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1. Comprehensive estimations of relative abundances and changes therein are one of the most important mea-
sures of conservation monitoring. The use of passive acoustic monitoring (PAM) has the potential to greatly
enhance information availability, yet has mainly focused on species diversity or coverage, yielding results
comparable to those from expert observers. Comparisons with conventional monitoring data have been made
mainly for point counts, even though area-wide territory mapping is a widely used standard in many monitoring
programs.

2. We compare data derived from the combination of PAM and automated identification via machine learning
with an area-wide conventional breeding bird survey conducted by expert observers across the Marburg Open
Forest in Hesse, Germany. By varying the number of survey intervals, recording duration and locations, we then
determined the sampling effort needed to adequately reflect both species coverage and community composition
of the conventional survey.

3. Only small subsamples of PAM data were required to reach maximum species richness of the conventional
survey; minimum requirements were as low as 1) one survey interval or 2) 30 min duration or 3) three recording
locations if other factors were allowed to vary accordingly. Revealing the community composition of the con-
ventional survey, however, required sampling over three to six survey intervals with recording durations be-
tween 10 and 100 h. While communities were similar between methods in terms of species activity and relative
abundance, PAM also partially reflected the composition of territories in the conventional survey.

4. Our study demonstrates the relative importance of greater sampling effort especially for monitoring com-
munity composition, requiring more recording locations, duration and intervals in comparison to species rich-
ness. We provide insight into the current applicability of PAM in monitoring practice and present best-use
scenarios on how to make the most of high spatio-temporal resolution acoustic monitoring data.

1. Introduction particularly when applied to large spatial and temporal scales (Darras

et al., 2019). As a result, biodiversity data are often patchy in space and

Counteracting the human-induced worldwide decline in biodiversity
requires an efficient, reliable, high spatio-temporal resolution approach
to monitoring, providing information on population sizes and trends and
facilitating evidence-based decision-making processes in conservation
(Barata et al., 2017; Schmeller et al., 2015; Zeuss et al., 2024). Observer-
based monitoring approaches often require significant effort and
expertise (Hoefer et al., 2023) and are cost and time expensive,

* Corresponding author.
E-mail address: kim.lindner@biologie.uni-marburg.de (K. Lindner).

https://doi.org/10.1016/j.ecoinf.2025.103265

time and focused around selected taxa such as birds and mammals
(Mihoub et al., 2017; Pereira et al., 2010), inevitably leading to species
loss taking place unnoticed (Wagele et al., 2022). Moreover, most
monitoring programs are implemented only after anthropogenic pres-
sures already lead to heavy population declines, making it difficult to
estimate baselines for conservation management (Mehrabi and Naidoo,
2022; Mihoub et al., 2017). Passive acoustic monitoring (PAM) is
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emerging as a powerful and versatile tool by passively capturing
acoustic signals from various environments which are then analysed for
the presence of species-specific vocalizations (e.g., Blumstein et al.,
2011; Gibb et al., 2019; Obrist et al., 2010; Sugai et al., 2019). PAM has
been successfully applied to monitor species groups such as birds
(Shonfield and Bayne, 2017), amphibians (Measey et al., 2017), insects
(Lehmann et al., 2014; Newson et al., 2017), bats (Kloepper et al., 2016),
marine mammals (Sousa-Lima, 2013) and primates (Heinicke et al.,
2015). Birds are well suited for this approach, since their vocalizations
generally allow the identification of species, age class, and even repro-
ductive status (Teixeira et al., 2019). PAM often employs cost-efficient
and easy-to-handle automated recording units (ARU; Pimm et al.,
2015; Hill et al.,, 2018) for the collection of vast amounts of
high-resolution acoustic data, even in remote or highly sensitive eco-
systems previously not covered. From those large datasets, recent ad-
vancements in machine learning facilitate the identification of different
bird species in a highly effective way (e.g. Duarte et al., 2024; LeBien
et al., 2020; Ruff et al., 2020). State-of-the-art technical approaches
predominantly rely on deep convolutional neural networks (CNNs),
leading to significant progress in the field of multi-label species recog-
nition from audio recordings (Kahl et al., 2021; LeCun et al., 2015).
These technical developments offer promising conditions for the
implementation of comprehensive species community monitoring using
PAM.

Applying the (semi-)autonomous acoustic monitoring of avian
communities successfully in the field potentially may provide diversity
estimates comparable or higher to those obtained by experts (Darras
et al., 2018; Hoefer et al., 2023; Melo et al., 2021; Shonfield and Bayne,
2017). However, in a monitoring setting, diversity itself (i.e., species
richness) may be constant over time, while colonization and extinction
events still lead to significant changes in the underlying community
composition (Dornelas et al., 2014; McGill et al., 2015; Rittenhouse
et al., 2010). Conventional methods such as point- or transect surveys
therefore monitor changes in the composition of a community by
providing an estimate of species density or relative abundance for
deriving species population trends. In PAM, inference of species abun-
dances is complicated by the complex relationships between the number
of detections over time and species densities (Gibb et al., 2019; Morelli
et al., 2022; Pérez-Granados and Traba, 2021). Vocalizations may be
produced by the same individual, especially in songbird communities
with small and overlapping home ranges. Underlying detection proba-
bilities are strongly linked to activity and differ not only between
different species (Sliwinski et al., 2016), but also environmental con-
ditions (Darras et al., 2016). The inference of species abundances and,
ultimately, changes therein, one of the main goals of conservation
monitoring, directly from acoustic recordings by reliably distinguishing
the number of vocalizing individuals from multi-species recordings re-
mains a challenging task (Gibb et al., 2019; Teixeira et al., 2024).
Promising approaches for estimating incidence such as occupancy
modelling (e.g. Balantic and Donovan, 2019a; Kelly et al., 2023), dis-
tance sampling (e.g. Sebastian-Gonzalez et al., 2018) or acoustic indices
(e.g. Borker et al., 2014; Pérez-Granados et al., 2019, see Alcocer et al.,
2022 but also Bradfer-Lawrence et al., 2023) address this issue for
various research questions and goals (see Marques et al., 2013; Pérez-
Granados and Traba, 2021; Ross et al., 2023 for a review). More direct
approaches even advocate for the use of activity estimates as a proxy for
relative abundance to facilitate PAM trend estimations in more pressing
conservation matters (e.g. Jaramillo-Legorreta et al., 2017; Newson
et al., 2015).

