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Bird Census News
Volume 38/1-2, January 2026

EDITORIAL

The technical development in automatic sound identification has been progressing very fast over the
last ten years. This has increased the interest in passive acoustic monitoring (PAM) among birds and
other taxa. The cost of sound recorder devices have come down and there are currently several on-
line tools available to automatically suggest the identity of the recorded bird sounds. This makes use
of PAM possible for a wider range of researchers. There are already many groups using PAM in their
research in Europe. What is the current state of the art in PAM? How good are available acoustic tools
and how could PAM be used in bird monitoring? To answer for example these questions and to keep
on track in the recent development in this research field, EBCC board decided to establish an Acoustic
Monitoring Group (AMOG) in 2024.

This Bird Census News volume is dedicated for articles about acoustic monitoring including eight arti-
cles. The first article introduces the AMOG, the newest member of the EBCC family. The second article
is based on a questionnaire from the EBCC to the European bird monitoring coordinators to ask how
they see the role of acoustic monitoring in bird surveys. The following five articles are national exam-
ples how PAM could be used to support monitoring. Two of these articles are case studies from the
Netherlands (Roodbergen et al.) and the UK (Wilson et al.) that are exploring how acoustic monitoring
could be used in common bird monitoring. Two other articles are single species case studies from
Switzerland (Kornienko et al.) and Spain (Klaas-Fabregas et al.) exploring the acoustic monitoring of
nocturnal owl species. One of the challenges in PAM is to evaluate accurate location of the vocalising
bird and thus estimate potential abundances of species. The case study of Bruggemann et al. from
Germany using multiple recorders simultaneously is investigating this issue. The last acoustic article by
Ovaskainen et al. is about solving large scale problems in acoustic monitoring: improving (i) classifiers
and (ii) the workflow from recordings to the analyses as well as (iii) engage citizen scientist to collect
audio data on a larger spatial scale. The first and the last audio article also encourages international
collaboration among the EBCC network and we can only strongly agree! | hope these papers will stim-
ulate new approaches and initiatives in the field of acoustic monitoring. The final article of the volume
is introducing the secretary of the EBCC board: Dawn Balmer.

Last, we would like to inform that the new editor in chief of the BCN will be Dimitrije Radisi¢. Please,
contact if you wish to publish your work in the journal."

Aleksi Lehikoinen & Danae Portolou
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Introducing AMOG — the newest member of the EBCC family!

Thomas Sattler! and Maja Roodbergen?

1Swiss Ornithological Institute, Seerose 1, 6204 Sempach, Switzerland
2Sovon Dutch Center for Field Ornithology, Nijmegen 6525, The Netherlands

Acoustic monitoring — using hardware and soft-
ware to record and identify bird species — has
undergone tremendous development over the
past 15 years. In particular, Passive Acoustic Mo-
nitoring (PAM), which uses autonomous record-
ing units capable of collecting data for weeks or
even months, has the potential to revolutionize
bird monitoring, as well as the monitoring of oth-
er taxa.

Several organisations within the EBCC network
have begun to explore — or even actively imple-
ment — these innovative acoustic monitoring
methods in their work. Alongside the exciting op-
portunities this brings, acoustic monitoring also
presents a range of challenges that may affect
current and future bird monitoring practices.

To address these developments and encourage
knowledge exchange among its partner organi-
sations, the EBCC established the Acoustic Moni-
toring Group (AMOG) in June 2024, following an
initiative from the EBCC board. AMOG's goal is
to coordinate, align, and integrate acoustic bird
monitoring initiatives across Europe, strengthe-
ning the overall efforts in bird monitoring. If ne-
cessary, AMOG will also advise the EBCC board
on matters related to acoustic monitoring.

Asiits first initiative, AMOG distributed a question-
naire on the perception, use, and future poten-
tial of acoustic monitoring among EBCC partners,
receiving responses from 47 individuals across
32 countries. The results were presented at the
EBCC Conference 2025 in Riga and are summa-
rised in this issue of Bird Census News (p. 4).
Responding to growing interest and requests
from EBCC partners, AMOG also drafted the
EBCC Statement on the Use of Auto-ID Tools in
Long-Term Monitoring. At present, AMOG re-
commends refraining from using identification

Received 23 June 2025
Accepted 6" October 2025

apps such as Merlin Bird ID or BirdNet in Breed-
ing Bird Surveys (see p. 5 of this BCN). This rec-
ommendation is based on concerns that these
tools may introduce biases of unknown magni-
tude into long-term datasets. Before such tools
are widely adopted, we must first understand
their implications and develop clear guidelines
for their use.

At the EBCC Conference in Riga in April 2025,
AMOG organised a workshop on different as-
pects of acoustic monitoring, which was well-at-
tended (approximately 120 participants). This
strong turnout reflects the significant interest
in the topic within the EBCC network. Partici-
pants generally agreed on the great potential of
acoustic monitoring for studying elusive species,
remote habitats, or generally regions with limit-
ed observer coverage. However, there was also
consensus that the EBCC and its network are not
yet focused on deriving abundance data (e.g.
densities) through PAM. While this area is scien-
tifically promising and rapidly evolving, it is not
vet ready for large-scale monitoring applications.
Workshop participants encouraged AMOG to de-
velop a comprehensive strategy for how the EBCC
can contribute to the field of acoustic monitoring,
and to prepare practical guidelines for organisa-
tions interested in launching their own PAM ini-
tiatives.

Currently, AMOG includes 21 members from 15
institutions. If your national bird monitoring or-
ganization has some experience with acoustic
monitoring and is interested in joining and sup-
porting AMOG, please contact the Co-chairs Alek-
si Lehikoinen (aleksi.lehikoinen@helsinki.fi) or
Thomas Sattler (thomas.sattler@vogelwarte.ch),
including a brief description of your interests and
current activities related to acoustic monitoring.
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Role of acoustic monitoring in bird surveys and atlases:
results of EBCC acoustic monitoring questionnaire

Petr Vorisek' and Tatiana Kornienko?

" European Bird Census Council, Na Bélidle 34, 15000 Prague 5, Czechia
2 Swiss Ornithological Institute, Seerose 1, CH-6204, Sempach, Switzerland

vorisek@ebcc.info

Abstract. In order to understand the importance and future potential of the
currently quickly developing acoustic methods of research, the questionnaire with
36 questions about acoustic monitoring and its role was distributed in Autumn
2024 among the EBCC network. Answers of the respondents from 32 countries
showed the interest of the EBCC community in this topic and a lot of possibilities
for implementation of acoustic monitoring methods within EBCC. Some countries
use it a lot already, some haven’t started yet, so EBCC can bring them together for
effective and productive collaboration to improve the data sets on bird distribution
and abundance across Europe.

Introduction

Acoustic monitoring plays an increasingly impor-
tant role in ornithological studies. Thousands of
recorders are deployed around the world, with
high coverage in Europe — for example only for cit-
izen science BirdWeather PUC devices the known
number of active stations is more than 1200 items
(BirdWeather). The huge amount of AudioMoth,
SongMeter Mini, SongMeter Micro is difficult to
estimate not only because there are a lot of offi-
cial projects (some of them can be found here:
ecoSound-web), but also due to many private de-
vices. They are especially important to reveal the
status of cryptic and difficult to study species either
diurnal like Rock Ptarmigan or nocturnal like owls,
in remote, effort-consuming areas, regions where
there is a lack of ornithologists etc. As the goals of
EBCC first of all are “to bring together ornitholo-
gists who are interested in the study of distribution,
numbers, and demography of European birds and
to encourage monitoring of bird distribution, num-
bers, and demography aimed at improving their
conservation and management”, it is important to
estimate the scale of using acoustic monitoring for
all those activities. The questionnaire, which was
sent to the EBCC network, was aimed to do it. On
the other hand, the important task of EBCC is en-
couraging and creating specialist working groups to
tackle relevant topics, that is why AMOG — Acous-
tic Monitoring Group — was created (see Bird Cen-
sus News p. 3, of this volume) to bring together

acousticians from all around Europe and to devel-
op acoustic methods which can be integrated into
current EBCC monitoring activities.

Materials and methods

The questionnaire was distributed among EBCC
national delegates and national coordinators of
PECBMS and EBBA2 projects in September 2024.
The questionnaire was also advertised in the
EBCC Newsletter, which is distributed quarterly
among a wider audience interested in bird mon-
itoring work. 47 responses were received from
32 countries, including 43 organisations and four
private persons. From most of the countries (65%
of all of them) just one answer was received, one
quarter of the countries provided two answers,
two countries gave three answers, and it was one
country which provided four answers from 2 dif-
ferent organisations.

The questionnaire included 36 questions (see An-
nex). There were different kinds of them:

e multiple choice restricted with some particu-
lar options, so the respondent has to choose
one (Q. 1, 2, 3, 4, 31).

e score questions restricted with the answer
in certain numbers (Q. 5-30, 32) — mostly
about importance of acoustic monitoring.

e open-ended, so the respondents could an-
swer in a free manner (Q. 33-36) — com-
ments, suggestions etc.
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Results and discussion

The questionnaire results show that there is an in-
terest in developing and using methods of acous-
tic monitoring that prevails among the survey
participants. All the questions and distribution of
the replies are shown in the Annex. In open-end-
ed questions some relevant comments have been
shown. According to the responses the potential
of acoustic monitoring lies in complementing
existing monitoring methods and schemes, and
the complementarity can also mean that acous-
tic monitoring brings data on presence/absence
of species in remote areas, areas with few bird-
watchers, or for species difficult to detect. There
are positive expectations from acoustic monitor-
ing playing a role in both atlases and monitoring,
but most of the respondents believe that acoustic
monitoring gives more valuable data for atlases
and inventory than for monitoring as monitoring
is about numbers, abundance and trends. Despite
the fact that Al Identifiers are developing very
fast nowadays, they are still weak in quantity esti-
mation and most probably it will take a few more
years to train them to identify not only the pres-
ence/absence of the bird species, but also the
number of individuals, if at all. In general, caution
prevails among the respondents about using ID
apps by fieldworkers. The risks are, among oth-
ers, the data being not compatible with the data
obtained by traditional methods. Despite the ac-
curacy of identification for some species being
very good, there are species which are almost
invisible for classifiers even if the quality of re-
cordings is high, and validation and data process-
ing is time consuming. That is why “blind” use of
ID Apps is currently not recommended by EBCC
while making surveys for PECBMS or EBP. In some
cases it was possibly one of the reasons for the
answer “No” on the question about general in-
terest in acoustic monitoring. On the other hand,
even if there was no interest in acoustic monitor-
ing from the organisation, acoustic methods were
considered as useful in some study areas.

Most of the respondents emphasised that acous-
tic monitoring was especially important for cryp-
tic, rare and nocturnal species research (includ-
ing nocturnal migration) and for research with
dedicated topics like vocalisation, phenology, in-
dividual recognition (for some species individual
marking can be done as the peculiarities of the
song are easier to detect than catching/ recatch-
ing the same individual to check the ring num-

ber) etc. and it makes research together with
other taxa more efficient as just only one meth-
od/device is used for bats, birds, mammals, frogs
and insects. The answers have shown that using
acoustic devices will probably not significantly re-
duce the travel costs or costs for volunteer train-
ing — despite even one recorder replaces human
hours in the field, the amount of the recorders is
increasing, and travel costs are needed not only
to deploy and bring them back to the office, but
also to maintain them like changing batteries or
memory cards. Furthermore, the computational
capacity to analyse the data will also be higher
than analysing traditional survey data.

Nearly half of the respondents think the acous-
tic monitoring will change the community of the
fieldworkers. For instance, by opening monitor-
ing to people with lesser expertise in bird ID (incl.
foresters or experts on other taxa). There are ex-
amples of this type of work from some countries
when recordings for common bird species moni-
toring are mostly done by protected areas staff,
and further identification is run by professional
ornithologists. It allows large areas to be cov-
ered and significant amounts of data collected.
On the other hand, huge amounts of data must
be analysed, verified and stored somehow, and
it makes it complicated for the countries which
either have lack of resources for that or collect
that much data by implementing acoustic mon-
itoring a lot.

There were no worries that the attitude of the
bird watcher community would be negative, but
some doubts regarding engagement of people
with birds and nature — no need to spend hours
in the field for bird counts, all the fieldwork is
about deploying the recorders and maintaining
them. The good aspect of it is that acoustic de-
vices can be installed under any weather condi-
tions and at any time of the day, in some cases
months in advance if needed, so all the problems
with finding the best time for the survey can be
skipped — later the researcher can decide which
files to use depend on the aim of the study. On
the other hand, there is a concern about losing
a link between the work and the community of
fieldworkers.

Most of the respondents have expressed no con-
cern about privacy, although in many countries it
is forbidden by the legislation to record people’s
voices without their permission. In accordance
with the answers given, the safety of equipment
also is not something that is too concerning —
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most modern devices are small, cryptic-colour-
ed and easy-to-hide. As prices significantly de-
creased and quality increased (high humidity
protection, solar panel for long-lasting, live data
transfer throughout GSM or satellite like in Eco-
Pi (Recording technology — ecoPi) and similar
devices) within the last five years, they became
more affordable and more widespread.

