploy one

recording device at each sampling site, and all devices

record simultaneously over extended periods. In contrast,

intermittent sampling by a swarm of UAVs means that

the recording duration at any given site is restricted. As

some animal vocalizations are temporally dependent,

sampling at the same time of day across independent sites

is important for robust comparisons of species detections

across sites. It remains unclear whether the impact of

incomplete sampling on key ecological indicators can be

offset by sampling strategy. Addressing these gaps is criti-

cal to understanding the trade-offs associated with

UAV-based acoustic monitoring and to help practitioners

choose the optimal sampling strategy to meet their

survey aims.

In this study, we ask how reduced effort resulting from

an intermittent sampling protocol would impact down-

stream biodiversity metrics. We designed and ran simu-

lated UAV surveys using an acoustic dataset from the Osa

Peninsula, Costa Rica. This dataset has previously been

analysed to measure avian (Sethi et al., 2024) and spider

monkey (Lawson et al., 2023) diversity and occupancy,

respectively. Using published data from these studies, we

simulated surveys under four sampling strategies that

could be carried out by a network of autonomous UAVs

– random, routed and two types of adaptive sampling.

We evaluated the performance of each strategy under
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varying levels of sampling intensity, defined by the num-

bers of UAVs deployed in a mission. By replicating key

analyses from the original studies, we assessed the ability

of intermittent sampling to detect 19 avian species and

estimate spider monkey occupancy over a forest cover

gradient. This work is the first to consider the full pipe-

line of UAV-based acoustic surveys and to investigate the

impact of sampling techniques on downstream ecological

metrics, informing future applications of this technology

in ecological research.

Materials and Methods

Study area and sampling design

For our simulations, we used species vocalization detec-

tions from two open-source datasets from a large PAM

survey in the Osa Peninsula, Costa Rica (Lawson

et al., 2023; Sethi et al., 2024). The Osa Peninsula, located

on the south Pacific coast of Costa Rica, contains biodi-

verse tropical broadleaf evergreen lowland rainforest (Gil-

bert et al., 2016; Sánchez-Azofeifa et al., 2003), embedded

within a mosaic of pasture, plantations and urban centres

(Fig. 1).

We chose this dataset for our drone simulations

because of the sampling design. Due to access limitations,

a uniform sampling design across the survey area

(1093 km2) was not possible. Instead, a set of sampling

groups was created which appear as ‘clusters’ (Fig. 1).

This mimics the sampling design of a robotic UAV sur-

vey, where UAVs begin from a central charging station

and travel to recording locations within a set radius of

the charging station. The dataset contained recordings

from 341 sites grouped into 35 clusters, with an average

of 8.7 sampling sites within each cluster (range [4, 28]).

Sampling sites were stratified across five land-use cate-

gories, with the number of recorders placed in each

land-use category representative of its percentage cover

across the region (determined from the 5 × 5 m Landsat 5

Thematic Mapper (TM) and Landsat 8 Operational Land

Imager (OLI); Lawson et al., 2023; Shrestha et al., 2018).

The land-use categories were old-growth forest, secondary

forest, palm plantation, teak plantation and grassland. At

each sampling cluster, the first recorder was placed by

walking 500 m in a random direction, and remaining

recorders were placed a minimum of 500 m apart to max-

imise independence between samples (Figueira

et al., 2015). Where possible, trails were not used; how-

ever, where this was not possible, devices were placed a

minimum distance of 200 m perpendicular to a trail.

Recording devices were also placed at a minimum dis-

tance of 200 m from habitat boundaries to ensure sounds

were solely from the classified habitat. Recordings were

obtained using AudioMoth devices (Open Acoustics

Devices, UK). Recorders ran for a minimum of seven

consecutive days (range [7, 16 days]) to allow for variabil-

ity in activity across different days and to allow for suffi-

cient sampling effort. The devices were set to record on a

schedule of 05:00–09:30, 14:00–18:30 and 21:00–03:00, a
total of 15 h each day. Data were recorded constantly dur-

ing these periods at a sample rate of 48 kHz (Metcalf

et al., 2023). Sampling was conducted during the dry sea-

son (December–August). The final dataset included

26,411 h of uncompressed 16-bit audio files.