Early on, the integration of vocal identity into acoustic monitoring
has been suggested along with collecting behavioural information to
further inform conservation management decisions (Blumstein et al.,
2011; Lewis et al., 2021; Terry et al., 2005). Similarly, conventional
monitoring methods make use of spatial and visual cues during data
collection to distinguish individuals of the same species and estimate
relative species abundances (Bibby et al., 2000; Siidbeck et al., 2025).
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Area-wide territory mapping approaches go even one step further by
repeating data collection several times over the breeding season and
aggregating detections into individual territories based on species-
specific requirements. While bird territories may be dynamic over the
course of a breeding season (Pasinelli, 2000), distinguishing between
reproducing individuals only (indicated by territorial or nesting
behaviour), may provide further insights into the reproductive success
of a population and is therefore used as an established criterion for
estimating population trends in several national bird monitoring
schemes (see Brlik et al., 2021 for an overview).

To implement PAM into conservation monitoring, the obtained re-
sults need to be integrable into existing conventional monitoring
schemes, supporting the continuous updating of species population es-
timates and trends. Currently, comparable standardized protocols such
as point counts, line transects, and territory mapping are conducted over
different breeding bird monitoring schemes, whose results provide
viable insights into population changes and the drivers behind them (e.g
Rigal et al., 2023 for farmland practices). While sampling effort in
conventional monitoring is determined a-priori by selecting e.g. the
number of survey intervals or survey duration, data collection in PAM is
split in two phases: Initially, large amounts of acoustic data may be
conveniently collected, restricted mainly by means of energy con-
sumption and data storage in the field (Lahoz-Monfort and Magrath,
2021). As the recordings take place unattended, this approach also
leaves room to later correct for malfunctioning hard- or software. In the
second phase, sampling effort may be optimized to balance survey
reliability and efficiency, effectively applying effort-based stopping
rules a-posteriori during data analysis (Cam et al., 2002; Watson, 2017).
Consequently, determining how results obtained from PAM regarding
sampling effort relate to those from conventional monitoring not only in
terms of species richness but also community composition is a crucial
next step. Factors such as the number of recording units, sampling time,
frequency and duration of audio recordings, are known to influence
estimates of species richness (e.g. Darras et al., 2018; de Camargo et al.,
2019; Funosas et al., 2024; Shaw et al., 2022; Wood et al., 2021).
Nevertheless, while comparably little sampling effort may be required to
achieve similar results for species richness compared to conventional
methods (Darras et al., 2019), it remains unclear how much effort is
needed to adequately map composition.

In our study, we therefore compared PAM data on both species
richness and community composition to conventional monitoring data
from a simultaneously conducted area-wide breeding bird survey. We
increasingly aggregated our ground-truth data from activity to abun-
dance estimates and later territories to simulate the results of different
breeding bird monitoring schemes currently applied across the globe to
evaluate what proportion thereof is reflected by PAM community data.
To determine an appropriate PAM sampling effort and recommend best-
practices (Vella et al., 2022), we focused on what researchers in the field
would need to know for creating a study design, such as the number of
recording intervals over the season, the total amount of recording time,
and the number of recording locations required.

2. Methods
2.1. Study site

Our study area is part of the Marburg Open Forest research platform
in Hesse, Germany, covering approx. 1.3 km? mixed temperate forest
situated on a low mountain range on 200 to 400 m a.s.l. While protected
as a special area of conservation (SAC) as part of the Natura 2000
network, the actively managed forest is dominated by uneven-aged
European beech (Fagus sylvatica, itis.gov TSN 502590), some
exceeding 180 years old, interspersed with occasional English oak
(Quercus robur TSN 19405) and coniferous stands of Douglas-fir (Pseu-
dotsuga menziesii TSN 183424) and Norway spruce (Picea abies TSN
183289). The temperate climate is characterized by distinct seasonal
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changes, reflected in the span of the avian breeding season ranging from
spring (March) to summer (August).