Nobody of the respondents expects that acous-
tic devices will completely replace standard hu-
man-based monitoring in the longer term. How-
ever, some level of complementarity is expected
— in remote and difficult to access areas, regions
where there is a lack of ornithologists or bird-
watchers, within the work with rare/cryptic/noc-
turnal species and other cases which demand a
lot of efforts to collect the data by humans. At the
moment there are a lot of projects among EBCC
partners, in which acoustic monitoring is already
used. These are ones mentioned by the respond-

References

ents: some separate species monitoring like Rock
Lagopus muta and Willow Ptarmigan Lagopus
lagopus, White-winged Snowfinch Montifringilla
nivalis, nightjars Caprimulgus sp., Eurasian Wood-
cock Scolopax rusticola; multiple species monitor-
ing like common bird surveys, farmland birds, noc-
turnal migration and nocturnal breeding species,
including owls. Nearly half of the respondents
does not expect any support from EBCC in these
activities, but others believe that EBCC can:

e develop guidelines, education and trainings;

e facilitate and implement projects focusing on
acoustic monitoring;

e stimulate discussion within EBCC on how
to integrate acoustic monitoring in current
monitoring schemes;

e become the European reference point for
standards on how to mobilise/integrate
acoustic data in long term monitoring pro-
jects.

ecoSound-web: https://ecosound-web.de/ecosound_web/

BirdWeather: https://www.birdweather.com/

Recording technology — ecoPi: https://www.oekofor.de/en/portfolio/erfassungstechnik_en/

Received: 30" May 2025
Accepted: 17" July 2025

Annex
Questions and results

1. Is your organisation interested in acoustic monitoring to monitor bird populations?

2; 4%

Distribution, Numbers/trends

Numbers/trends

Distribution

Not at all
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2. In your view, what are the main expected outputs from acoustic monitoring? Will it complement or
substitute completely or partially current methods (for general monitoring projects and atlas work)

2; 4% Complement current projects with new ones, ad-
. dressing new aims, that have not been properly
6; 13% approached yet

Substitute completely or partially current meth-
ods (for general monitoring projects and atlas
work)

38; 83% Something can be substituted, something com-
. plemented, assisting, complementary in difficult
areas

3. What do you think will acoustic monitoring bring to the regular monitoring (temporal dimension) or
atlas work (spatial dimension)?

Better opportunities for atlas & better opportu-
nities for monitoring

5;11%

6; 13%

. Better opportunities for monitoring

Better opportunities for atlas

4. What is your view on how volunteers can use auto-identification apps during fieldwork?

7;15% the limited comparability with previous hu-

man-based bird identification

. Should be used to improve results despite
22;47%

Should be avoided to interfere with the meth-
odology used so far and keep standardisation

11; 23%

|1 don’t know\we haven’t considered this issue\
it hasn’t become an issue among our volunteers

. An intermediate strategy would be ideal
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5. Please score the following monitoring activities
for how much you think acoustic monitoring de-
vices will be complementary to current projects
(1 = important to 5 = unimportant) [Breeding
bird monitoring in areas with a limited number
of ornithologists and birdwatchers (a person non-
trained in bird identification could contribute to
monitoring)]

5
4 I

Importance

Number of answers

7. Please score the following monitoring activities
for how much you think acoustic monitoring de-
vices will be complementary to current projects
(1 = important to 5 = unimportant) [Dedicated
research projects e.g. focussed on particular sites
or species]

5
4

Importance
w

-
I
|
T
1
0 10 20 30 40

Number of answers

9. Please score the following monitoring activities
for how much you think acoustic monitoring de-
vices will be complementary to current projects
(1 = important to 5 = unimportant) [Nocturnal
migration]

H Un

Importance
[ N w

o

10 20 30

Number of answers

6. Please score the following monitoring activi-
ties for how much you think acoustic monitoring
devices will be complementary to current pro-
jects (1 = important to 5 = unimportant) [Atlas/
inventory work in areas with a limited number of
ornithologists and birdwatchers (a person non-
trained in bird identification could contribute to
monitoring)]

Importance
N w H

Number of answers

8. Please score the following monitoring activities
for how much you think acoustic monitoring de-
vices will be complementary to current projects
(1 = important to 5 = unimportant) [Nocturnal
breeding bird species]

Importance
w

Number of answers

10. Please score the following monitoring activi-
ties for how much you think acoustic monitoring
devices will be complementary to current pro-
jects (1 = important to 5 = unimportant) [Moni-
toring of some rare or cryptic species]

Importance

0 10 20 30 40

Number of answers
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11. Please score the following monitoring activi-
ties for how much you think acoustic monitoring
devices will be complementary to current pro-
jects (1 = important to 5 = unimportant) [Com-
plementarity with the monitoring of other taxa)

Importance
N w H

Number of answers

13. Please score the following for how important
they are in shaping the value of acoustic monitor-
ing in bird monitoring (1 = important to 5 = unim-
portant) [Reduced travel costs]

S

Importance
w

o

5 10 15
Number of answers

15. Please score the following for how important
they are in shaping the value of acoustic monitor-
ing in bird monitoring (1 = important to 5 = unim-
portant) [Increased accessibility allowing greater
diversity of volunteers]

Importance
w
Importance
N w H
) I
=
o

o
[%,]

10 15 20

Number of answers

12. Please score the following monitoring activi-
ties for how much you think acoustic monitoring
devices will be complementary to current pro-
jects (1 = important to 5 = unimportant) [Other
(please specify in comments)]

Importance
w

o
[5)]

10 15 20 25

Number of answers

14. Please score the following for how important
they are in shaping the value of acoustic monitor-
ing in bird monitoring (1 = important to 5 = un-
important) [Reduced costs of volunteer training]

Importance
w

o

5 10 15
Number of answers

16. Please score the following for how important
they are in shaping the value of acoustic moni-
toring in bird monitoring (1 = important to 5 =
unimportant) [Other]

15
Number of answers
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17. Please score the following for how important
they are in shaping the value of acoustic monitor-
ing in bird monitoring (1 = important to 5 = un-
important) [Positive attitude of the bird watcher
community]

Importance
w

o
(%]

10 15 20 25

Number of answers

19. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Cost of devices]

Importance
w

Number of answers

21. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Cost of storing data]

Importance
w

Number of answers

18. Please score the following for how important
they are in shaping the value of acoustic monitor-
ing in bird monitoring (1 = important to 5 = unim-
portant) [Other]

Importance
w

Number of answers

20. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Cost of IT infrastructure]

Importance
N w E~)

Number of answers

22. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Cost of processing and verifying
data]

Importance
w

Number of answers
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23. Please score the following for how impor-
tant they are in constraining the use of acoustic
monitoring in bird monitoring (1 = important to
5 = unimportant) [Lack of in-house expertise for
acoustic projects and data management]

Importance
N w H

o

5 10 15
Number of answers

25. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Safety of equipment]

Importance
N w H

o

5 10 15
Number of answers

27. Please score the following for how important
they are in constraining the use of acoustic moni-
toring in bird monitoring (1 =important to 5 = un-
important) [Negative attitude of the bird watcher
community]

Importance
w

Number of answers

24. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Concerns about privacy]

Importance
w N

o

5 10 15
Number of answers

26. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Diminished support by sponsors]

5 I
S 4 I
c
£
o 3 I
o
E e e—]

|

o

5 10 15
Number of answers

28. Please score the following for how important
they are in constraining the use of acoustic moni-
toring in bird monitoring (1 =important to 5 = un-
important) [Reduce engagement of people with
birds/nature]

S el

S 4 TeeeenESEEEERRRIL

c

©

5 3 Ee——

o

£ e 1
_

o
()]

10 15 20
Number of answers
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29. Please score the following for how important
they are in constraining the use of acoustic moni-
toring in bird monitoring (1 = importantto 5 = un-
important) [Limited comparability with the data
collected so far by humans]

5
§ 14— ——————T
c
g
S 3 I
Q
£ 2 —
1
0 5 10 15

Number of answers

31. Do you think acoustic monitoring develop-
ment would change the type of collaborators in
fieldwork? If yes, please elaborate in the Com-
ments.

# Don't know =~ No

12; 25%

13; 28% 22;47%

30. Please score the following for how important
they are in constraining the use of acoustic mon-
itoring in bird monitoring (1 = important to 5 =
unimportant) [Other (please specify in the Com-
ments)]

Importance

N W b

10 25

Number of answers

32. Evaluate from 1 (no expectation at all) to 5
(complete replacement of current monitoring hu-
man-based approach) your 20-year future vision
on acoustic monitoring in bird monitoring and at-
las work. Please comment on it in the Comments.

Expectations

25

Number of answers

33. Is there anything that EBCC could do to support you/your organisation/scheme in the implementa-

tion of acoustic monitoring?
Some remarkable comments are given below:

e develop guidelines, education and trainings;
L]

monitoring schemes;

long term monitoring projects.

12

facilitate and implement projects focusing on acoustic monitoring;
stimulate discussion within EBCC on how to integrate PAM [Passive acoustic monitoring] in current

become the European reference point for standards on how to mobilise/integrate acoustic data in
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34. Is your organisation already involved in mon-
itoring work which uses acoustic monitoring? If
yes, please provide answers according to the fol-
lowing structure directly in the text. If there are
more projects, please add info on all of them.

m Not involved

m Have experience with acoustics

~ Use acoustics a lot

. 0,
7; 15% 9;19%

31; 66%

36. Comments

Some remarkable comments are given below:

35. Are you aware of any consultants undertak-
ing acoustic monitoring in your country? If yes,
please provide comments, if possible.

mYes

= No

22;47%

25;53%

e “..We are very positive to using acoustic techniques for very specific and local surveys. But for long-
term large-scale monitoring — DON'T GO THERE! *

e ‘My biggest fear with the development of passive acoustic monitoring is the loss of the link with the
work of volunteers and the grassroots community. The main challenge is to manage to combine

the two in harmony.’

e ‘..Consistent data, which is not dependent on the observer's abilities and skills, gathered for longer
periods of time, fully comparable between different sampling places. It feels like a right way to the
general aim of any science — finding out the truth.

13
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Applying Passive Acoustic Monitoring for Dutch common bird species:
evaluating detection and classifier performance

Maja Roodbergen, Chiel Boom and Niels van Harten

Sovon Dutch Centre for Field Ornithology, Postbus 6521, 6503 GA Nijmegen, The Netherlands
maja.roodbergen@sovon.nl

Abstract. To evaluate the usability of audio-recordings for monitoring, we recorded
audio data during 232 ten-minute point counts in agricultural habitat. All recordings
were automatically classified, using four classifiers, and 70 recordings were anno-
tated manually. Finally, two new classifiers were developed by training an existing
classifier using annotated recordings of 326 species occurring in the Netherlands,
with and without use of secondary species labels. Here we show the results of
comparisons between 1) the field data of the point counts vs the manually annotat-
ed audio data, and 2) the automatic classifications by the four existing and the two

new classifiers.

Introduction

Being a densely populated country, with many
interested and skilled birders, monitoring of bird
numbers and distribution is extensive in the Neth-
erlands. Monitoring schemes are coordinated by
Sovon Dutch Centre for Field Ornithology and car-
ried out by c. 10,000 volunteers, which go out in
the field to count birds. Though extensive, some
species, habitats and/or periods are underrep-
resented, due to (e.g.) detectability, accessibility
and attractiveness issues. Technological advances
in low-cost automatic audio recording devices in
combination with developments in Al facilitating
automatic sound recognition, have opened the
potential for acoustic monitoring (e.g. Browning
et al. 2017, Shonfield & Bayne 2017).

However, being a relatively new method, explor-
ing the comparability of acoustic and regular ex-
isting monitoring methods is pivotal to assess the
applicability of acoustic monitoring and to avoid
methodological trend breaks. In addition, classi-
fying audio recordings manually is time consum-
ing. Automatic classification using classifiers, de-
veloped and trained for this purpose (e.g. Kahl et
al. 2021), could greatly improve efficiency. How-
ever, thus far, classifiers have been trained using
species-specific recordings and may perform in-
adequately for soundscapes with multiple spe-
cies vocalising simultaneously as happens during
spring choruses. Analyses using classifiers which
miss and/ or misidentify vocalising local species

14

produce incorrect presence-absence data. More-
over, species differ in their detectability and iden-
tifiability, making between species comparisons
difficult. Validating present, freely available clas-
sifiers is therefore a prerequisite for their practi-
cal implementation.

A habitat type that is typically underrepresented
in Dutch monitoring schemes is intensively used
farmland, as it contains few and usually only
common species and therefore is of little inter-
est to birders. As it is dynamic and constitutes
a large part of the land surface of the Nether-
lands, improving coverage of this habitat type is
desirable. Breeding bird monitoring in agricul-
tural sites in the Netherlands to a large degree
consists of point counts (Teunissen et al. 2019).
Data from audio recordings from a static loca-
tion can best be compared to point counts (e.g.
Klingbeil & Willig 2015, Van Wilgenburg et al.
2017). Therefore, while performing point counts
in the agricultural landscape of the province of
Noord-Brabant, field observers simultaneously
recorded bird sounds using a recorder. We used
these data to answer the questions: 1) ‘How do
presence-absence data collected in agricultur-
al landscapes using audio recorders differ from
data collected using point counts?’; 2) ‘What
is the performance of four freely available bird
sound classifiers when it comes to confirming
the occurrences of farmland bird species?’ and
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3) ‘Can the performance of the best of these
four classifiers be improved for Dutch bird spe-
cies?’