Data processing

Avian species detections

We used avian vocalization detections from Sethi

et al. (2024) (data retrieved from Sethi (2024)), who used

an open-source bird vocalization detection model, Bird-

NET (Kahl et al., 2021), to identify bird calls in the audio

data. BirdNET is a convolutional neural network (CNN)

trained on bird vocalizations from many online call

libraries, which detects species occurrences in audio data,

with a prediction probability. Sethi et al. (2024) had the

geographic species filter enabled and set a model confi-

dence threshold of 0.8. For this study, we kept detections

for 19 species which the model was able to detect with

[ 90% precision (i.e., low false-positive rate) based on

verification of a random subset of 50 detections by an

experienced local ornithologist (Sethi et al., 2024). This

resulted in 1819 bird detections across 126 sites and 32

clusters. The 19 species represent a very small proportion

of the � 465 bird species that can be found on the Osa

Peninsula, a result of the geographical and taxonomic bias

in the training datasets of BirdNET (Stowell, 2022). It is

important to note that analyses of avian detections from

this study are not intended to make conclusions about

avian diversity or distribution in the Osa Peninsula, but

to be used as an example of real species spatiotemporal

patterns and dynamics.

Spider monkey occupancy

We used spider monkey detections from Lawson

et al. (2023) (data retrieved from Lawson (2022)), who

trained a deep learning CNN to detect the species’ vocali-

zations. Lawson et al. (2023) manually annotated 561

examples from 13 sites of the ‘whinny’ vocalization made

by spider monkeys. The neural network used, proposed

by Rizos et al. (2021), used a deep, CNN architecture. All

spider monkey detections were manually verified to

ensure all false-positives were removed. The final dataset

contained 2977 true-positives across 64 of 341 sites
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(Lawson et al., 2023). These detections were converted

into a 7-day detection history per site with each day

coded as 1 or 0 to represent the presence or absence of

spider monkeys. Data at a finer temporal resolution was

not published, limiting the scope of our simulations for

the spider monkey dataset.

UAV survey simulations

To evaluate data collectable by an autonomous UAV sys-

tem, we ran simulations to collect data from the avian

and spider monkey datasets. Surveys were designed as

intermittent mobile sampling, meaning that data collec-

tion (i.e. sound recording) occurs when the UAV is sta-

tionary at a site to minimize the impact of flying noise

on recording quality and animal disturbance. Such inter-

mittent locomotion can be achieved by landing on the

ground or perching in the canopy (e.g. Zheng

et al., 2023). All simulations were run in Python 3.

UAV functionality was based on the DJI Mini 2, a

commercially available multirotor drone. This device can

achieve � 30 min of flight time when unweighted. As

UAVs would be weighted with a microphone and related

hardware (c. 80 g including separate batteries) (Hill

et al., 2019), we estimated a maximum flight time of

20 min. Battery consumption was calculated as a function

of flight time. Average flying speed was set at 15 m/s, and

an extra penalty of 16 s was added per take-off to account

for the increased battery consumption of increasing the

UAV’s altitude. We assumed that whilst stationary and

landed, the UAV consumed no battery. We did not

account for the impact of wind, temperature and other

factors that may reduce overall battery life in a real-life

scenario, as we did not have this data at appropriate

resolutions.

Simulations were run at the level of a sampling cluster

(Fig. 1). The sampling site closest to the mean latitude

and mean longitude of all sampling sites in the cluster

Figure 1. Map of survey area in the Osa Peninsula, Costa Rica. Each point represents a sampling location where a single acoustic recorder was

placed. Acoustic recorders were deployed in ‘clusters’ across the landscape (n= 35). This is also the sampling unit used for simulated drone-based

surveys. The Land Use Map shows the land-use categories in the region, created at a scale of 5 × 5m using Landsat 5 Thematic Mapper (TM) and