2.2. PAM data collection

For the 1.3 km? study area, we used aerial imagery to identify all
beech trees within beech-dominated stands of medium to old age
(approx. 50-180 years) with a distance of at least 50 m from the edge of
the study area or roads. We then selected a random stratified sample of
50 recording locations with at least 50 m distance from another evenly
distributed over the forest area (Fig. 2). The selected trees were identi-
fied in the field using a DGPS of approx. 1 cm precision and equipped
each with one ARU (‘Audiomoth’, Hill et al., 2018) attached to the
vegetation at approx. 1 m height above ground, passively recording
acoustic data over two consecutive breeding seasons in 2020 and 2021,
respectively. Due to malfunctioning hardware, we later reduced the
dataset to 16 recording locations with a minimum distance of 200 m
apart (Gregory et al., 2004) and enough audio data from at least four
recording intervals. Two ARU only contributed recording data in one
year, resulting in 14 recording simultaneously locations delivering data
in 2020 and 2021, respectively. Based on previous tests, we estimated
the recorders to effectively cover a radius of 100 m around the recording
locations (see Winiarska et al., 2024 for species-specific detection dis-
tances), with 14 recorders resulting in an approx. 1/3 coverage of the
total study survey area (10.8 /km?). We chose a sampling rate of 48 kHz
in 16-bit mono WAYV format to avoid loss of information (MacPhail et al.,
2024). PAM data collection took place from April to June in 14-day
survey intervals and was extended to 21 days on two occasions due to
malfunctioning hardware, but with no overlap between recording in-
tervals. During each interval, ARUs were set to record every second
minute between 4 and 10 am und 5-8 pm CEST, resulting in 4.5 h of
recordings per plot per day. Evening hours were included during anal-
ysis since vocalizing species often mask each other at dawn, but less
before dusk. Battery changes and SD-card collection took place every
two weeks and the audio recordings were manually transferred onto
storage servers for further processing.

2.3. Network training for automated species identification

We trained a deep convolutional neural network (CNN) for the
identification of breeding bird species potentially occurring in the study
area (Stiibing et al., 2010). For this purpose, we chose an EfficientNet
architecture, a family of neural network architectures with state-of-the-
art performance on various computer vision tasks (Tan and Le, 2019).
Based on a neural architecture search, these networks use a compound
scaling method that optimizes depth, width and resolution of the
network to achieve high accuracy while minimizing the computational
cost. To improve the accuracy of the overall prediction, we trained an
ensemble of three EfficientNet models, namely one EfficientNet-B4 and
two EfficientNet-B5, using weighted averages of the predictions of the
three models. To put more emphasis on difficult samples during the
training process, the EfficientNet-B4 and one EfficientNet-B5 were
optimized with a binary cross-entropy loss combined with modulation
factors that were motivated by the success of focal loss in the field of
object detection (Lin et al., 2025), while the second EfficientNet-B5
utilized the vanilla binary cross-entropy loss. Detailed information on
the network architecture used and the training procedure is found in
Miihling et al. (2020).

For the initial training we collected 140,000 sound recordings for 82
regularly occurring bird species from publicly available libraries. All
recordings were converted to five second snippets with an overlap of one
second to find a balance between computation time and false negative
detections due to intermittent vocalizations. After the first training
round, the resulting model was applied to a set of roughly 8000 audio
snippets collected independently from the study area. The resulting
predictions were manually evaluated by human experts and used to re-
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train the network. We continually improved our model in an iterative
manner for several rounds of training, each expanding the dataset based
on user feedback. Each iteration of re-training the network took up to
four weeks due to the number of species and large amount of training
snippets used. For evaluation purposes, we held out a validation dataset
that included 913 audio snippets from the study area as well as 3509
snippets from the publicly available data. While originally starting with
a set of 82 species possibly occurring in the area, we later reduced our set
to 30 breeding bird species occurring in the area for which enough
acoustic training data from our study area were available (see section
2.4 below). We retrieved precision and recall metrics for each species
(Knight et al., 2017; Priyadarshani et al., 2018) and calculated mean
average precision (mAP) to evaluate overall network performance
(Fig. 3). The final network was evaluated on two validation datasets: The
first validation set consisted of audio recordings from publicly available
sources as well as recordings from our study area, while the second
validation set contained only the latter. Our model reached a mean
average precision of 0.85 for the combined dataset and 0.98 for the
recordings from the study area, respectively. The latter revealed two
species with an average precision score below 0.8 (0.71 for the Hawfinch
Coccothraustes coccothraustes (TSN 179170) and the Stock Dove Columba
oenas (TSN 177098), respectively; Fig. 3). Excluding these two species
resulted in a mean average precision of 0.98 for the study-area only test
dataset. We used the networks’ confidence score, a numeric prediction
ranging from O to 1, to set a rather conservative threshold >0.9. In doing
so, we avoided false positive detections that otherwise indicate species
occurrence when no individuals are present. We then created two
datasets for comparison with the simultaneously obtained breeding bird
survey data containing for each recording location and species 1) all
detections over the season as a measure of species activity and 2) the
maximum number of detections as a measure of relative abundance,
which both could vary under different subsampling scenarios (Fig. 1).