Methods
Data collection

In 2022, four different field workers performed a
total of 232 point counts in 13 agricultural sites
with Agri-Environment Schemes in the province
of Noord-Brabant, with 5 points per site, repeat-
ed 4 times during the breeding season. Counts
were performed between sunrise and 5 hours af-
ter sunrise and lasted 10 minutes, during which
all individuals tied to the location (i.e. excluding
fly-overs) within a radius of 300 m around the
point were registered on a map, noting species
and breeding code (Teunissen et al. 2019).
During the point counts, bird sounds were re-
corded using an AudioMoth located at observer
height and set at a sample rate of 48 kHz and me-
dium gain.

Evaluation data set

For the comparison of audio data with point
counts and the performance tests of the classi-
fiers, 70 audio recordings were selected (Table
1). We aimed at including all sites and all four
rounds, but prioritised two sites where species
diversity was relatively high (Maasheggen and
Schijndel). The selected audio-recordings were
annotated manually by three expert field workers
from Sovon Dutch Centre for Field Ornithology,
by composing a list of all species heard during the
10-minute recordings.

The 70 recordings used in the analyses contain
759 minutes of audio with 864 annotations for
73 species, after removal of all uncertain anno-
tations. The Common Chaffinch Fringilla coel-
ebs was the most frequently recorded species
appearing in 63 out of 70 recordings, while 13
species only occurred in a single recording. The
soundscapes included between 4 and 22 annota-
tions, averaging 12 annotations per soundscape.
All audio had a bit rate of 768 kbps, though the
quality of the recordings varied. Some sound-
scapes suffered from disturbances from wind,
traffic or field observers.

The evaluation dataset used to answer the first
guestion (comparing audio with point counts)
contained 1332 records (unique species-point-vis-
it combinations, Table 1) from 91 species that
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Table 1. Number of records (unique species-point-visit-
combinations) in the evaluation dataset per point and visit
(records from both point counts and audio-recordings).

Visit
Site Point 1 2 3 4
De Bleken dblkl 0 0 16 17
Gastelse Heide gsthl 0 12 20 13
gsth2 0 17 0 0
Keent kentl 32 31 26 0
kent2 35 22 0 0
kent4 26 0 0 0
kent5 22 0 0 0
Lage Zwaluwe lgzwl 0 0 22 14
Made Noord mdnd1 0 0 11 18
Maasheggen mshgl 10 22 16 17
mshg2 21 22 22 21
mshg3 20 21 19 20
mshg4 20 21 21 19
mshg5 21 19 16 14
Rucphen Heikant | rcphl 0 0 25 19
Rielsche heide rlhdl 0 0 0 8
Reek-Schaijk rschl 20 19 18 0
rsch2 0 19 0 0
Schijndel schdl 25 22 20 15
schd3 18 17 18 9
schd4 18 20 23 18
schd5 16 20 15 12
schd7 18 20 25 16
iltssr”dberge” stbnl 0 0 16 10
Zeeland zInd1 20 20 17 0
zInd2 0 20 0 0

were present on the audio-recording and/or in
the point count dataset.

Model descriptions

We compared four bird sound classification mod-
els: BirdNET, the Google Bird Vocalization
Classifier (GBVC), AvesEcho and Aquila. BirdNET
and GBVC are global models, whereas

AvesEcho focuses on Europe and Aquila on the
Netherlands.

BirdNET (v2.4, Kahl et al. 2021) is a neural net-
work classifying over 6500 bird species. It oper-
ates on three-second-long audio segments. The
model is trained using recordings from Xeno-Can-
to, the Macaulay Library of Natural Sounds and
most likely additional unknown sources as the
model has been updated after publishing. We
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used an overlap of two seconds resulting in one
prediction for every second of audio. We did not
use the available post-processing mask to filter
results based on location and time of the year in
our evaluation as it might exclude species which
could be present. Instead, we used a selection of
326 bird species occurring in the Netherlands.
The Google Bird Vocalization Classifier (GBVC, v4)
is trained on Xeno-Canto recordings and classifies
over 10,000 bird species based on 5-second-long
audio segments. We inputted segments with an
overlap of 4 seconds, resulting in one prediction
for every second of the recording. In our evalua-
tion, we again limited the model’s output to the
same 326 species.

Researchers at the Naturalis Biodiversity Center,
led by Burooj Ghani, developed a classification
model targeted at European bird vocalisations:
AvesEcho (Ghani et al. 2023). The model used in
this study was still in its development phase (vO0)
and was a single-label multi-species classification
model, meaning it produced a single species pre-
diction given an input segment of three seconds.
Aquila was developed by Aquila Ecology, a small
Dutch company developing technological solu-
tions for ecological research. Their classification
model performed well for bats (pers. comm A.
Krediet) and also classifies 332 bird species that
occur in the Netherlands. This species list ex-
cludes 28 species which we distinguish for Bird-
NET, GBVC and AvesEcho. Most of these are rare
species which were not present in the evaluation
dataset, apart from five species which were pres-
ent in the evaluation set (45 annotations) but not
included in the Aquila classifier: Red Junglefowl
Gallus gallus, Mandarin Duck Aix galericulata,
Pheasant Phasianus colchicus, Egyptian Goose Al-
opochen aegyptiaca and Greater Canada Goose
Branta canadensis.

Model evaluation

We evaluated the four models using our evalu-
ation dataset consisting of 70 soundscapes. The
models predicted scores for 3 to 10-second-long
segments of a soundscape while we required a
single score for each species per soundscape.
Therefore, we took the maximum score to obtain
a single score for each species given a sound-
scape. To get a single score for the performance
of each model on the soundscapes we used the
following approach: 1) We calculated the area un-
der the ROC curve (AUC, Hanley & McNeil 1982)
for each species present in the evaluation set.
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The ROC curve is produced by plotting the true
positive rate (sensitivity) on the y-axis against the
false positive rate (false alarm rate) on the x-ax-
is at varying threshold settings (Hoo et al. 2017).
The larger the area under this curve, the better
its performance. An AUC score of 0.5 is as good
as random guessing while a score of 1.0 describes
a perfect classifier for the data. 2) We averaged
the AUC scores calculated in step 1 to obtain a
single score per model. We call this metric AUC-
mean as it is the mean value of the species’ AUC
scores. This method ignores species absent from
the evaluation set as those have no true positive
rate. To not ignore the cost of false positives for
other species, we used a second metric we call
AUC-binary. Here, we first binarized the problem
by accumulating the scores for the bird species in
the evaluation set into one set, and the scores for
all other species into a second. This representa-
tion can be used to plot a ROC curve using all
scores and obtain AUC-binary by calculating the
area under this ROC curve. We also created a de-
tection error trade-off (DET, Martin et al. 1997)
plot, which is similar to a ROC curve but uses the
false negative rate (miss rate) instead of the true
positive rate and the cumulative normal distri-
bution to scale the curve into a more linear rep-
resentation. The AUC-binary measure is affected
by calibration errors as all species share the same
threshold setting. Therefore, it measures a com-
bination of the performance for all species and
how well the species are calibrated. To get a more
detailed picture, we also plot the ROC curve for
a few species. The code used for evaluation can
be found in our GitHub repository (van Harten
2023).

Model training

Besides comparing existing models using our
evaluation set, we trained the Google Bird Vocal-
ization Classifier, the best performing classifier
for our data, for Dutch usage. We replaced the
default classifier of GBVC, predicting 10932 class-
es, with our own classifier predicting 326 species
and called this model NLC. First, we obtained
training data for this classifier from Xeno-Canto
and pre-processed it. Subsequently, we trained
the classifier, and in the end, we evaluated the
model’s performance. The code needed to train
and evaluate the classifier can be found in our
repository (van Harten 2023). We optimized our
model trying to maximize the AUC-mean score
for the validation split while also preferring sim-
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pler approaches and approaches known to help
generalization (like drop-out, label smoothing
and up-sampling).

We trained a third model called NLC-NoSec. This
model is similar to NLC but ignores the secondary
labels of Xeno-Canto. We were interested to see
how the model performs being ignorant of these
background vocalisations during training.

Training data

To train a model fine-tuned on Dutch data, we
used both recordings containing bird sounds
for all 326 species and recordings without bird
sounds. We obtained bird sound recordings from
Xeno-Canto, with a maximum of 100 recordings
per species. As non-event data, we used the War-
blrb10k development dataset for DCASE 2018
Bird Audio Detection task 3, which consists of
8,000 short smartphone recordings from around
the UK and includes weather noise, traffic noise,
human speech and even human bird imitations.
We used nearly 2,000 recordings that do not con-
tain bird vocalisations.

The methods used for data preprocessing, the
model architecture and the training procedure
are described in the Appendix. The resulting
models were again evaluated using AUC-mean,
AUC-binary and a DET-plot (see above).

Results
Comparison audio vs point counts

Of the 91 species present on the audio-recordings
(manual annotation) and/or in the point count
dataset, 65 were recorded with both methods
(though not always at the same point-visit com-
bination), 19 were only observed during point
counts and 7 only in audio. Point counts resulted
in 1112 records, while audio recordings resulted
in 857 records (species-point-visit combinations).
Of these, 637 records overlapped, being present
in both point count and audio data, while 475
records occurred exclusively in the first, and 220
exclusively in the latter.

Excluding species with less than 10 records re-
sulted in 44 species, of which 18 overlapped in
at least 50% of the records in which they were
observed, with Common Chaffinch (95%), Black-
cap Sylvia atricapilla and Common Chiffchaff
Phylloscopus collybita (both 81%) showing most
overlap (Fig. 1); Greater Canada Goose (0%), Grey
Heron Ardea cinerea (0%) and Eurasian Jay Garru-
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Table 2. Mean performances (AUC-mean and AUC-binary)
of the four evaluated classifiers BirdNET, GBVC, AvesdEcho
and Aquila.

Model AUC-mean AUC-binary
BirdNET 0.834 0.911
GBVC 0.836 0.919
AvesEcho 0.832 0.825
Aquila 0.741 0.774

lus glandarius (7%) showed least overlap, though
all three were observed in both point counts and
audio-recordings, if not simultaneously. Sixteen
species were most often recorded in point counts
only, while only 4 species were most often record-
ed in audio only (Greater Canada Goose, Oyster-
catcher Haematopus ostralegus, Greylag Goose
Anser anser and Jackdaw Corvus monedula).

Evaluating classifiers

Comparing existing classifiers

The mean value of all present species’ AUC-mean
scores was highest for the Google Bird Vocali-
zation Classifier (Table 2), however, the values
for both BirdNET and AvesEcho were close. The
performance of the Aquila model stayed behind.
When looking at the AUC-binary, the perfor-
mance gap between AvesEcho and both GBVC
and BirdNET increased. Looking at the DET plot
(Fig. 2), we again see BirdNET and GBVC close
together. AveskEcho performs worse at lower
thresholds compared to the other models and
the performance of Aquila lags.

Figure 4 shows the AUC-mean scores (for exam-
ples see Fig. 3) for the 37 most frequent species.
AvesEcho seemed unable to classify the Common
Starling Sturnus vulgaris for the evaluation set,
and also seemed to have problems identifying
Egyptian Goose, Song Thrush Turdus philomelos,
Eurasian Coot Fulica atra and Common Blackbird
Turdus merula (AUC < 0.7). The two latter spe-
cies were also challenging for GBVC and BirdNET,
which however performed better for Egyptian
Goose, Song Thrush and Eurasian Coot. Aquila
could not classify Common Pheasant, Egyptian
Goose and Greater Canada Goose, as these spe-
cies were not included in their species list. How-
ever, it performed even worse than random for
Eurasian Coot and Common Blackbird, and had
problems identifying Willow Warbler Phylloscop-
us trochilus, Greylag Goose, Common Linnet Li-
naria cannabina and European Robin Erithacus
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Chaffinch (65)

Blackcap (48)

Eurasian Chiffchaft (62)
Wren (48)

Great Tit (49)

Dunnock (25)

Skylark (13)

Carrion Crow (58)

Common Whitethroat (43)
Common Pheasant (29)
Barn Swallow (20)
European Goldfinch (36)
Eurasian Linnet (27)
Garden Warbler (18)
European Greenfinch (14)
Yellowhammer (14)
Common Coot (10)
Eurasian Green Woodpecker (10)
Yellow Wagtail (19)

Great Spotted Woodpecker (11)
Short-toed Tree-Creeper (11)
Blue Tit (34)

Blackbird (48)

Common Wood-Pigeon (51)
European Robin (21)

Song Thrush (31)

Common Starling (36)
House Sparrow (27)

Tree Sparrow (15)
Northern Lapwing (18)
Eurasian Jackdaw (37)
White Wagtail (22)

Mallard (22)

Meadow Pipit (14)
Egyptian Goose (14)
Magpie (33)

Greylag Goose (25)
Common Buzzard (19)
Eurasian Oystercatcher (10)
Stonechat (24)

Stock Pigeon (36)

Eurasian Jay (14)

Grey Heron (11)

Canada Goose (10)
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Fig. 1. Proportions of species-point-visit combinations in which a species was observed from the audio-recording only
(red), during the point count only (blue) or during both (purple) for 44 species with 10 or more records (in audio-record-
ings and point counts combined). Number of records given between brackets. The species are ordered by the degree of
overlap.
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DET plot Table 3. Mean performances (AUC-mean and
AUC-binary) of the two new classifiers NLC and
NLC-NoSec and GBVC.
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Fig. 2. Detection Error Trade-off curve for BirdNET, GBVC, AvesEcho
and Aquila, accumulating targets (bird vocalisations) and non-tar-

gets (other sounds).

rubecula, species for which the other models
performed relatively well.