Landsat 8 Operational Land Imager (OLI) (Shrestha et al., 2018).
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was selected to be a ‘charging station’. Each simulation

began with all UAVs (an autonomous UAV equipped

with a microphone) at the charging site in the first time

step. At each sequential time step, UAVs would be moved

to other sampling locations within the cluster and ‘collect’

any detections from the real audio dataset at that time

step and location. A time step was 1 h for the avian data-

set simulations (15 time steps per day, ranging 7–16 days)
and 1 day for the spider monkey dataset simulations (7

time steps in total). If a UAV did not have enough bat-

tery to both visit the next selected site and then return to

the charging station, the UAV was sent directly back to

the charging station. All simulations were repeated 50

times to account for stochasticity in site selection.

Our simulations experimented with two parameters:

sampling intensity and sampling strategy. Sampling inten-

sity represents the number of UAVs deployed simulta-

neously. We used five values of sampling intensity (0.2,

0.4, 0.6, 0.8, 1), where each value represents the number

of UAVs as a proportion of the total sites in the cluster.

A sampling intensity value of 1, representing complete

sampling (i.e., one UAV per sampling site), is equivalent

to the full static PAM survey and was used for baseline

comparisons.

Sampling strategy defined how the UAV’s route between

sites was determined. We created four strategies: Random,

Routed, Adaptive explorative and Adaptive exploitative.

In the random sampling strategy, the choice of the next

site was determined by random selection with replace-

ment, allowing the same site to be chosen in consecutive

time steps. Sites already selected by another UAV were

removed from the list of available sites to avoid multiple

visits to the same site at the same time.

For the routed sampling strategy, sampling sites at each

cluster were grouped into geographically distinct

sub-groups using k-means clustering based on their GPS

coordinates, where k=NUAVs. Each UAV would only

travel to sites within a specific sub-group. At each time

step, the choice of next site was based on the number of

previous visits, prioritizing sites that had been sampled

the least. Among these sites, the nearest available site was

selected. This strategy meant that over the course of the

survey, all sites in a cluster were visited equally, and the

order of site visits remained relatively consistent because

the nearest-neighbour algorithm repeatedly identified the

same shortest route between sites.

The third and fourth sampling strategies, adaptive

explorative and adaptive exploitative, considered a sce-

nario where UAVs had on-board processing capability

such that animal vocalizations could be detected in real-

time, and adapt the choice of next site. This strategy was

run for the avian community dataset only, due to the

higher temporal resolution of this dataset. Adaptive

sampling can be configured in many ways, depending on

the metric being optimized for example, finding a gradi-

ent (Hwang et al., 2019) or increasing occupancy confi-

dence (Pacifici et al., 2016). Here, we chose to optimize

sampling effort to increase confidence that all species pre-

sent in each cluster were detected. To achieve this, we

programmed the routing system to prioritize sites where

more frequent avian vocalization rates were detected, as

these were expected to represent areas of high avian activ-

ity. For the first 2 days of the simulation (30 time steps),

sites were sampled using the routed sampling strategy

explained above, to ensure baseline coverage of all sites.

After 30 time steps, the choice of next site was decided

through random selection with replacement, where the

probability of choosing each site was biased by the num-

ber of vocalizations previously detected and total number

of visits to that site. The probability weighting of site i

(P ið Þ) was determined as:

P ið Þ= 1

Nsites
þ bi � wð Þ

where the bias, bi is calculated as total number of vocali-

zations previously detected at site i, divided by the total

number of visits to site i, normalized by the sum of these

values for all available sites. w represents a weighting fac-

tor that determines the disparity between high and low

probabilities.

We tested two values of w to explore the difference

between an ‘explorative’ adaptive system (w= 0:3), where

real-time detections give a low bias to site choices, and an

‘exploitative’ adaptive system (w= 100), where real-time

detections give a high bias to choice of next site.

Evaluating simulation performance

Simulation evaluation was conducted in R (V4.4.1). For

simulations using the dataset of BirdNET detections, we

measured the total number of species detected across the

survey area and in each land-use type (Old-Growth For-

est, Secondary Forest, Mangrove Forest, Grassland, Palm

Plantation, Teak Plantation) and compared these values

to those collected through complete sampling (sampling

intensity= 1). We used a generalized linear mixed-effects

model (GLMM) with a Poisson distribution to determine

the effect of sampling strategy (random, routed, adaptive

explorative and adaptive exploitative) and sampling inten-

sity on avian species detections. Iteration number was

included as a random effect.