2.4. Breeding bird survey and territory delineation

Alongside the sound recordings, we conducted an area-wide
breeding bird survey following the territory mapping standard of Siid-
beck et al. (2025). The study area was separated into eight equally long
transects evenly divided between expert observers to account for
observation bias. Transects were sampled from varying starting points
and in different order from March to July over six ~14-day survey in-
tervals in 2020 and 2021, respectively. Field work was conducted under
favourable weather conditions of no rain and low wind speed, starting in
the early morning hours and ending when bird activity decreased before
noon, with a buffer of 30 min to complete already started transects. We
recorded the locations of all audio-visually detectable bird individuals
with a focus on display and territorial interactions such as singing, nest
building, and feeding. From the obtained point observations, we
assigned territory polygons based on species-specific requirements
defined in Siidbeck et al. (2025) and territory sizes retrieved from Bauer
etal. (2005). To correct arbitrary small polygons resulting from spatially
close observations, we then calculated the maximum distance between
each polygon and its centroid and used the maximum per species over
both years to draw a buffer around the centroids. In doing this, we
assured that all point observations lay inside their respective territory
boundaries but also acoustically represented the presumed extent of the
territories. To compare the conventional survey with the PAM data, we
drew a 100 m buffer around each recording location and kept all
intersecting point and territory observations (Fig. 1). Due to the vicinity
of the recording locations, it is possible that vocalizations of individuals
with a large home range were recorded on more than one ARU and
similarly during the breeding bird survey, the same individual might
have been detected at more than one location. We expected the poten-
tially resulting bias in relative abundance to equally affect both methods
and did thus not correct for it during data analysis. For further analysis,
we excluded owls and raptors as well as species for which no territories
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Fig. 1. Schematic overview for the process of the data collection (1), subsampling (2) and matrix composition (3). (1) The forest bird community was surveyed via an
area-wide conventional breeding bird survey (A) and simultaneously recorded using passive acoustic monitoring (B) over six survey intervals per year. The shaded
green circles indicate the acoustic space covered by the automated recording unit (ARU) shown as a rectangle at its centre, recording in an approx. 100 m radius.
Coloured dots indicate different species observed in the breeding bird survey and species detections recorded via PAM. (2) Both datasets A & B were subsampled 1000
times according to various subsampling designs of increasing sampling effort in terms of number of recording locations, duration and survey intervals. (3) Point
observations of both datasets A & B were then transformed into activity, abundance and for the breeding bird survey, territory data. Coloured dots indicate different
breeding bird species observed within a 100 m radius around each recording location (A) and recorded via PAM (B). (For interpretation of the references to colour in

this figure legend, the reader is referred to the web version of this article.)

were retained, such as transitioning migrant species (e.g., Eurasian
Golden Oriole Oriolus oriolus, TSN 561707). Since the focus of our study
was not to evaluate the detectability of individual species through PAM
but a comparison of coverage and composition between methods, i.e. the
PAM derived automated detections and the results from the breeding
bird survey, we further restricted our analysis to those 30 species for
which acoustic training data from the study area were available. We
then created three datasets for comparison with the acoustic dataset
(Fig. 1, part B) containing 1) all point observations within a 100 m buffer
around the recording locations, 2) the maximum number of point ob-
servations between all survey intervals as an estimate of relative abun-
dance per recording location and 3) all territories intersecting with the
100 m buffer per recording location; all of which were allowed to vary
under different subsampling-scenarios.

2.5. Subsampling scenarios

The full acoustic dataset included data from six survey intervals and
14 recording locations with more than 100 h of recordings per location.
Due to malfunctioning hardware, not all devices collected data during
all six survey intervals, resulting in five locations with only four
recording intervals in 2021. We used a subsampling randomization
protocol (Fig. 1) for both PAM and conventional monitoring data to
construct compositional matrices of varying sampling effort (locations
as rows, species as columns). Compositional matrices varied in the
number of randomly selected 14-day survey intervals (1-6), recording
locations (8-14) and recording duration (10 min up to 100 h per location
per interval). Starting with a minimal sampling effort of ten minutes of
recordings per unit from one survey interval only, the number of survey
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Fig. 2. Overview of the breeding bird survey area (blue line) and stratified random sample of automated recording units (ARU) in the study area. Black dots indicate
the initial setup of 50 ARU with a distance of at least 50 m to each other as well as to the forest edge and main roads. White squares show the 16 recording locations of
minimum distance 200 m apart which delivered sufficient audio data over the course of the study and were therefore used in analysis (14 per year). (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Mean average precision (mAP) curve for the final CNN ensemble; blue:
study area and publicly available data, orange: study area data only. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

intervals was subsequently increased up to six and the number of
recording hours up to a maximum of 100 h per recording location. For
each subsampling scenario, we created activity-based subsamples for
which all data points were kept as well as relative abundance estimates
for which only the interval with the maximum number of detections was
kept. The breeding bird territory data were only subsampled with
regards to the number of recording locations as for territory delineation,
the data were already aggregated over the whole season. Data of the two
years were handled separately, and each subsampled matrix was
randomly assembled 1000 times (500 times for presence-absence
matrices used for rarefaction analysis, see method section 2.6). All
subsampling was equally applied to the conventional monitoring data

based on the same protocols with slight modifications for the territory
data.

2.6. Comparison of species richness and community congruence under
varying sampling effort

We used sample-based rarefaction estimates derived from species
accumulation curves to evaluate how species coverage differed between
the acoustic and conventional monitoring data of varying sampling
effort (Chao et al., 2014; Hsieh et al., 2022). Here, we did not distinguish
between activity and abundance data since rarefaction uses incidences
for inter- and extrapolation of the data. Only the full set of recording
locations was used as the interpolation procedure is implemented in the
rarefaction. Species coverage was interpolated for 1-13 recording lo-
cations and extrapolated for up to 30 locations over 100 bootstrap it-
erations and 40 knots via the iNEXT package (Chao et al., 2014; Hsieh
et al., 2022; Fig. 4). We chose species coverage as a more meaningful
estimate of species richness to allow for better comparison between the
different datasets. Full coverage was defined as an estimated threshold
>0.98.