Training and evaluating new classifiers

Our approach using a custom classifier for Dutch
application (NLC) improves results on both AUC
metrics (Table 3). NLC-NoSec scores close to
GBVC for AUC-mean but worse for AUC-binary.
Looking at the AUC scores for the 37 most fre-
guent species individually (Fig. 6), results vary for
different species. Outliers seem to be the Euro-
pean Green Woodpecker, Greater Canada Goose,
Song Thrush and Common Blackbird. For the first
species, both NLC and NLC-NoSec perform better
than GBVC while for the other species NLC per-
forms best but NLC-NoSec worst. In general, NLC
performs better than GBVC over the entire range
(Table 3) while NLC-NoSec performs competitive-
ly for high thresholds but falls behind when low-
ering the threshold (Fig. 5).

Discussion
Audio recordings vs point counts

An important difference between point count
data and data collected using (simple) audio re-
corders is that the first contains information on
presence, abundance and density, while the lat-
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the species present and location/circum-
stances, to be able to determine detection
probabilities.

In 48% of species-point-visit combinations,
species were both observed during the
point count and heard on the audio-re-
cording. Species showing good overlap between
the two methods were all locally occurring song-
birds of closed habitats, such as Common Chaf-
finch, Blackcap, Eurasian Wren Troglodytes trog-
lodytes and Great Tit Parus major. These species
are usually observed by their vocalisations when
performing point counts.

Most species were recorded more often during
the point counts than on the audio-recordings.
This can largely be attributed to visual obser-
vations of birds that did not vocalise during the
10-minute count. These were often large and/or
conspicuous and relatively silent species of open
habitats, such as Stock Dove Columba oenas,
Eurasian Jay, Stonechat Saxicola rubicola, Grey
Heron, Common Buzzard Buteo buteo or Lapwing
Vanellus vanellus.

Some species (e.g. Greater Canada and Greylag
Goose, Eurasian Oystercatcher and Jackdaw)
were observed more often from the audio-record-
ings than during point counts. These were often
species with loud vocalisations and a large action
radius and were probably individuals occurring
outside the 300 m radius or flying over, and
therefore deliberately omitted during the point
count. However, it is likely that some individuals/
species were truly missed during the point count,
e.g. while the observer was focussing on other
species; an advantage of using audio-recordings
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Fig. 3. Plots showing the ROC curves and AUC scores for BirdNET, GBVC, AvesEcho and Aquila for four common species.
The area under the ROC curve (AUC) for each species, shown in Fig. 4, was calculated using these curves.
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Fig. 4. Comparison of AUC scores for BirdNET, GBVC, AvesEcho and Aquila for 37 species most frequent in the evaluation set.

is that one can replay the recording when many
species are vocalising simultaneously, to be able
to identify and register every species.

Using acoustic observations only, (at least for
now) it is not possible to distinguish between
individuals inside or outside a specific detection
radius, nor between individuals tied to a location
or flying over. It is important to keep in mind such
methodological differences, which come on top
of the discrepancies in the mode of observation
(sight and audio vs audio-only).

Differences in observation probabilities due to
the lack of visual cues can be partly overcome
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by 1) applying ARU’s in habitats/situations where
visual detection is generally less used (forest,
nighttime) and 2) increasing recording effort
(duration). For the latter to be time and cost-ef-
fective, classification should be done automat-
ically (Venier et al. 2017). However, automatic
classification is associated with other issues, as
discussed in the next section.

Model evaluation

The main limitations of classification model eval-
uation are generally the size and characteristics
of the evaluation set. Only 73 out of 326 target
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DET plot
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returns many false alarms for that species.
A downside of this method is that it is not
systematic and is mostly based on the num-
ber of false alarms.

Performance of classifiers

All evaluated models performed far from
perfect on the evaluation set. When al-
lowing for a false alarm probability of 1%,
the miss probability is around 60% (Fig.
2). As there are 864 targets (vocalisations)
and 21,956 non-targets in the dataset, this
results in 220 false alarms while missing
around 6 out of every 10 targets. Though
classifiers are improving rapidly (GBVC at
the point of writing has evolved to version

T T T T T T

T
0.1 05 1 2 5 10 20

false alarm probability (%)

Fig. 5. Detection Error Trade-off curve for GBVC and the new classi-
fiers NLC and NLC-NoSec, accumulating targets (bird vocalisations)

and non-targets (other sounds).

species are present in the used evaluation data-
set, so model performance could not be assessed
for species not present in the evaluation data-
set. Any conclusions on model performance are
therefore limited to this set of 73, mainly agricul-
tural and common species.

Moreover, for the species for which there were
annotations, there are only twelve on average.
Ideally, one would make annotations for every five
seconds of the recording instead of per 10-minute
recording. In this way, there would have been 120
times as many targets (bird sounds) and non-tar-
gets (other sounds) combined, which could be
used to get a more accurate performance meas-
ure. Despite these limitations, the evaluation da-
taset provided an impression of how the different
models perform.

When using a model in practice, one has to pick
a confidence threshold, discarding all predictions
with a score lower than the chosen threshold.
A major difficulty is that the optimal thresh-
old differs per species. So, one could best vary
the threshold setting per species. Ideally, these
thresholds are set using the results from a large
and representative evaluation set. One could
also use a manual approach in which the system
first uses a very low confidence threshold for all
species. Over time, the user could increase the
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8 and AvesEcho to version 1), for most pur-
poses it is pivotal to perform a manual vali-
dation of results.

In general, the performances of the clas-
sifiers, excluding Aquila, showed compa-
rable patterns for the most frequent spe-
cies, suggesting that species-specific vocalisation
characteristics to a large degree determine their
identifiability, regardless of the classifier used. Al-
ternatively, if the classifiers used similar training
sets for these species (e.g. all of the models eval-
uated use Xeno-Canto as (one of) their primary
training data source), the correlation may reflect
species-specific differences in the quality of the
training data.

The overall performance of BirdNET and GBVC
on our evaluation dataset is comparable, but dif-
fers for some species and at different thresholds.
Choosing one model over the other should there-
fore ideally be done by evaluating the candidate
models on a dataset similar to the intended ap-
plication.

AvesEcho seems to be competitive at higher
thresholds, but performs worse at lower thresh-
olds, resulting in more false positives, while
yielding fewer additional true positives. It could
be that calibration is worse for AvesEcho than
for BirdNET and GBVC, as unlike AUC-binary, the
AUC-mean score for the three models is similar.
Moreover, the prototype of the model we eval-
uated is single-label. The performance for the
newer version of the model (Aves Echo v1) will
probably have improved, as it is now multi-label.
It would be interesting to see whether this new-
er version of the model can match or even out-
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Model performance for the 37 most frequent species
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Fig. 6. Comparison of AUC scores for GBVC, and the new classifiers NLC and NLC-NoSec for 37 species most frequent in the

evaluation set.

compete state-of-the-art models when applied to
soundscapes.

The classifier of Aquila had the lowest perfor-
mance on our evaluation dataset. The dataset
on which the model was trained did not include
five of the species present in our evaluation da-
taset. This can be seen from Figure 4, where
Common Pheasant and Egyptian and Greater
Canada Goose, three of those species, had an
AUC = 0.5, exactly equalling performance when
classified randomly. Including these species in
the comparison will thus result in a lower overall
performance score. Removing these species on
which the model was not trained, only slightly in-
creased the AUC value from 0.741 to 0.757. The
Aquila classifier was mainly developed for insect
and bat sounds, for which it performs markedly
better (personal communication A. Krediet). Pos-
sibly the model is more suited for sounds of these
species groups rather than for bird sounds (since
the sounds of these species groups are more dis-
tinctive than bird sounds), or the classifier was
trained with a smaller set of bird data than the
other classifiers.

All of the models evaluated use Xeno-Canto as
(one of) their primary data source to train the
model on bird vocalisations. However, the re-
cordings from Xeno-Canto have multiple charac-
teristics that make models trained on this data
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likely less suitable for analysing soundscapes:
weak labels (we know which bird is vocalising
but not when in the recording), noisy labels (not
all species vocalising in the background are la-
belled (Vellinga and Planqué 2015) which is par-
ticularly harmful in the context of soundscapes
where we want to be able to detect background
vocalisations) and focal recordings (most record-
ings are focal, meant to capture the labelled bird
as clearly as possible). Another drawback is that
not all species are equally well-represented.
The four models we evaluated predict scores
for 3 (BirdNET, AvesEcho), 5 (GBVC) or 10-sec-
ond-long (Aquila) segments of a soundscape.
As a consequence, species with longer, more
elaborate vocalisations may be harder to clas-
sify. An example would be the Blackbird, which
proved difficult to classify for all of the models
assessed. Another possible consequence is that
one long (multi-segment) vocalisation could be
attributed to multiple species. We have seen
this occur with, again, Blackbird song, of which
segments were misclassified as Mistle Thrush.
This could be solved if classifiers would use
longer segments, or if they would use informa-
tion from adjacent segments. Remarkably, Aqui-
la, the model using the longest segments (10 s)
performed worst for the Blackbird, even worse
than random.
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Performance of new classifiers

Our results indicate the usefulness of creating
a custom classifier to improve performance for
a specific use case. Based on try-outs with the
Google Bird Vocalization Classifier, we suspect to
be able to improve in two ways:

e As we transfer to a Dutch setting, we only have
to predict 3% of the species of the global setting.
This matters most if the vocalisation of a target
species is very similar to that of another spe-
cies not in our target set. By removing the oth-
er species, the model will be more confident of
the target species. It looks like an example of this
can be seen in the case of the European Green
Woodpecker Picus viridis. Whereas GBVC tries to
distinguish the Iberian Green Woodpecker Picus
sharpie, our model does not, resulting in a higher
AUC score for the species, even for NLC-NoSec.

e As we switch from focal recordings to sound-
scapes, we need to increase our sensitivity to
background vocalisations. We did not dispose of
annotated multispecies recordings for training
the model, but to check for the effect of back-
ground vocalisations, we decided to ignore the
secondary labels present in some Xeno-Canto
recordings. Ignoring secondary labels, NLC-NoSec
performs worse on the evaluation set than NLC
at lower thresholds. Two possible reasons for this
drop are that the model is calibrated worse or that
it has more difficulty with fainter/overlapping vo-
calisations. Given that the AUC-mean score is also
lower than for NLC, it is not only a calibration is-
sue. Therefore, we suspect that using secondary
labels when training helps the model to predict
fainter/overlapping vocalisations. This would also
mean that an important step to improve classifi-
ers would be to train them using annotated mul-
tispecies recordings.

For some species, the GBVC still performed bet-
ter than the NLC, possibly because GBVC uses a
larger training dataset than NLC, for which a max-
imum of only 100 recordings were selected. The
performance of NLC could therefore probably be
further improved by increasing the training data-
set per species.

Conclusions

Passive Acoustic Monitoring at present is only/
mainly useful for collecting presence data, not for
trends in numbers or densities. Applicability for
absence information is likely limited to vocal spe-
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cies. That said, it can be a useful addition for dis-
tribution mapping, including atlases, especially
for nocturnal, vocalising species, and underrepre-
sented habitats or sites. In the future, new anal-
yses techniques, in combination with improved
(and calibrated!) ARUs may enable abundance
estimation for a subset of species on a local scale,
though not without a considerable effort in the
field set-up and validation/calibration of results.
Furthermore, it is important to keep in mind that
data collected using PAM differs systematically
from data collected by point counts or other field
methods, especially in open landscapes and for
less vocal species. Therefore, it is important to al-
ways beware of a potential methodological trend
break and always label data collected by PAM as
such.

The quality of recordings greatly determines their
usefulness for species classification. Though ef-
fects have not been analysed here, some record-
ings were excluded as they contained too much
background noise and were deemed useless for
the evaluation. Minimizing background noise is
therefore a first step in improving audio monitor-
ing results. This also highlights a potential risk of
using low-cost ARU’s, which might use low qual-
ity microphones with considerable within device
variation, which can result in highly variable per-
formance among devices in the field.

To improve a model’s performance on sound-
scapes, it is pivotal to use annotated soundscapes
as (additional) training data. Annotations should
contain the species name and start and end time
for each vocalisation. In addition, including re-
cordings without bird sounds in the training da-
taset could improve the distinction between bird
vocalisations and background noise. We expect
models could also be greatly improved if they
would also use the information from adjacent
sound fragments. Furthermore, the species-spe-
cific performance of models can relatively easi-
ly be improved by varying and optimizing the
threshold setting per species.