For the spider monkey dataset, we used the 7-day

detection history to run a logistic GLM that predicted the

probability of spider monkey presence in response to for-

est cover, replicating the analysis from Lawson

et al. (2023). To define a minimum threshold of forest
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cover for spider monkey occupancy, we used the receiver

operating characteristic (ROC) curve to determine a cut-

off point that maximized specificity and sensitivity for

predicting positive occupancy. We then predicted occu-

pancy probability over the range of forest cover and

found the value of forest cover that intersected with the

cut-off probability to get the minimum forest cover

threshold. This threshold is not the minimum value at

which spider monkeys were detected, but more closely

represents the value of forest cover above which spider

monkeys are consistently detected; therefore, it accounts

for anomalous detections in areas of lower forest cover.

We calculated the minimum forest cover threshold for

each simulation and compared it to values from complete

sampling (sampling intensity= 1).

Survey logistics

To show how changing the sampling strategy and inten-

sity would impact other aspects of a UAV-based survey

design, we measured sampling evenness, total UAV travel

time and the number of recharges for all simulations on

the avian vocalization dataset.

To measure sampling evenness across space and time,

we calculated the frequency of visits to each site at each

hour in the day the survey was active (05:00–09:30,
14:00–18:30 and 21:00–03:00, n= 15 h) and calculated the

Shannon evenness index (SEI) for each cluster. The SEI

value is bound between 0 and 1, where a higher value

indicates more equal visits to a site across hours in the

day. We calculated SEI for each cluster and averaged this

across all 35 clusters for each value of sampling strategy

and sampling intensity.

Average total travel time was calculated by summing

the total distance travelled by all UAVs in a cluster during

a single simulation, then normalized by the number of

sites so that travel time was comparable across clusters

with different numbers of sites. The same method was

used to record the average number of visits to the charg-

ing station.

Results

Simulation results: Routed and random
sampling strategies

All simulations were able to recover the patterns of Bird-

NET species detections across land-use types, although

species richness reduced with sampling intensity (Fig. 2).

Across all values of sampling intensity, the measured spe-

cies richness was always highest in grassland, followed by

secondary forest, old-growth forest, palm plantation,

mangroves and teak plantation (Fig. 2A). Sampling

strategy (random or routed) had no impact on measured

species richness.

When examining the full list of BirdNET species detec-

tions across all sites, no simulations with a sampling

intensity \1 were able to consistently detect the maxi-

mum species richness (n= 19 species), although some

iterations at 0.6 and 0.8 sampling intensity did detect the

maximum species richness (Fig. 2B). Results of the GLM

showed no impact from sampling strategy on measured

species richness (p= 0.58), but sampling intensity had a

strong positive effect (p\ 0.001).

For the spider monkey simulations, we found that the

minimum forest cover threshold for predicting spider

monkey occupancy tended to be overestimated with high

uncertainty, although this improved with sampling inten-

sity. The results from complete sampling (sampling

intensity= 1) predicted a minimum threshold of 0.909,

equivalent to 91% forest cover. This value was not consis-

tently achieved by any of the simulations, regardless of

sampling strategy. For simulations with the lowest sam-

pling intensity (0.2) and random sampling strategy, the

average forest cover threshold was 95%, ranging between

91% and 100% (Fig. 3). Interestingly, the raw minimum

level of forest cover that a spider monkey was detected at

(79%) was detected by both sampling strategies at all

sampling intensities except for 0.2.