We further assessed community composition similarity between the
two methods via Procrustes analysis (Peres-Neto and Jackson, 2001) for
activity, abundance and territory-based communities under different
subsampling scenarios: 1) PAM activity-based and conventional activity-
based communities, 2) PAM abundance-based and conventional
abundance-based communities and 3) PAM abundance-based and con-
ventional territory-based community compositions (Fig. 1). Sub-
sampling protocols covered one to six survey intervals, recording
durations between ten minutes and 100 h (in total 13 subsets of
increasing length) as well as 8-14 recording locations, resulting in 546
scenarios, each subsampled 100 times. We Hellinger-transformed all
compositional matrices (locations as rows, species as columns) and
calculated Bray-Curtis dissimilarities for each subsample. Principal Co-
ordinate Analysis (PCoA) on the first two axes was used to calculate
congruence between the community compositions via Procrustes anal-
ysis, which uses a rotational-fit to measure the strength of the rela-
tionship, i.e., the similarity between two multivariate datasets (R-
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min - 100 h recording time per location during 1-6 survey intervals dataset, dark grey: Rarefaction curves obtained from subsets of 1-6 conventional breeding bird

survey intervals.

package vegan; Oksanen et al., 2022). Based on the resulting Procrustes
m'2-values we calculated an r-statistic to interpret the results without
setting a fixed cut-off value (Saito et al., 2015). We further estimated
community congruence between the conventional survey point obser-
vations and their assigned territories for data validation purposes. For
best-practice recommendations of PAM sampling effort, we only

considered communities reaching full species coverage (> 0.98).
3. Results
3.1. Passive acoustic monitoring (PAM) data collection

In total, the acoustic monitoring recorded approx. 7400 h over both
survey years, with the earliest ARU deployments on 15-March/20-April
and final retrieval on 13/15-July in 2020/2021, respectively. On
average, each of the recording locations collected approx. 48.66 (+
22.64) hours of audio material per survey interval and was active on
68.38 (+ 31.75) days. After application of the >0.9 reliability threshold,
we retrieved 148,325 predictions from the 30 breeding bird species
covered in this study. 88 % of the collected one-minute recordings did
not contain predictions, resulting in an average of 0.33 predictions per
minute. The most abundant species were Common Chaffinch (Fringilla
coelebs TSN 179168, 14,317 detections), Winter Wren (Troglodytes
troglodytes TSN 178547, 6802) and European Robin (Erithacus rubecula
TSN 559964, 4365). The species with the lowest number of recordings
were Great Tit (Parus major TSN 561864, 21) and Common Chiffchaff
(Phylloscopus collybita TSN 562129, 43). The number of species detected
per recording location ranged between 21 and 29 species (mean 25.76
+ 2.11).

3.2. Conventional breeding bird survey

Overall, the conventional breeding bird survey detected 3575 point
observations of the 30 study species within the 100 m radius around the
recording locations, resulting in an average of 119.17 (+ 108.94) ob-
servations per species. We further identified 2368 territories for these
species within the 100 m buffer around each location (point observa-
tions for territory delineations could be located outside the 100 m
buffer). Most commonly observed species were Eurasian Blackcap (Syl-
via atricapilla TSN 563183, 388 observations, 213 territories), Common
Chaffinch (355 obs., 209 ter.) and European Robin (301 obs., 200 ter.).
Twenty-three species (77 %) were observed in five or more breeding
bird survey intervals (averaged over two years), whereas one species
(Spotted Flycatcher Muscicapa striata TSN 561250) was observed in less
than three intervals per year. Seven species (23 %) were observed at all
14 recording locations, while three species (10 %) were observed at less

than four locations (Northern Raven Corvus corax TSN 179725, Carrion
Crow Corvus corone TSN 559494 and Spotted Flycatcher).

3.3. Species coverage in acoustic monitoring

Rarefaction analysis revealed that in general, increasing the number
of survey intervals, recording locations and recording duration all led to
a higher number of species being detected through PAM (Fig. 4). Under
lowest sampling effort of ten minutes at a single recording location
during one sampling interval, species coverages averaged at 8 % of the
total species set (Fig. 4). Increasing the number of survey intervals to a
maximum of six with still one single recording location and ten minutes
acoustic recordings per interval increased coverage to 27 % of the full
species set. An increased recording duration of one hour, ten hours or
100 h at a single recording location further increased coverage up to 24
%, 47 % and 61 % for one survey interval and 52 %, 80 % and 89 % for
six survey intervals, respectively. Similarly, adding more recording lo-
cations to the mix increased species coverage to 60 % for a minimum
duration of ten minutes during one recording interval and further 80-90
% for all subsampled datasets with one hour of recordings or more. The
observed gain in coverage increased strongly at smaller recording du-
rations (e.g., between subsamples of ten minutes and one hour) and was
less pronounced between subsamples of larger recording time (ten hours
and upwards). Extrapolating to 30 recording locations revealed
coverage estimates between 0.8 and 1 for lowest and highest recording
duration, respectively. Full coverage (> 0.98) was reached under
recording scenarios of at least a) five recording hours per location in one
survey interval at 14 locations each or b) 30 min of audio recordings
over four survey intervals at 14 locations each or c¢) three recording
locations with either 80 h during four survey intervals or 40 h during six
survey intervals. For the territory data, subsampling at one single
recording location revealed an average coverage >0.9 that increased to
full coverage with any additional recording location added (graph not
included).