Finally, we suggest using a hybrid approach in
which a model’s predictions are validated by an
expert. The validated data can then be used for
training, which can further improve the model
(human-in-the-loop).
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The methods used for data preprocessing, the model architecture and the training procedure for the

new classifiers NLC and NLC-NoSec

Data preprocessing

We trained a classifier that uses GBVC embeddings of 1280 features as input. To generate these em-
beddings, all audio was resampled to 32 kHz as GBVC is trained using this sample rate. To increase the
diversity of our training data, we used an overlap of 4 seconds, ignoring the last three embeddings,
unless the recording was shorter than 4 seconds, in which case we only used the first embedding. As
the input length for GBVC is 5 seconds, this resulted in 30 embeddings for a 30-second-long recording.
We also used the model’s predictions for all training data to filter which embeddings of a recording to
use. We discarded embeddings for which the GBVC prediction (after softmax) was less than 0.02 for
the species labelled in the recording. If no segments had a prediction of at least 0.02, we kept the first
embedding hoping that the target species vocalises within the first five seconds of the recording.
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Model architecture

Our classifier is a simple, fully connected neural network having one hidden layer of size 512. First, we
applied dropout on our input. After the first fully connected layer, we used batch normalization and
ReLU activation followed by dropout. After the second fully connected layer, we only used sigmoid acti-
vation. Given the 1280 input and 326 output dimensions, the classifier has 823k trainable parameters.

Training procedure

We split our training data in a train and validation split of 80% and 20% respectively. We upsampled
species with fewer recordings by repeating samples using the number of embeddings as their probabil-
ity. This way, recordings for which there are more embeddings are more likely to be sampled multiple
times. To diversify inputs and improve the model’s ability to learn overlapping vocalisations, we em-
ployed E-stitchup. This approach combines two embeddings into one by randomly selecting the value
at each index of the combined embedding from the value at that index for one of the two original
embeddings (Cameron & Lundgaard 2019). The probability to sample from one embedding is deter-
mined by a value lambda, for each combination drawn from a beta distribution with a = B = 1. Given
that Xeno-Canto allows specifying secondary labels of species also vocalising in a recording, we give
these classes a non-zero probability p. After experimentation, we found p = 0.9 to work best. Besides,
we use label softening, subtracting 0.1 from all classes with non-zero probability and adding 0.1 to all
other classes.

As our optimizer, we use ADAM (Kingma & Ba 2014) with an initial learning rate of 0.001 and a cosine
annealing schedule gradually decreasing the learning rate to zero over 30 epochs. We train in batches
of 32 samples where each sample is constructed out of two embeddings randomly selected from two
different recordings using E-stitchup. We use a dropout probability of 0.1.

Cameron R.W. and K.T. Lundgaard. 2019. “E-stitchup: Data augmentation for pretrained embeddings”. In: arXiv
preprint arXiv: 1912.00772.
Kingma P.D. and J. Ba. 2014. “Adam: A method for stochastic optimization”. In: arXiv preprint arXiv: 1412.6980.
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Abstract. Acoustic monitoring has the potential to be a very effective method of
surveying birds, particularly in remote areas where traditional survey coverage

is limited by availability of appropriately skilled surveyors. In order to assess its
suitability — particularly for augmenting long-term abundance monitoring — this
study compares data collected by acoustic recorders and by surveyors on existing
sites (1-km squares) of the UK Breeding Bird Survey (BBS).

Twenty-eight volunteers in Scotland deployed an acoustic recorder on their BBS
survey square during spring 2023. An automated classifier (BirdNET Analyzer) was
run on all recordings to detect birds and identify them to species. A random subset
of recordings was checked manually in order to evaluate classifier performance.
We discuss the performance of BirdNET in the context of its suitability for acoustic
monitoring in Scotland and compare BirdNET outputs with recent BBS data
collected from the same sites. We also consider ongoing and potential future work

in this area.

Introduction

The UK Breeding Bird Survey (BBS) is one of over
30 bird monitoring schemes operating in Europe
and contributes to the PECBMS (Massimino et al.
2024). Nearly 3,000 skilled volunteers take part in
BBS, each monitoring one or more 1-km squares.
Each square receives two survey visits per year
— an early visit (usually done between mid-April
and the end of May) and a late visit (usually done
between mid-May and the end of June). During
each visit, BBS surveyors record all the birds they
see and hear while walking through the square
along two parallel, 1-km long transect lines. Sur-
veyors also note the species, number of individu-
als, distance from the transect and identity of the
closest 200m transect section for each detection.
The survey and the data collected is used for
monitoring of 119 species in the UK during the
breeding season, with key outputs including pop-
ulation trends (Heywood et al. 2025) and indica-
tors (Defra 2024). However, there are still species
and habitats for which we would like more infor-
mation. As is the case in many other countries,
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biological monitoring is more difficult in parts
of the UK where there are fewer people and/
or where the landscape and terrain is physically
challenging. This challenge is especially keen in
the north and west of Scotland, which supports
several species of breeding bird with narrow
distributions at the southern edge of an arctic/
northern European range. UK breeding species
with populations largely concentrated in Scottish
peatlands — e.g. Greenshank Tringa nebularia
and Dunlin Calidris alpina — and montane hab-
itats — e.g. Dotterel Eudromias morinellus and
Ptarmigan Lagopus muta — are challenging to
monitor using traditional methods and may re-
quire bespoke surveys relying heavily on expen-
sive, professional coverage.

Whilst skilled volunteer bird surveyors are in
short supply in upland and montane areas, many
of these landscapes are popular with hikers and
other outdoors enthusiasts. Most of the people
in these groups do not currently have sufficient
knowledge or interest to undertake bird surveys,
but they might nevertheless be able to make val-
uable contributions to bird monitoring by deploy-
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ing a large amount of acoustic data. The du-
ration of individual recorders deployments
ranged from 28—69 days, during which time
they recorded audio for one minute in every
15, yielding a total of 2,077 hours of record-
ings. The recorders were pre-programmed
prior to deployment, and each volunteer
was asked to deploy their recorder with-
in 50m of their transect route, between
one and two metres from the ground, with
sound able to access it from all directions,
and with the microphone pointing towards
the transect. The deployment was designed
to fit around the two survey visits made by
BBS volunteers each year — recorders were
deployed on early visits and collected during
late visits.

Analysis

The automated classifier BirdNET Analyzer
v2.3 (Kahl et al. 2021) was used to detect
birds and identify them to species in every
3-second segment of each recording. Iden-
tifications were constrained by location and
date and had a minimum confidence score
(a metric that reflects BirdNET’s assessment
that a classification is correct) of 0.1.

Figure 1. The location of the recorders deployed on BBS
squares in 2023.

ing acoustic recording devices in remote areas. To
understand the kind of data that could be collect-
ed using acoustic recorders in this way, we invited
BBS surveyors in Scotland to deploy recorders on
their monitoring sites. This allows us to compare
data from acoustic recordings with standardised
count data collected by human observers at the
same locations.

Methods

Recorders

One-hundred and twenty BBS volunteers in
Scotland whose squares had been surveyed for
at least three of the previous five years (2018 to
2022) were invited to deploy a recorder. Thirty
Wildlife Acoustic Song-meter Micro recorders
were distributed between the 60 volunteers
who responded to this invitation, allowing a
wide range of locations and habitat types to be
sampled (Fig. 1). Recorders were deployed on 29
squares, with 28 of these successfully generat-
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A large sample (10,080) of randomly selected

3-second clips taken from these recordings

was manually classified by an expert in bird
sound identification (AW) to assess BirdNET’s
performance.
The BirdNet classifier records were compared
with the BBS records in three ways: 1) For each
combination of species and BBS square, call
rate (defined as the mean number of call detec-
tions by BirdNET per hour during the week with
the most calls) was compared with counts from
BBS surveyors. 2) At the level of the whole BBS
square, BirdNET classified call rates were com-
pared with the five-year mean counts (with the
count for each year being the highest count from
either visit). 3) At a finer spatial scale, call rates
were compared with counts from the 200-m sec-
tion on which the recorder was placed.

Results

Classification performance

BirdNET generated 750,945 detections of 195
species. Classifier precision was generally high,
with 79% of BirdNET detections verified by a hu-
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Figure 2. BirdNET-Analyzer precision for Chaffinch Fringilla coelebs (a) and Tree Pipit Anthus trivialis (b) in relation to true
detection, based on manual verification. An arbitrary Confidence Score threshold of 50% (dotted line) would only retain

correct Chaffinch detections but would result in 82% of correct Chaffinch detections being unnecessarily rejected. Howev-
er, the same threshold would likely be too low for robust analysis of Tree Pipit identifications, as it would result in 36% of

retained Tree Pipit identifications being incorrect.

man being confirmed as correct. Precision was
generally greater for detections with high con-
fidence scores, but this relationship varied sub-
stantially between species (Fig. 2). Only 27% of
the calls detected and identified by a human ex-
pert were detected by the classifier. Among 34
species for which 50 or more calls were manually
identified, the proportion of these calls that were
also detected by BirdNET varied from 0% to 73%.

Comparison with BBS

During the period 2019 to 2023, 134 species were
detected by BBS surveyors on the study squares,
with a 60% of the 195 BirdNET species being re-
corded by the volunteers. When BirdNET data
were refined — removing obvious errors and
using Bird Atlas 2007-2013 data (Balmer et al.
2013) to exclude species that would not be ex-
pected to breed in these locations — 116 BirdNET
species remained, of which 85% were recorded
by BBS volunteers.

The degree to which BirdNET-derived call rates
correlated with BBS counts varied between spe-
cies and also depended on the number of years
and spatial extent that BBS counts were drawn
from. For Skylark Alauda arvensis, BirdNET call
rate was positively correlated with the five-year
mean BBS count, regardless of whether or not
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BirdNET detections were filtered according to
confidence score (Fig. 3). However, for other spe-
cies the correlations were improved by filtering.
For common species with relatively small territo-
ry sizes that can be detected up to 100m or so
away, like Willow Warbler Phylloscopus trochilus,
BirdNET call rate was more strongly correlated
with BBS counts from 200m sections than with
counts from the whole BBS square (Fig. 4). For
scarcer birds that range over larger distances and
can be heard more than 1km away, such as Cu-
ckoo Cuculus canorus, the reverse is true.

Discussion

Acoustics and monitoring abundance

We are just starting to learn how acoustic record-
ing, coupled with automated classification tech-
nology, could contribute to the information we
use to monitor bird abundance. Our 2023 data
demonstrate that, at least for some species, the
rate of calls classified from recordings reflects
the variation in BBS counts across different sites.
However, for acoustic monitoring to tell us about
long-term changes in population, call rates cap-
tured by a recorder at a given location should (in
the absence of sudden changes in population) be
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relatively consistent from year to year. This year

(2025), 20 of the volunteers who took partin 2023

are deploying recorders on their BBS squares

again. At 24 of the 28 sites that contributed to
this study, this will give us a second year of acous-
tic data that can be compared directly with BBS
counts from the same locations and time period.

We can use these data to check how variation in

call rates between years compares with inter-an-

nual variability in BBS counts.

Another area of ongoing work aims to improve

the ability of acoustic classifiers to correctly iden-

tify calls from the recordings. Much of this work
focusses on developing single- and multi-spe-
cies classifiers in the BTO’s Acoustic Pipeline

(BTO 2024), and we are also collaborating with

researchers outside of BTO on various aspects

of analysis and interpretation of acoustic data.

Among the topics we want to get a better under-

standing of are:

e Whether classification of calls can be made
more robust by drawing on information
about other classified calls in the same re-
cording.

e Whether call amplitude can be used to infer
the distance of calling birds from a recorder.

e How recorder location and placement, and in
particular the background noise this results
in, affects the ability of automated classifiers
to detect and correctly identify different spe-
cies in acoustic recordings.

References

e How variation in recorder type/model influ-
ences the data collected. If acoustic record-
ings are going to contribute to long-term
monitoring, we need to consider how im-
provements in hardware and software will
affect the species that can be detected, and
how this can be accounted for when working
out how populations are changing over time.

Other applications

Acoustic methods could greatly enhance and im-
prove on existing monitoring approaches, par-
ticularly in remote areas and/or for nocturnal or
cryptic species. For example, acoustic monitoring
could contribute information on breeding evi-
dence, along with presence and abundance. As
well as identifying calls made by different species,
automated classifiers can also be trained to distin-
guish different sounds made by the same species.
If song, alarm calls and juvenile begging calls can
all be reliably identified, it may be possible to de-
termine not only that a species was breeding in an
area but to get some idea of variation in breeding
success — something that is often very difficult
and time-consuming to do through more tradi-
tional surveys and fieldwork (Jarrett et al. 2024).
However, in order to realise acoustic monitoring’s
potential, further work is needed to improve our
guidance for acoustic surveys, the ability of classi-
fiers to identify calls from acoustic recordings and
our interpretation of classifier outputs.
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Abstract. Traditional Long-eared Owl survey methods like auditory detection

by fieldworkers are time-intensive and often yield uncertain results due to low
detectability and observer bias. We analysed a large playback-assisted survey in
the Canton of Zurich, Switzerland, using occupancy models. Surveys using playback
were more effective than passive listening, as detectability was increased, while
Tawny Owl presence reduced it. The best way to detect Long-eared Owls was to
use playback during late March and early April. The combination of playback and
occupancy modelling has led to a substantial reassessment of population size in
our study area. Our findings emphasize the value of playback for optimizing survey
methods for some species and provide essential baseline information for future
studies and potential conservation actions.