Simulation results: Adaptive Sampling

Including knowledge of real-time detections into the

routing algorithm did not show an improvement on ran-

dom sampling when looking at total number of species

detected per survey. We investigated two adaptive routing

strategies in our simulations by adapting the weighting

parameter, w, in the routing algorithm: explorative

(w= 0:3) and exploitative (w= 100). At very low sam-

pling intensity (0.2), the adaptive exploitative strategy

detected a higher species richness than the adaptive

explorative strategy on average, but estimates of species

richness were no higher than the random sampling strat-

egy (Fig. 4). Results of the GLM showed that sampling

intensity resulted in higher species richness (p\ 0.001)

but none of the tested sampling strategies had any effect

(explorative: p= 0.58; exploitative, p= 0.85).

Survey logistics

We found that the sampling strategy had little impact on

the sampling evenness of a survey (how evenly samples

were spread across hours in the day and sites per cluster

over the full sampling period). We found no difference in

sampling evenness between random, routed, or adaptive

sampling strategies (Fig. 5A). However, the variation in
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sampling evenness across the 50 simulation iterations was

larger in the routed simulations than in random or adap-

tive. Although increasing sampling intensity improved the

average sampling evenness score, the lowest value of sam-

pling evenness was 0.95. This means that even high

manipulations to the sampling regime had a low impact

on overall sampling evenness and would have little impact

on the ability to straightforwardly compare sampled data

across sites without adding complexity to downstream

analyses.

When looking at total energy consumption of a drone

survey, using the routed sampling strategy reduced the

average travel time per UAV (Fig. 5B) and total number

of charger visits per UAV (Fig. 5C). This was in high con-

trast to the distances travelled by drones in both the ran-

dom and adaptive sampling strategies. The difference in

travel time and charger visits between routed strategies

and the other strategies was higher at higher sampling

intensities, likely due to the creation of sub-groups that

forced UAVs to stay in one geographical area.

Discussion

This study demonstrates that the intermittent sampling

design of a UAV-based acoustic monitoring survey can

effectively detect broad biodiversity patterns such as asso-

ciations with land-use types, but is limited in its ability to

capture complete species lists at low sampling intensities.

This suggests that a UAV-based acoustic survey could be

used as a rapid, preliminary survey tool for identifying

sites of high conservation value, reducing the need for

manual deployments of acoustic sensors. Whilst previous

studies on drone routing have largely focused on optimiz-

ing for efficiency in logistical applications (Macrina

Figure 2. Patterns of biodiversity across land-use types detected with low number of UAV samplers, but full species list is hard to detect. Total

BirdNET detections from UAV survey simulations that varied the number of UAVs deployed simulataneously (sampling intensity) and the sampling

strategy (random movement between sites, or Routed, optimizing for the shortest travel distance). A sampling intensity of 1 represents the full

dataset, a static PAM survey. (A) the number of species detected by BirdNET across five land-use types. (B) the total number of species detected

by BirdNET across the entire survey (maximum 19). Note that species numbers and habitat use patterns are not indicative of real biodiversity

patterns in the study area.
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et al., 2020), this is the first study to investigate the

impact of intermittent sampling strategies on the quality

of downstream biodiversity data.

Impact of UAV sampling strategy and
sampling intensity

One key consideration of survey design is the evenness of

sampling across space and time to ensure both between-

and within-site variability can be straightforwardly

detected (Rhodes & Jonzén, 2011). Incomplete sampling

across either of these axes can lead to bias in biodiversity

metrics like species richness (Banks-Leite et al., 2012;

Chave, 2013; Field et al., 2002; Lahoz-Monfort

et al., 2014). We hypothesized that the routed sampling

strategy, designed to distribute visits evenly across sites,

would enhance sampling evenness. However, we found

that the sampling strategy had no influence on sampling

evenness or downstream biodiversity metrics. This sug-

gests that even simple, non-optimized sampling strategies

can achieve sufficient site coverage, provided sampling

intensity is high enough. Thus, the results of our experi-

ments suggest the ability of UAV-based surveys to pro-

vide representative biodiversity metrics is largely

dependent on the number of UAVs deployed or the

length of the total survey period, rather than the routing

systems tested here.