3.4. Comparison of activity, abundance and territory-based community
composition

Subsampling scenarios with reduced recording durations of e.g.
10-30 min of audio recordings per survey interval and location reached
an average species coverage of 45 %-64 % for one to six survey intervals,
or 61 %-79 % coverage when only scenarios with a maximum amount of
six intervals were considered. We therefore only further included sets
reaching full species coverage >0.98, characterized by a minimum of
three recording intervals, eight locations and ten hours recording
duration per location, subsequently evaluated in our recommended
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sampling scenarios.

Overall, for both activity-based and abundance-based composition,
community congruence was higher with longer recording durations and
greater number of survey intervals (average r-values ranging between
0.71 and 0.87 for abundance-based and 0.74-0.86 for activity-based
scenarios; Fig. 5). At larger recording durations of e.g. 10-100 h per
location, congruence averaged higher with a greater number of
recording locations for both activity and abundance compositions.
Abundance-based community congruence showed greater similarity to
the breeding bird community structure than its activity-based counter-
part, with mean Procrustes r-values >0.75 for large sampling effort
scenarios of 4-6 survey intervals and 80-100 h of recordings per loca-
tion (Fig. 5). When comparing the full set of breeding bird point-
observations with their assigned territories an overall community
congruence of 0.87 and 0.89 in 2020 and 2021 was estimated,
respectively.

Comparison of the PAM derived data with the territory dataset
showed that congruence averaged between 0.64 and 0.73, with higher r-
values assigned to scenarios with a reduced sampling effort of the
minimum of eight recording locations or one survey interval. Average
congruence of r > 0.7 was reached for subsets of 10 or more recording
hours per location and survey interval.

4. Discussion

We here compare the use of passive acoustic monitoring (PAM) to
conventional breeding bird survey scenarios across multiple sampling as
well as data aggregation schemes. Our findings show that both species
activity-based as well as abundance-based community composition were
well depicted through PAM, whereas territory-based comparisons
showed a weaker association between the two methods. Similar esti-
mates of species richness were obtained with comparably small sam-
pling effort, while matching community compositions required longer
and more frequent recordings over larger numbers of locations. This
indicates that for a wide application in ecological monitoring, more
complex sampling schemes need to be considered.

4.1. Comparison of species coverage

PAM is advancing as a powerful tool in biodiversity monitoring with
estimates of species richness similar to other conventional monitoring
methods (Darras et al., 2019). Likewise, our results suggest that full
species coverage may be reached under multiple different minimum
sampling scenarios of as little as one survey interval or 30 min duration
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or three recording locations if the corresponding factors were increased
accordingly. Consequently, our 1.3 km? study area would be sufficiently
covered using only three ARU (0.43 units per km?) if the maximum of six
recording intervals with at least 10 h of recording per interval and
location were collected over one field season. Interestingly, species
coverage in our study peaked under different subsampling scenarios of
varying sampling effort and all three parameters (number of survey in-
tervals, recording duration and number of locations) could be reduced
heavily with full coverage still being reached. Since a single detection
per species is enough to reach full coverage, rarefaction estimates (i.e.,
species accumulation curves) do not account for species abundances, but
merely indicate the presence of a species (Gotelli and Colwell, 2001).
Similarly, rarefaction results obtained from the point observations of the
conventional breeding bird survey showed the same steep increase at
varying sampling efforts, with accumulation curves shaped similar to
those obtained by sampling 100 h of PAM data, the largest sampling
effort in our study (Fig. 4). While highly effective, greater sampling
effort PAM was therefore accumulating species just as fast as the con-
ventional survey, during which data collection took approx. 16-31 h per
interval. Neither method was, on average, able to cover the full species
set within one survey interval, which is likely due to long-distance
migrating bird species not present in the study area during the first
survey interval in April (Siidbeck et al., 2025). Since we already recor-
ded the complete morning chorus as well as additional evening hours,
resulting in a maximum 100 h per location per survey interval, recording
duration could not be reasonably raised to potentially further increase
maximise PAM efficiency. However, we restricted our use of acoustic
data to detections with a quite conservative reliability or confidence
score > 0.9 (see Funosas et al., 2024 for a similar approach), by which
presumably a large proportion of true-positive detections were not
considered. Despite the large amounts of audio recordings collected in
the study area, finding appropriate test data proved a difficult task for
some of the less abundant breeding bird species and made the use of this
global threshold necessary. Recent findings suggest that species-specific
thresholds may significantly improve precision and recall in acoustic
datasets, especially when incorporating contextual information such as
detection quantity (Singer et al., 2024). In general, our networks’ mean
average precision (mAP) of 0.85 (overall) or 0.96 (study area) was quite
high, but well in range of similar studies (0.791 Kahl et al., 2021; 0.893
LeBien et al., 2020; 0.541 Ruff et al., 2020). Future advancements in the
field of species identification through machine learning, however, sug-
gest that with increasingly stronger network performances (Lauha et al.,
2022), potentially incorporating e.g. phylogenetic relationships (Wang
et al., 2024), similar results may be reached with significantly reduced
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Fig. 5. Histogram of r-values obtained via 1000 Procrustes analyses for activity-based, abundance-based and territory-based community compositions. Subsets were
created from one to six survey intervals sampling between ten minutes and 100 h of recordings at eight or 14 recording locations each.
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recording times. In addition, distinguishing different vocalization types
such as warning calls or (sub-)songs, but also vocalizing juveniles
(McGinn et al., 2023), may prove beneficial to more targeted acoustic
monitoring approaches. In contrast, the number of recording locations
and survey intervals over the breeding season are likely less affected by
better performing models, since species are spatially distributed un-
evenly while showing distinct seasonal phenologies, requiring multiple
visits or recording sessions per season to capture the full community.