Introduction

Due to their cryptic behaviour, the distribution
and abundance of many owl species is often
incompletely known (Aebischer 2008, Robb
2009). For example, in Switzerland, despite a
good knowledge of many other breeding birds
(Strebel et al. 2024), assessing population sta-
tus and trends remains a challenge for owls.
Auditory detection by fieldworkers is time-in-
tensive and often suffers from a high incidence
of false-negative errors (Robb 2009). This means,
that a species is overlooked in the field, despite
being present, i.e. imperfect detection (Kissling
et al. 2010, Zuberogoitia et al. 2019, Kéry et al.
2024). For species like the Long-eared Owl Asio
otus these limitations hamper our ability to col-
lect reliable data on distribution, population size
and long-term trends, all crucial for population
studies and conservation planning.

Previous research has shown that playback in-
creases the detection probability of many bird
species (McGregor 2000, Grinde et al. 2018), es-
pecially for owl species (McGarigal & Fraser 1985,
Martinez & Zuberogoitia 2003, Hannah 2009,
Mori et al. 2014, Vrezec & Bertoncelj 2018, Zu-
berogoitia et al. 2019, Kéry 2023). Birrer (2014)
has previously demonstrated the effectiveness of
playback for Long-eared Owl surveys.
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The Long-eared Owl is a characteristic species
of forest-open areas ecotones and of various
types of mosaic landscapes. Main threats in-
clude intensive agriculture and the associated
decline in prey abundance and availability (Bir-
rer 2009, Keller et al. 2020). In Switzerland, the
Long-eared Owl population size is estimated to
be between 2,000-3,000 territories (Knaus et
al. 2018). This assessment has a large uncer-
tainty for Swiss standards. In the Canton of
Zurich, 31 territories were reported in 1988
and 59 in 2008 (Weggler et al. 2009). Howe-
ver, standardized, comprehensive surveys have
been missing so far.

To bridge this gap, in 2020 we started a long-term
project that aims at updating distribution and
abundance information on Long-eared Owils in
the Canton of Zurich with a systematic and stand-
ardized method. We used playback to increase
the detection probability and compare it to au-
ditory-only detection. Specifically, occupancy
modelling was used to analyse the influence of
playback, to find out whether there are interspe-
cific interactions (especially with respect to the
Tawny Owl Strix aluco), to assess temporal effects
in detection probability, and to derive a rigorous
population size estimate that accounts for imper-
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fect detection. At the time of writing, half of the
Canton has been covered by our surveys. Here
we report our first findings.

Material and methods

The study was conducted in the Swiss Canton
of Zurich. This area is situated in the eastern
part of the Swiss plateau (1729 km?; altitude
330-1291 m a.s.l.) and for the most part com-
posed of low-elevation river valleys, with forests
covering 43% of the area, agriculture 30%, and
urban areas 20% (Swiss Land Use Statistics, Bun-
desamt flr Statistik, Bodennutzung, 2024).

Our study has been conducted in five years

(2020-2024). Fieldwork was done by 90 vol-

unteers from the Avimonitoring program Zu-

rich (Ritschard 2020, Ritschard 2022, Ritschard
2023a, Ritschard 2023b, Ritschard 2024). They
visited 2,218 point-count surveys (2.3 surveys/
km?), covering 54% of the Canton of Zurich.

Each year, a different set of communities were

selected and all points within their correspond-

ing administrative boundaries were surveyed.

Survey points had been a-priori selected by the

coordination office in such a way that no forest

edge or grove in the study area is further than

300 metres from any survey point. By doing so,

we aim at a complete population survey of the

Canton of Zurich. On average, 440 points were

surveyed per year (ranging from 368 in 2023

to 539 in 2021). Volunteers were allowed to

move the listening points by a maximum of a

few dozen meters if this was suggested by lo-

cal conditions. In hilly terrain, it was important
to ensure that no obstacle (topography, build-
ing or similar) hindered the acoustic survey of
the nearby forest edges. Therefore, the survey
points were often placed at exposed locations.

Volunteers surveyed each point twice, once in

March and again in April. The first visit ideally

took place before March 20%, and the second

before April 20™, with at least 10 days between
the two visits. Surveys started approximately

30 minutes after sunset, i.e., at 7:00 p.m. in

mid-March and 8:45 p.m. in mid-April. Up to 16

points were surveyed in one suitable evening.

In one survey, observers were asked to follow

the following steps:

1. 120 sec. of passive listening (i.e. traditional
auditory detection): if a Long-eared Owl was
heard calling spontaneously, the survey
was stopped, and the fieldworker moved to

the next survey point. The main aim of the
study was to detect territories with as little
disturbance as possible and not to run the
complete protocol at each survey point.

2. 15 sec. of playback (male hooting, 5 calls):
once the owl answered, the playback was
stopped, no additional survey on the point
was done on that day, and the fieldworker
moved to the next survey point.

3. 30 sec. listening in case there was no an-
swer in step 2.

4. 15 sec. of playback: stopped if answer re-
ceived, as in step 2.

5. 300 sec. of listening in case there was no
answer in step 4.

In addition to male and female calls of Long-
eared Owls, volunteers also registered whether
they heard other owl species, especially Tawny
Owls as potential predators or competitors of
the smaller Long-eared Owls.

Although the initial passive listening period was
stipulated to last 120 seconds, we realized that
some people also recorded owls detected during
the final approach to a prescribed listening point
and during the initial preparation phase for play-
back. Thus, the actual duration of step 1 was typi-
cally between 180 and 240 seconds. We explicitly
considered this imprecision in the modelling part
(see below).

We analysed survey data with an occupancy mod-
el for a removal design (MacKenzie et al. 2017).
We treated step 1 as the first occasion, steps 2
and 3 combined as the second, and steps 4 and
5 as the third one. Occasion 1 was listening-on-
ly, while occasions 2 and 3 were playback. Since
occasion length was different, we expressed de-
tection probability per 1-minute unit as our ‘com-
mon currency’ of comparison. Thus, detection
probability is the probability to detect an owl
during a 1-minute survey at a site that is in fact
occupied by at least one owl.

Every survey point was only surveyed in a sin-
gle year out of the five and we did not have any
specific hypotheses or information about drivers
of occupancy probability. Hence, we treated this
parameter as a constant. Our main interest lay in
the elucidation of spatial and temporal patterns
in detection probability. Our detection model had
fixed effects of the year treated as a factor, line-
ar, quadratic and cubic effects of survey date as a
continuous explanatory variable, and site-level de-
tection of Tawny Owl and playback versus passive
listening as two further factors. We dealt with the
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Figure 1. Effect of playback on the detection probability of the Long-eared Owl Asio otus (posterior distributions shown of
per-minute detection probability for passive listening vs. playback).
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Figure 2. Effect of survey date on the detection probability of the Long-eared Owl Asio otus (posterior mean and 95% CRI

shown).

imprecision in the duration of occasion 1 by plac-
ing a uniform prior on it in our Bayesian analysis
(see below), with bounds 180 and 240 seconds,
which properly accommodated the additional un-
certainty stemming from this lack of knowledge.

We used Bayesian inference with MCMC meth-
ods implemented with program JAGS (Plummer
2003) and run from R via the package ‘jagsUl’
(Kellner 2024). We ran 4 chains for as long as
needed for convergence to be reached for all pa-
rameters. This was assessed by visual inspection
of traceplots and by values of Rhat that were at
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most 1.1 (Kéry & Kellner 2024). We present pos-
terior means as point estimates of parameters
and other estimates, and 95% quantiles of poste-
rior distributions as 95% Bayesian credible inter-
vals (CRIs) for an uncertainty assessment.

Results and discussion

In total, Long-eared Owl territories were found
at 207 (9%) survey points. This corresponds to
an observed value of the density of one territo-
ry per 3.9 km?2.
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Figure 3. Effect of survey duration on detection probability of the Long-eared Owl Asio otus. Posterior means and 95%
CRIs are shown for an occupied site with and without playback, without Tawny Owl Strix aluco, and averaged over all five
years and on 1 April. The dotted red line indicates a detection probability of 0.95.

Occupancy modelling showed that the use of
playback increased the average detection proba-
bility to 0.056 per minute (CRI 0.030-0.102) ver-
sus 0.044 (CRI 0.023-0.081) of the passive listen-
ing (Fig. 1).

Detection probability peaks from the last week
of March to the first week of April (Fig. 2). The
increase of detection probability at the end of
the survey period around days 65—70 (early May)
is an artefact caused by a quasi-lack of surveys
then and the behaviour of polynomial terms in
a regression model; therefore, it should be ig-
nored.

For the design of field surveys, it is important to
know how long the observer should wait at a lis-
tening point without playback to detect the spe-
cies at e.g. 50% of all occasions. Figure 3 shows
the model results for an average survey on 1° of
April (i.e. at the peak of the vocalisation activity,
Fig. 2): based on our study conditions, a survey
without playback lasting 16 minutes detects ap-
proximately 50% of present territorial individuals
and to detect 95% of the individuals the survey-
or must spend around 74 min. With hypotheti-
cal playback of approximately 13 minutes, we
would be expected to detect 50% and around 57
minutes until 95% of resident owls are detect-
ed. These numbers highlight the efficiency gains
from this method; however we highly discourage
the use of playback for more than a couple of
minutes, otherwise it is to be feared that the ter-
ritorial Long-eared Owl is stressed in an irrespon-
sible manner or even scared off completely. With
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two minutes of playback, the model predicts a
detection probability of app. 10%.

Long-eared Owl detection probability was re-
duced when Tawny Owls were present at a site
(Fig. 4), likely due to avoidance behaviour by Long-
eared Owls (Scott 1997, Keller et al. 2020). This is
also known for other owl species (Zuberogoitia et
al. 2008, Sergio et al. 2009, Lourenco et al. 2013,
Theux et al. 2022). When a Tawny Owl was pres-
ent at a site, detection probability was estimated
to peak at 0.044 (see Fig. 1 and text above), while
with Tawny Owl it was 0.035 (CRI 0.016-0.070).
For the whole studied area (covering 54% of the
canton, excluding lake surface) our occupancy
model estimated 415 territories (95% CRI 345—
504). This number exceeds earlier estimates by
Weggler et al. (2009) — 59 territories for the
entire canton by far. While an increase in popu-
lations size of the Long-eared Owls may explain
the increased abundance, it is highly unlikely that
the species has increased thirteen times in 12-15
years. We attribute the higher abundance mainly
to the systematic and species-specific surveys in
combination with occupancy analysis that takes
imperfect detection into account.

Results of our study have confirmed the
above-mentioned earlier studies that play-
back-based surveys can substantially improve our
capacity to monitor some cryptic owl species.
In combination with systematic and broad-scale
surveys and analysed with appropriate statistical
methods such as occupancy models, they max-
imise their potential to improve fundamental
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Figure 4. Posterior distributions of the effect of Tawny Owl Strix aluco on the detection probability of the Long-eared
Owl Asio otus during an average year, without playback and on 1 April.

baseline information of cryptic species. Reliable
estimates of distribution and abundance form
the cornerstone of understanding species status,
trends and habitat use, which are important in
the context of population biology, as well as con-
servation. On the other hand, it is important to
emphasize that playback can cause bias in popu-
lation estimates due to changing bird behaviour
(Anich et al. 2009), so it is important to follow the
methodology, as well as ethical aspects (Sibley
2011, Davis et al. 2024) strictly.

These methods provide a repeatable framework
for long-term monitoring and can be adapted for
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Abstract. Ecoacoustics is an effective technique for monitoring elusive species,

but generates large datasets that require processing and validation. In 2024, we
deployed passive audio recordes to study the distribution of Boreal Owl (Aegolius
funereus) in the Spanish Pyrenees. We assessed the performance of Kaleidoscope
PRO and BirdNET against 25 manually-reviewed audio recorders. By combining
both software, we detected 95% of positive audio recorders identified by manual
revision. To maximize the detections of Boreal Owl calls, we recommend a two-step
protocol based first on Kaleidoscope PRO with an advanced classifier, followed by
BirdNET. We recommend developing a species-specific approach when aiming to
study distribution or behavioural traits of different taxa.

Introduction

Ecoacoustics is a relatively new field of research ~ about its distribution, abundance and ecology in
thatis constantly evolving (Stowell & Sueur 2020).  Spain is very limited, affecting its conservation
In this discipline, Passive Acoustic Monitoring  strategies.