The feasibility of employing some of the sampling

intensities given by our results depends on project aims,

budget and scale. For a survey of 100 sites, an intensity of

0.4 could mean either deploying a swarm of 40 UAVs

simultaneously or 4 UAVs visiting clusters of 10 sites

Figure 3. UAV-based acoustic surveys overestimate the minimum forest cover requirements for spider monkeys. (A) The predicted spider monkey

occupancy over a gradient of forest cover within 100m of the sensor when the entire dataset from a static PAM survey was included (Sampling

Intensity= 1), as presented in Lawson et al. (2024). The minimum forest cover threshold, calculated by finding the cut-off point that maximized

the probability of a positive spider monkey detection, was 0.909 (red dashed line). (B) Shows a repetition of this analysis using data collected

from simulated UAV surveys, where sampling intensity (the number of drones deployed simultaneously, as a proportion of total sites) and

sampling strategy (Random movement between sites or Routed movement that prioritizes nearest neighbours) were varied. Boxplots summarize

the minimum forest cover threshold estimated from 50 iterations of each simulation, where the box represents the lower quartile, median and

upper quartile and the whiskers are 1.5 × the Interquartile Range. Points show the raw results from each simulation.
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sequentially. Our results suggest that lower intensities

(0.2) can detect broad patterns such as land-use associa-

tions, but higher intensities (0.4–0.8) are needed to

accurately detect specific signals like species’ habitat

thresholds or complete species lists. These findings suggest

that practitioners could tailor sampling intensity to their

Figure 4. Incorporating very simple real-time detections into route planning does not detect more species than a random sampling strategy.

Unique BirdNET species detections from three simulations of an existing acoustic dataset. In each simulation, we varied sampling intensity

(number of UAVs deployed simultaneously, as a proportion of total sites) and sampling strategy, defined as random movement between sites or

two types of adaptive sampling, where UAVs change routes depending on real-time detections. A sampling intensity of 1 represents the full

dataset of a static PAM survey. Adaptive explorative indicates that previous vocalization frequency at a site gives a low bias towards visiting that

site again over others, whereas adaptive exploitative indicates vocalization frequency at a site will give a high bias towards visiting that site again

over others. Each solid point represents the average number of species detected over 50 simulation iterations, with error bars representing 95%

confidence intervals. The faded points show the actual species richness from each iteration.

Figure 5. Distance-based, routed sampling improves energy consumption but not sampling evenness. Comparison of survey logistics for different

drone survey simulations where sampling intensity (number of UAVs deployed simultaneously, as a proportion of total sites) and sampling

strategy, defined as random movement between sites, routed (optimizing for the shortest travel distance) or two types of adaptive sampling,

where UAVs change routes depending on real-time detections. A sampling intensity of 1 represents the full dataset of a static PAM survey.

Adaptive explorative indicates that previous vocalization frequency at a site gives a low bias towards visiting that site again over others, whereas

adaptive exploitative indicates previous vocalization frequency at a site will give a high bias towards visiting that site again over others. We

calculated (A) sampling evenness using Shannon’s evenness index (SEI), where a high value represents even sampling across sites and hours in the

day. (B) Average total travel time, normalized by total number of sites in a cluster and (C) average number of charger visits, normalized by total

number of sites in a cluster. For all plots, each point represents the average of 50 simulation iterations, with error bars representing 95%

confidence intervals.
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monitoring goals, and further research could investigate

how studies with a higher number of species might alter

these interpretations.

Adaptive sampling is not yet widely used in biodiversity

surveys, but advances in autonomous robotics present

new opportunities to explore the potential of this

approach (Henrys et al., 2024; Stache et al., 2023). The

adaptive sampling strategy employed here showed no

improvement over random sampling, possibly because

sampling clusters were mostly within a single land-use

type (Fig. 1), meaning that the adaptive algorithm strug-

gled to identify a difference between sites. This strategy

may perform better in fragmented landscapes, where

adaptive sampling could reveal biodiversity gradients.

Additionally, the adaptive strategy employed was relatively

simple, relying on one variable: vocalization rate history.