4.2. Comparison of community composition

While a comparably small amount of PAM data was required in terms
of species richness, the sampling effort needed to match community
compositions of the conventional breeding bird survey was higher by a
magnitude. On average, most subsampling scenarios of PAM data
reaching congruence with the conventional dataset required the full set
of six survey intervals. Activity and abundance-based community com-
positions did not differ in this regard, however similarity to the territory-
based communities of the conventional data was less pronounced. Over
the course of a breeding season, species with different ecological re-
quirements will reach their respective maxima at different times of the
year (Siidbeck et al., 2025). We show that with an adequate setup, this
can be accounted for not only in conventional breeding bird surveys, but
also appropriately distributed PAM setups as the one described here.
Moreover, occasional data-loss due to malfunctioning soft- and hard-
ware, which we encountered during field work, may be compensated by
broadly distributing data collection over time and space. The large
amounts of data conveniently obtained using ARU were further able to
compensate for the disadvantages associated with this method such as
stationary sensors and a lack of visual information for species identifi-
cation (Darras et al., 2019). Likewise, community similarity was greatest
at the full dataset of 100 h of recordings per location and for the com-
plete set of 14 recording locations. Increasing the number of locations
further would have been interesting but was not possible due to the
extensive field work required for the simultaneously conducted territory
mapping survey. Previous comparisons of species richness in PAM and
conventional methods mostly focused on point counts (Darras et al.,
2018; Shonfield and Bayne, 2017), a widely used standardized method
for estimating bird species richness and abundances across various
ecosystems. In contrast to point counts, area-wide breeding bird surveys
require rather labour-intensive field work, but also provide more
nuanced information on species occurrences in the surveyed area
(Newell et al., 2013). Our results show that congruence was compara-
tively low when comparing the PAM data to the territory data derived
from the area-wide survey. Under the best-case scenario, congruence
averaged at 0.73 and appeared higher at lower sampling effort. When
comparing the territory data with PAM derived abundances, we did not
apply the same species-specific requirements defined for delineating
breeding bird territories. Resulting community compositions were
therefore not incorporating any spatial information such as detections of
counter-singing individuals. Adding to this, human observers are so far
known to detect sounds at longer distances than ARU (Yip et al., 2017),
which here may have increased the number of point observations
available for delineating individual species territories, further increasing
dissimilarity to the results obtained from PAM. In contrast, in conven-
tional monitoring, this information is already factored in during data
collection, resulting in a high congruence between conventional abun-
dance and its own territory-based composition (r = 0.87 and 0.89 for
2020 and 2021, respectively). Historically, territory mapping can look
back on centuries of methodological developments during which stan-
dards for collecting, processing, and interpreting the data were estab-
lished (Siidbeck et al., 2025). Similarly in PAM, individual acoustic
monitoring (IAM) approaches for distinguishing between individuals,
such as time differences of arrival (TDOA; Frommolt and Tauchert,
2014), repertoire identification (Onate-Casado et al., 2023; Petruskova
et al., 2016) or unsupervised clustering (Clink and Klinck, 2021), offer
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promising results for inferring abundance estimates but have not been
widely implemented in acoustic monitoring schemes.

4.3. Best practice implications

Overall, practitioners seeking to use PAM for avian monitoring
benefit from a wide selection of data sampling scenarios that can be
adapted to specific study requirements. We show that depending on the
research goal, factors such as the number of recording intervals, loca-
tions and recording durations may be heavily reduced, while still col-
lecting appropriate amounts of data (Table 1). With three recording
intervals, a minimum of either eight recording locations, in this study
deployed over a 1.3 km? forest area, or ten hours audio recordings per
location and interval were suitable to record full species richness. We
suggest increasing the number of recording intervals over the season to
achieve the greatest improvements in both species coverage and com-
munity congruence: Just as in conventional monitoring, sampling de-
signs incorporating repeated data collections over longer time intervals
are likely less prone to effects of harsher weather conditions (Balantic
and Donovan, 2019b). Similar results might be reached only with larger
recording durations of 100 h per interval and location, which might
require a continuous power supply or frequent battery changes of the
recording units. In the present study, this effect was more pronounced
for a greater number of recording locations, suggesting that the temporal
sampling effort partially compensates for a reduction in spatial
coverage. Especially in larger areas with different forest types or open
areas, a greater number of ARU might be required. Still, in more ho-
mogenous environments such as our study area, the number of recording
locations may play a less pronounced role compared to areas covering
more heterogeneous habitats (Wood et al., 2021).

Table 1

Best practice recommendations for PAM study designs aiming to adequately
cover both species richness and composition of a bird community based on the
results from our study area. Community congruence and species coverage
thresholds were retrieved from each 1000 subsamples per scenario. We chose
scenarios with full species coverage of >0.98.