(PAM) has proven to be a useful tool for wildlife ~ During 2024, we designed and carried out the
monitoring, and can help answer questions with-  first national survey of Boreal Owl in Spain. Pas-
in the fields of biogeography, population dynam-  sive audio recorders were set along the Spanish
ics, or animal behaviour (Ross et al. 2023; Stowell Pyrenees, in order to update its distribution and
& Sueur 2020). More precisely, PAM has become  abundance (Martinez-Padilla et al. 2024). PAM
a widely used technology to monitor uncommon  has proven to be a very useful technique to mon-
or cryptic species (Campos-Cerqueira & Aide itor owl species and to increase their detection
2016; Freitas et al. 2023; Gibb et al. 2019). rates in other regions (Freitas et al. 2023, Shon-
The Boreal Owl (Aegolius funereus) is an elusive  field et al. 2018). Nevertheless, PAM has some
nocturnal raptor, and the Spanish Pyreneesisthe  constraints concerning the management of large
meridional limit of its distribution (Keller et al.  amounts of data (Gibb et al. 2019). Audio re-
2020). The low detectability and scattered distri-  corders can record for several months with high
bution constrain its monitoring at populationand  frequency intervals accumulating large quanti-
individual level. As a consequence, knowledge ty of audio data, which requires a considerable
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amount of time and resources for data process-
ing (Nieto-Mora et al. 2023). The use of artificial
intelligence (Al) has considerably increased in the
last few years in order to maximize the detection
of targeted species, optimizing the time spent
reviewing and improving data processing (Nie-
to-Mora et al. 2023). However, the reliability of
Al differs between species (Ruff et al. 2021, Nie-
to-Mora et al. 2023, Manzano-Rubio et al. 2022,
Kahl et al. 2021), and enhancing the specificity
and sensibility of species detection is essential to
improve the robustness of the analysis outcomes.
Kaleidoscope PRO is a commercial software de-
signed for bioacoustics analysis. One of its func-
tionalities, cluster analysis, can be used for tar-
geted searches of acoustic patterns using Hidden
Markov Models, detecting and sorting signals of
given characteristics within the audio files. Clus-
ter analysis can also be combined with the use
of “bait files”, improving the detection rate by
augmenting the statistical density of the target
sounds. In addition, cluster analysis allows ad-
vanced classifiers to be built from training data,
enabling a better isolation of the target species
and labelling the detections with custom tags
(wildlife Acoustics, Inc. 2023). Alternatively,
BirdNET is a deep neural network trained for the
sound detection of more than 900 bird species
(Kahl et al. 2021). One of its multiple features
include the detection of target species by pro-
viding a specific species list, with a differing per-
formance depending on the species to detect, its
distance to the call source and the recorder itself
(Manzano-Rubio et al. 2022, Pérez-Granados
2025, Wood & Kahl 2024). Once analysed, Bird-
NET provides detections in three seconds splits,
with a confidence score for each one (Kahl et al.
2021, Wood & Kahl 2024). Despite its usefulness,
both Kaleidoscope PRO and BirdNET require hu-
man validation of the results, since it is usual to
find false-positive detections (Pérez-Granados
etal. 2024, Tseng et al. 2025, Wood & Kahl 2024).
Therefore, the reliability of results of both me-
thods demands human validation.

The aim of this study is assessing the performance
of Kaleidoscope PRO and BirdNET in detecting
Boreal Owl calls compared to human-expert de-
tection, in order to outline a species-specific pro-
tocol for its monitorization using passive audio
recorders (PAM). Specifically, we aimed to i) eval-
uate the performance of several cluster analyses
in Kaleidoscope PRO; ii) develop an advanced
classifier with Kaleidoscope PRO; iii) assess the
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performance of BirdNET at different confidence
thresholds; iv) evaluate the performance of Bird-
NET in recorders not detected by Kaleidoscope
PRO; and v) quantify the performance of both
software together.

Material and methods
Collection of acoustic data

We used two types of passive audio recorders,
Audiomoth and Song Meter Micros, in order to
record the Boreal Owl male calls in the Spanish
Pyrenees. The devices were deployed in subal-
pine forests during the breeding season (March —
April) for a mean of 19 days (range: 6 to 42 days).
They were programmed to record 90 and 270
minutes before and after sunset, respectively,
and 150 and 45 minutes before and after sunrise,
respectively. From all the recorders installed, we
selected 25 and reviewed them manually (visu-
alization and earing) in order to look for Boreal
Owl calls. After human validation, 20 of them
were positive and five of them negative to the
presence of the species. The amount of manual
validated files was equivalent to 1 TB.

Kaleidoscope PRO

We assessed the performance of three clus-
ter analysis methods of Kaleidoscope PRO 5.6.6
(wWildlife Acoustics, 2024) in the 25 manually re-
viewed recorders. The methods evaluated were:
i) signal extraction and clustering; ii) signal extrac-
tion and clustering with baits; and iii) advanced
classifier. Each analysis took a rough of 12-15
minutes (not including the validation process).
The signal parameters settled were: 400 and 900
Hz (minimum and maximum frequency range, re-
spectively); 0.1 and 7.5 seconds (minimum and
maximum length of detection, respectively); a
maximum inter-syllable gap of 0.35 seconds; a
maximum distance from cluster centre of 1.0; a
Fast Fourier Transform Window of 21.33 ms; and
default settlings for: maximum states, maximum
distance to cluster centre for building clusters,
and maximum clusters. Likewise, the advanced
classifier was built with the same parameters and
553 audio files with calls from the same study
area. The bait files were selected from a dataset
of recordings collected in 2023 from the same
study area.

For each method and each recorder, we checked
the detections of the first four clusters, and com-
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Table 1. Comparison of performance of cluster analysis tools in Kaleidoscope PRO for positive audio recorders.
Method 1: signal extraction and clustering; Method 2: signal extraction and clustering with baits; Method 3: advanced

classifier.

Kaleidoscope PRO methods Method 1 Method 2 | Method 3
Positive audio recorders detected 6 4 12
Positive audio recorders not detected 14 16 8
Success rate 30 20 60

pared the results with the results of the manual
review. If a Boreal Owl call was found in at least
one detection of the first four clusters, the re-
corder was considered positive to the presence
of the species. If not, the recorder was consi-
dered negative to the presence of the species.

BirdNET

Using the same 25 audio recorders, we analysed
the accuracy of the detections of Boreal Owl in
BirdNET in a range from 0 to 0.99 confidence.
We manually reviewed the three-second detec-
tions delivered by the programme, and noted:
1) whether the detection was a true positive (a
Boreal Owl present in the audio fragment and
correctly identified by BirdNET as a Boreal Owl)
or a false positive (any sound different to a Bo-
real Owl but incorrectly identified by BirdNET as
a Boreal Owl), and 2) the confidence score giv-
en by BirdNET for both true and false positive
detections. We then evaluated the relationship
between the confidence score of the detections
and their classification as true positive or false
positive, by applying a logistic regression model
using a generalized linear model (GLM) with a bi-
nomial distribution in R 4.2.2 (R Core Team 2024).
In such models, “detection” (1: true positive; O:
false positive) was the dependent variable and
confidence the explanatory term.

Secondly, we selected the false negative audio
recorders (Boreal Owl presence confirmed man-
ually, but considered negative by Kaleidoscope
PRO) from the 25 sample. We analysed them with
BirdNET and a custom species list to compare its
performance in relation to Kaleidoscope PRO and
manual reviewing. Each analysis took about three
hours, and the inference settings were: 0.5 mini-
mum confidence threshold, 1 sensitivity, 0 over-
lap, 0 Hz minimum bandpass frequency and 1500
Hz maximum bandpass frequency. If a true posi-
tive was found in at least one detection of Bird-
NET, the recorder was considered to be correctly
identified as positive to the presence. To the con-

39

trary, a recorder was considered negative to the
presence if there were no detections of Boreal
Owl, or no true positive detections.

Results
Kaleidoscope PRO

The advanced classifier built with Kaleidoscope
PRO was the cluster analysis method with the
best performance, by detecting the 60% (n=12
out of 20 positive audio recorders; Table 1) of
the positive audio recorders of the sample. The
signal extraction and clustering tool was not ef-
ficient, as it only detected the 30% (n=6) of the
positive audio recorders. The use of baits did not
improve the detection rates, as it detected the
20% (n=4) of the positive audio recorders. As a
consequence, eight out of 20 positive audio re-
corders were incorrectly considered by Kaleido-
scope PRO as negatives to the presence of Boreal
Owl. Furthermore, none of the three methods
found Boreal Owl calls in the five audio recorders
that were negative to the presence of the species
by manually reviewing, validating the negative
results.

BirdNET

Concerning the detections of BirdNET and its
confidence, we found that detections were as-
sociated with confidence interval (estimate
10.108+0.264, z=38.34, p<0.001). Specifically,
both true positives and false positives could be
found at both very low and very high confidence
scores. Noteworthy, in our analysis, the number
of true positive detections reached a maximum
specially from a 0.5 confidence (Fig. 1).

On the other hand, BirdNET was able to detect
the 87.5% (n=7 out of 8) of the positive audio au-
dio recorders that were not detected by Kaleido-
scope PRO.

The combination of the best method of Kaleido-
scope PRO (in this case, the advanced classifier)
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Figure 1. The positive relationship between BirdNET con-
fidence scores and the probability of a true detection for
Boreal Owl vocalisations. The blue line represents the pre-
dicted probability of detection as a function of confidence.
The individual points represent observed detections
classified as true positives (1) and false positives (0).

and BirdNET resulted in a correct classification of
the positive audio recorders of 95% (n=19).

Discussion

The fast development of Al is providing research-
ers and managers an increasing number of effi-
cient tools to work with. However, Al needs qual-
ified personnel, big training datasets and a large
amount of time to be trained (Manzano-Rubio
et al. 2022; Pérez-Granados et al. 2024, Wood
et al. 2023). Moreover, the large amount of data
generated by PAM leads to a trade-off between
precision and time investment. In this context,
resources like Kaleidoscope PRO and BirdNET
emerge as useful tools when facing constraints
in time and/or specialised staff. Nevertheless, it
is important to emphasize that the performance
of each software varies depending on the spe-
cies (Ruff et al. 2021, Nieto-Mora et al. 2023,
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Manzano-Rubio et al. 2022, Kahl et al. 2021), for
example, between an owl that hoots or trills and
a songbird that warbles. Therefore, our study
stresses the need to properly characterise the
calls of the target species to avoid false positive
detections of the target species. Particularly, the
length of the call, the pauses or gaps and the
range of frequencies are crucial traits that need
to be carefully determined (Wildlife Acoustics,
Inc. 2023). In our study, the most frequent false
positives were: 1) Tawny Owl detections (Strix
aluco; similar range of frequencies), 2) environ-
mental noise (wind, storms, screeching trees),
3) drumming of several species of woodpeckers
(similar range of frequencies), and 4) anthropic
sounds (church bells, machines, cars or humans).
Regarding methodological aspects, the quality of
an advanced classifier in Kaleidoscope PRO re-
lies on the good characterisation of the sound,
the performance of the signal extraction and the
quality and source of origin of the audio files
used for building it. Building an advanced classifi-
er with sound files from the same study area can
partially tackle these issues (Wildlife Acoustics,
Inc. 2023). In the case of BirdNET, the training
dataset is not publicly available, so the charac-
teristics and quality of vocalisations used to train
the algorithm remain unknown (Pérez-Granados
et al. 2024). This is especially relevant when aim-
ing to study ecological patterns, as it is necessary
to determine whether the software detects the
full range of vocal variation in the call of the spe-
cies. In our study, BirdNET only detected the so-
called ‘staccato’ song and the prolonged stacca-
to song of male Boreal Owls. It remains unclear
whether this is because the BirdNET algorithm
has only been trained with these types of calls,
or because other vocalisations were absent from
our recordings. We did not find other types of
vocalisations described in the literature, such as
the delivery call, screech, peeping call, weak call,
‘chuuk’ call or hiss (Korpimaki & Hakkarainen
2012) by manual reviewing. Besides BirdNET not
detecting all the calls of each positive audio re-
corders manually reviewed, it allowed us to cor-
rectly classify as positives the 87.5% of the posi-
tive audio recorders that had not been detected
by Kaleidoscope PRO, resulting in a 95% of cor-
rect classification when using both software. The
remaining underestimation of the detections
of positive audio recorders by the two software
may be due to the quality of the recordings; the
distance between the sound source and the re-
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corder; and the differences between the Boreal combination of both tools was also recommend-
Owl calls of the study area and the calls used ed by Pérez-Granados et al. (2024) to detect calls
to train the advanced classifier in Kaleidoscope  of an amphibian species. Above all, when com-
PRO, and the algorithm in BirdNET. However, we bining the use of PAMs and Als, human validation

expect that the underestimation rate of Boreal s crucial to quantify the reliability of the detec-
Owl calls will decrease in the near future, with  tion outcome for each species, as these tools
the improvement of Al and new technologies. may produce a biased understanding of species

Given the differences in computing time between  distribution or individual behaviour (Pérez-Gra-
Kaleidoscope PRO and BirdNET, we recommend  nados 2025). In conclusion, we support the use
to design a workflow in which the audio record-  of advanced classifiers with Kaleidoscope PRO
ers are first analysed with the advanced classifier ~ followed by BirdNET as an effective way of maxi-
in Kaleidoscope PRO, and secondly analysed with ~ mizing the detection of Boreal Owl calls in passive
BirdNET if they are negative in the first stage. This  acoustic recorders.
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l. Introduction

Modern technologies, such as the development
of low-cost passive acoustic monitoring devices
(PAM), e.g., AudioMoth (Hill et al., 2019), placed
in natural habitats of various species, are increas-
ingly becoming a valuable complement to tradi-
tional field studies (Pérez-Granados, 2023). At the
same time, significant progress is being made in
computer-based, acoustic species recognition of
birds. Various innovative approaches and models,
e.g., BirdNET (Kahl et al., 2021), contribute to this
and are now able to identify bird species based
on their call or song (relatively) reliably. Currently,
the focus is mainly on identifying whether a spe-
cies is present at the location where the record-
ing was taken.