Although vocal activity has previously been used as an

acoustic index (Towsey et al., 2014), there is no ecological

theory linking it to the number of species. Vocal activity

was a useful proxy in our dataset, as many sites had no

detections at all, so prioritizing ‘vocal’ sites increased the

chance of encountering species. A more advanced adap-

tive system could incorporate real-time abiotic or biotic

(e.g. land classification) factors, similar to methods used

in UAV-based pollution mapping (Boubrima &

Knightly, 2021).

Study limitations and challenges for
robotics-assisted acoustic surveys

Real-world deployments of UAV surveys may be influ-

enced by additional factors such as the behavioural

responses to UAVs or weather conditions, which we

could not control for. Previous studies on UAV distur-

bance have mainly focused on optimal flight heights to

minimize disturbance (Corcoran et al., 2021; Duporge

et al., 2021; McEvoy et al., 2016); however, the intermit-

tent sampling method used here would be more affected

by recovery time after UAV landing. UAV take-off or

landing can elicit escape responses in birds within 40 m

(Weston et al., 2020), although others have found bird

vocalization rates can recover in less than 4 min after

noise disturbances from a snowmobile (Cretois et al.,

2023). A species’ tolerance to UAV noise depends on the

focal taxa (Mesquita et al., 2022), UAV flight path (Afridi

et al., 2024; Schad & Fischer, 2023), and the noise level

of the UAV model (Kuhlmann et al., 2022). We recom-

mend that UAV-based acoustic surveys account for dis-

turbance effects by incorporating a latency period after

landing and using quieter drone models where possible,

with preliminary tests on disturbance of their study taxa

before monitoring (Duporge et al., 2021; Schad &

Fischer, 2023).

A limitation of the avian detections dataset was that

BirdNET only detected a subset of the total bird species

in the study area, limiting the possibilities for ecological

analyses. The accuracy of BirdNET species detections has

been shown to depend on the number of vocalizations

available in public repositories (Funosas et al., 2024) that

the training data are drawn from (Kahl et al., 2021). As a

result, species that are frequent vocalizers and commonly

encountered in human-dominated habitats tend to be

detected with greater accuracy (Van Merriënboer

et al., 2024), which is the case for the Costa Rica dataset

(Sethi et al., 2024). Further work is needed to understand

how reduced sampling intensity affects the data quality

when looking at more detailed metrics of species habitat

use that are possible with static acoustic surveys, such as

occupancy (Rhinehart et al., 2022), community composi-

tion (Kümmet et al., 2025), or behaviour (Szymański

et al., 2021; Wrege et al., 2017).

For our simulations, we based battery capacity on a

commercially available UAV and did not test other

models with longer flight capacity or differing propeller

noise, since our study area was not distance-limited and

we could not account for disturbance. Implementing the

survey proposed in this study would require careful inte-

gration of emerging technologies, such as integrated sen-

sors, solar-powered docking stations (e.g. Florczak

et al., 2025) and efficient data-sharing systems (e.g. Li

et al., 2021). Whilst a single UAV is more expensive than

a static acoustic sensor, the overall cost could be lower

depending on sampling intensity, labour savings and

extended survey duration. Legal constraints also shape

feasibility, as many countries require UAV flights to

maintain visual line of sight (VLOS), though regulations

are evolving, with the UK Civil Aviation Authority aiming

to permit Beyond VLOS operations by 2027

(UKCAA, 2024). Given that much of the technology

already exists in prototype form, we believe that further

investment in the development of advanced UAV swarm

designs is justified.

Conclusion

In conclusion, our findings highlight the feasibility of

UAV-based acoustic monitoring as a scalable approach

for biodiversity assessment and highlight barriers to mak-

ing robotics-assisted UAV surveys a reality. We demon-

strate that the number of UAVs deployed simultaneously

plays a greater role in determining detection success than

the choice of sampling strategy, though routing will

reduce power consumption. As UAV technology con-

tinues to advance, further research is needed to explore

the applications of autonomous UAV-based ecological

surveys across different ecosystems, taxonomic groups
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and data collection methods (e.g. camera trapping,

eDNA). In addition, future studies should prioritize

developing novel sensor placement methods and auton-

omy frameworks that are validated in field conditions to

maximize their potential for conservation science.
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