Abundance-based community congruence

Rec. intervals Rec. duration per No. of rec. Community congruence
per breeding interval and Locations (averaged Procrustes r-
season location value)
3* 30h 14 0.71
100 h 14 0.71
4 10 h* 14 0.74
60 h 10 0.75
5 10h 12 0.78
30h 9 0.80
6 10h* 11 0.83
30h 8* 0.85
Territory-based community congruence
3* 20 h 12 0.70
40 h 9 0.72
4 10 h* 13 0.69
30h 8* 0.73
5 10h 12 0.69
20h 8" 0.72
6 10 h* 10 0.70
20 h 8 0.72
Species coverage (all scenarios)
Rec. intervals Rec. duration per Species coverage
. . No. of rec.
per breeding interval and . (percentage of overall
. Locations L.
season location species richness)
3* 20 h 13 0.98
4 10 h* 10 0.98
5 20h 8+ 0.98

* Minimum recording interval, duration and location per community com-
parison scenario highlighted.
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4.4. Implementing PAM into existing monitoring programmes

The prospect of combining ‘conventional’ and newly developed PAM
approaches might not only reduce the overall cost of monitoring (Obrist
et al.,, 2010) but also provides the exciting opportunity to further
improve already established, long-running monitoring programmes on a
larger scale (Hoefer et al., 2023). The integration of PAM into existing
monitoring schemes ‘from scratch’ allows for the consideration of
nowadays well-established principles of survey design (Buckland and
Johnston, 2017; Darras et al., 2019) for the correction of e.g. observer
bias (e.g. Farmer et al., 2014; Kelling et al., 2015) or species-specific
detectability in different environments (Kéry and Schmid, 2004; see
Watson, 2017, but also Newson et al., 2013 for a large-scale monitoring
context). Furthermore, the targeted deployment of autonomous re-
corders may balance out non-stratified and/or non-random spatial
sampling needed for monitoring on larger scales, which in conventional
observer-based monitoring is hugely influenced by the density of
volunteer counters in the area (Schmeller et al., 2012; Stolar and Niel-
sen, 2015). By providing a wider temporal coverage both over time of
day and season, temporal constraints of observer-based monitoring
schemes are further lifted e.g. for (semi-) nocturnal, inconspicuous or
infrequently vocalizing species (e.g. Goyette et al., 2011; Digby et al.,
2013; Sidie-Slettedahl et al., 2015; Holderried et al., 2025; see Sugai
et al., 2019 for a review) as well as remote species communities such as
in high-mountainous regions, which are only accessible at certain times
during the year. Results from the swiss monitoring scheme showed much
earlier timing of vocal activity for Rock Ptarmigan (Lagopus muta)
revealed via acoustic monitoring, peaking up to two months before the
start of conventional monitoring counts (Serrurier et al., 2024). Relying
on autonomous devices may not only proof beneficial for monitoring
remote or sensitive ecosystems, but also mitigate risks for volunteers in
high-risk areas such as regions prone to fires (Franklin et al., 2021).
Overall, the advantages associated with cost-efficient and easy to handle
automated approaches expand the potential pool of volunteers no longer
constrained by the need for extensive ornithological expertise and
dedication. With younger and/or less experienced volunteers partici-
pating in avian monitoring programmes, the appreciation of conserva-
tion goals may reach a broader audience, encouraging the notion of
environmental stewardship (McLeod et al., 2024). While the main goal
of avian monitoring, i.e. the detection of population changes, is the focus
in further-advancing the many technical devices and various approaches
for collecting environmental data (Lahoz-Monfort and Magrath, 2021),
the immediate results need to feed into informed decision-making pro-
cesses, leading to subsequent implementation of conservation action in a
straightforward way. Despite the emergence of large-scale acoustic ap-
proaches in recent years only, there are instances in which its results
have already led to changes in conservation legislation e.g. on EU-level,
such as mitigation measures implemented to reduce bycatch of the en-
dangered Baltic Sea sub-population of the Harbour porpoise (Phocoena
phocoena) in areas previously identified through ARU (Amundin et al.,
2022; Koschinski et al., 2024). Moreover, automated monitoring reveals
the positive impact of forest managements certification schemes on
mammal communities in western equatorial Africa, providing quantifi-
able information on the effectiveness of this conservation measure
(Zwerts et al., 2024). At the same time, implementing and adapting
strategies for simultaneously monitoring the drivers of biodiversity
decline on both small and large scale is of great concern (Boénnec et al.,
2024; Tekwa et al., 2023). Prioritizing the standardization of data
collection and developing protocols for metadata storage (Blumstein
etal., 2011; Darras et al., 2018; Priyadarshani et al., 2018) is a necessary
requirement for ensuring long-term comparability of data obtained in
different monitoring settings, and thus sustainability of conservation
monitoring (Davison et al., 2025). Methodological comparisons between
established conventional approaches and continuously advancing
automated methods such as the one provided here are a crucial step in
the complementary integration into existing conservation monitoring
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schemes designed for the near real-time detection of species declines and
subsequent changes in species communities (Besson et al., 2022; Hoefer
et al., 2023).

4.5. Conclusion

With the increasing use of PAM in conservation monitoring comes
the demand for best-use implications on how these tools can be applied
in the field. Our study expands on previous work by emphasizing the
necessity of upscaling sampling effort by a magnitude to effectively
monitor both species richness as well as community composition.
Operating in a highly spatially-resistant ecosystem, we highlight the
importance of considering different recording parameters such as the
number of survey intervals, recording locations and duration, warrant-
ing careful consideration of research goal and environmental setting.
Comparisons between conventional and automated approaches are
difficult to obtain due to the fundamentally different characteristics of
the data recorded, but provide vital insights into the transferability of
acoustic approaches. Standards for data collection, handling and storing
need to be developed to ensure the comparability and therefore
longevity of the results. With focus on the integrability into well-
established monitoring schemes, the complementary implementation
of PAM facilitates the near real-time detection of population changes
and provides a powerful, yet versatile tool in the monitoring of species
communities.
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