We lack methods to acquire the number of indi-
viduals of a species in recordings, as automated
identification of individuals of the same species
is still difficult (Knight et al., 2024). In short, we
are only at the beginning of a more sophisticat-
ed monitoring approach, the potential of which
can already be assessed as immense. In our re-
search, we are taking steps towards a more com-
plex method of bird monitoring that does not
require individual identification. We fused biolo-
gy and computer science knowledge to develop
the algorithm TASE—Territorial Acoustic Species
Estimation — published in Ecological Informa-
tics (Brliggemann et al.,, 2025). Using multiple
acoustic recording devices and Al-based species
identification that form an acoustic sensor net-
work, theoretical computer scientists thought (in
the past) about a way to count bird individuals
(Stattner et al., 2011). We put their approach into
practice and encountered various difficulties or
found that assumptions made, are unrealistic.
However, their approach inspired us to develop
a generalized, easy-to-use method — even with
limited computer science knowledge. By applying
that algorithm to bird acoustics, we aim to deter-
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mine the number of breeding birds in spring in a
specific area. Our approach was tested in practice
on an area of approximately 12 hectares. Initial
promising results have been shared in our pre-
sentation.

Il. Deployment and problem definition

We deployed 29 AudioMoth PAMs in a nature re-
serve in North Rhine-Westphalia, Germany on 3
June 2023, recording soundscapes from 4:00 to
10:00 (Fig. 1). Due to their dense outdoor place-
ment, the devices formed an Acoustic Sensor
Network (ASN). Their close proximity created
overlapping recording ranges, allowing us to cap-
ture vocalizations across a large, continuous area.
Applying a species classifier to these recordings
yields unitless classification scores (ranging from
0to 1) for each identifiable species, e.g., Wood &

Figure 1a. Deployment area in a nature reserve in Germa-
ny, the icons refer.
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Figure 1 b, c. Deployment area in a nature reserve in Ger-
many. (b) Exemplary Scene within the forest. (c) PAM in its
waterproof to the ARU AudioMoth case.

Kahl (2024), in the following referred to as confi-
dence scores. A score of 0 indicates the species is
undetected, while a score of 1 indicates a strong
species detection. Across distributed recorders in
an ASN, this generates spatially distributed confi-
dence scores for each species.

Figure 2 shows a glimpse of the challenge we are
facing: The figure illustrates the confidence score
sets over time using bird data from an actual de-
ployment. Each circle represents a recorder that
is coloured by the classifier’s confidence score.
One bird (here Common Redstart Phoenicurus
phoenicurus) is active in Figs. 2a and 2b in the top
right corner, resulting in high confidence scores.
Then, it is silent in Figs. 2c to 2f, and active again
in Figs. 2g and 2h. Similarly, another bird in the
bottom right is initially inactive, vocalizes, and
then becomes silent. The third Common Redstart
in the southeast causes high confidence scores at
neighboring recorders. Some recorders, such as
the green recorder in the west in Fig. 2b, show
high confidence scores while their neighbours
do not, potentially indicating errors in the clas-
sification. The challenge is how to estimate the
number of birds from such temporal confidence
score sets while coping with potential misclassi-
fications.

I1l. Methods

Our algorithm, called TASE, is formalized in Briig-
gemann et al. (2025), including requirements that
must be met. Its concept is based on the obser-
vation that the classifier’s confidence scores de-
crease with distance. In other words, PAMs clos-
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est to a vocalizing source have higher confidence
scores than those farther away. If two birds vo-
calise simultaneously, the intermediate PAM be-
tween the two birds will have a lower confidence
score than those closest to the birds. That forms a
pattern that we can exploit. We can separate our
recorders into distinct groups corresponding to
individual vocal sources. Repeating that over long
periods, we identify occupied areas, the territo-
ries. Eventually, TASE acquires a spatio-temporal
point cloud and, by calculating a kernel density
estimate, captures territorial spatial patterns.

IV. Exemplary results

Figure 3 shows an exemplary result, comparing
the expert’s field monitoring (in red and gray
coloured circles) and the density map of our ap-
proach (green colors). Notably, we see that the
expert assessment and the density map overlap
to a large extent with the high-density areas,
showing our method’s efficiency. However, some
green spots lie outside the circles for three rea-
sons: (1) The circles are only a crude estimate of
the individual territory, whose actual borders are
unknown. Territorial behavior is quite complex,
and the species might move more dynamically in
the area. (2) Non-territorial birds being present
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in the area vocalize. (3) Our approach requires  With these refinements, TASE could deliver reli-
setting some parameters that might cause meth-  able data in abundance estimates, whereas con-
odological errors. ventional monitoring is hard or impossible.

In Briggemann et al. (2025), we provide a de-
tailed proof-of-concept evaluation of our ap-
proach, focusing on eleven species and discuss-
ing the opportunities and limitations. The next =~ Base map data in this paper were provided by Ge-
steps include scaling up to larger, longer deploy-  obasis NRW under the Data License Germany—
ments and introducing “soft” territorial bounda-  Zero—Version 2.0 (DL-DE-Zero-2.0; https://www.
ries with automated spatio-temporal clustering.  govdata.de/dl-de/zero-2-0).

Map data sources and licensing
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Abstract. Acoustic biodiversity monitoring is increasingly popular, but its wide

and effective implementation across Europe remains challenging. To clear current
obstacles, we propose new forms of collaboration among European bird and bat
researchers. First, we suggest building improved bird and bat classifiers through

a portal that facilitates joint annotation efforts and end-to-end workflows for
model building. Second, we suggest using new technology for streamlining the
prevailing “collect first and analyze later” -paradigm to achieve truly real-time audio
monitoring. Third, we suggest using new smartphone apps and digital twinning to
enable also non-expert citizens to contribute to real-time monitoring.

We present our suggestion for increased collab-
oration within the European (and worldwide)
acoustic community in terms of three challenges
and three potential solutions. These address (1)
the need for more reliable classifiers for acoustic
monitoring; (2) the need for more streamlined
workflows for rapidly converting acoustic data
to research and monitoring outputs; and (3) un-
tapping the full potential of citizen science in (re-
al-time) biodiversity monitoring. We believe that
all these challenges are solvable but reaching
them requires coordinated joint efforts. We hope
you are interested in joining these efforts in one
way or another — if so, we warmly invite you to
contact any of the authors (e.g., by emailing to the
corresponding author) to express your interest.

Challenge 1: We need more reliable
classifiers for acoustic monitoring

Passive acoustic monitoring (PAM) provides un-
precedented potential for research and monitor-
ing of birds, bats and other vocal animals. PAM
can provide massive data, such as >100 years of
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audio generated by the global biodiversity sam-
pling campaign LIFEPLAN (Hardwick et al. 2024;
Somervuo et al. 2025). The massive size of the
data is a blessing and a curse. It is a blessing,
because the information content of the data in-
creases with its size. It is a curse, because the
logistic challenges related to storing, managing,
and analyzing audio also increase with the size
of the data. The primary challenge in processing
PAM audio is how to reliably classify the species
that vocalize in the audio. Manual analysis re-
quires expensive expert time and results in loss
of information if (and when) one needs to resort
to subsampling. For large-scale studies, the use of
automated classifiers is in practice the only feasi-
ble option for processing the audio. Generic and
openly accessible classifiers such as BirdNet (Kahl
et al. 2021) are widely used, but their perfor-
mance varies greatly from case to case. Specific
performance depends on how well the data used
to train the classifier corresponds to the audio to
be analyzed in terms of the species to be classi-
fied, the type of background noise, as well as the
recording devices used. To resolve this, finetuned
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Figure 1. The BSG annotation platform and BSG model builder. The BSG annotation platform enables expert users to an-
notate 10-second soundscapes by listing the species that vocalize in the soundscape and drawing bounding boxes around
the vocalizations. These annotations are fed into the BSG model builder, which finetunes the baseline BirdNET model

to the desired species community. As exemplified in the figure with a model finetuned for Central European birds, the

approach leads to improved classification performance.

models can be constructed to optimize the per-
formance for each specific case study (Lauha et
al. 2022). However, developing finetuned models
has remained tedious, as it requires substantial
annotation effort to generate the training data,
as well as substantial expertise in machine learn-
ing to successfully train an optimally performing
classifier.
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Solution 1: Bird and Bat Sound Global —
model builder

We suggest developing improved acoustic clas-
sifiers through community efforts. To facilitate
such a process, we have developed the Bird and
Bat Sound Global (BSG; https://bsg.laji.fi/) anno-
tation platform, where anyone who has the ex-
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pertise to identify bird or bat species from their
vocalizations can annotate sound clips originating
from various audio sources, such as those result-
ing from the LIFEPLAN sampling campaign. The
annotators can generate so-called strong labels
by not only specifying the species vocalizing in
the audio clips but also drawing bounding boxes
around the vocalizations in time-frequency space
(Fig. 1). Such strong labels are essentially useful
for finetuning classifiers (Hershey et al. 2021).
Currently, the bird section of BSG has resulted
in annotations of 37,000 ten-second soundscape
clips, involving 71,000 bounding boxes that rep-
resent 800 bird species. The bat section of BSG
has resulted in annotations of 4,000 ultrasound
clips, involving 5,600 bounding boxes that rep-
resent 30 bat species. The bird annotations have
global coverage, representing especially Europe
and Madagascar, whereas the bat annotations
are currently restricted to Europe only. The BSG
platform follows an open science model, with
all annotations being published through the
Xeno-canto database (Xeno-canto Foundation,
2005). Most importantly, BSG is not only an an-
notation platform, but contains a systematized
model builder workflow for finetuning classifi-
ers (Lauha et al. 2025). We have developed and
tested the BSG model builder workflow through
six bird classifiers (targeted to Finland, Central
Europe, the Iberian Peninsula, Madagascar, Mex-
ico and the Dry Chaco of Argentina; Lauha et al.
2025) and a European bat classifier (Meramo et
al. 2025), in each case demonstrating improved
performance compared to alternative classifiers.
By enabling each user to annotate soundscapes
for their own research needs, while simultane-
ously contributing to a shared global database of
reference annotations, BSG fosters a global com-
munity effort to advance automated bird sound
classification. We invite researchers to take full
advantage of these new resources, to thereby
jointly develop more reliable classifiers for birds
and bats within and outside Europe.

Challenge 2: The workflow from collecting
acoustic data to research and monitoring
outputs needs streamlining

The lack of sufficiently reliable classifiers is not the
only bottleneck with audio monitoring. Another,
yet related, bottleneck is the resource intensity of
the entire process from field work to the delivery
of the actual monitoring outputs. For example,
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collecting the >100 years of global audio data in
the LIFEPLAN project required (1) hundreds of re-
searchers to visit the sampling sites on a weekly
basis to change the memory cards and batteries
of the AudioMoth devices (Hill et al. 2018); (2) the
upload of the data to a common server through
internet connection or shipping hard drives; (3)
excessive amount of storage capacity to host ca.
1000 GB of audio; (4) several months of compu-
tational time in a high-performance environment
to classify the audio in terms of soundscape indi-
ces and species contents; (5) manual validation
of subsets of classifications to assess their reli-
ability. Taking all these steps took several years
before we could eventually statistically analyze
the data to address the research questions that
motivated collecting the data (e.g., Somervuo et
al. 2025). Clearly, the long delay from data col-
lection to research outputs is not rewarding, and
the resource intensity of the process, in terms of
researcher time and access to storage and com-
putational facilities, limits the broad applicability
of large-scale passive audio monitoring.

Solution 2: Real-time audio monitoring
with BirdPipe

The above-mentioned challenges can be solved
with recent technological developments. For
example, the open-source real-time audio mon-
itoring device BirdPipe that we have developed
classifies audio through edge computing and
transmits both the classifications and the raw
audio wirelessly to the researcher (Fig. 2). As a
result, the researcher will receive a species de-
tection essentially in real time, e.g. within a min-
ute since the bird or bat vocalization actually took
place in the field. In some environments, such as
urban environments, recording sound may be
problematic from the legislative point of view
because of risk of eavesdropping. In such a case,
BirdPipe can be used in pure edge computing
mode, in which case the audio is recorded and
classified directly in RAM-memory without stor-
ing audio information into any external memory
such as disk or SD card from where it could be re-
covered. BirdPipe is very easy to use: all one has
to do is to set up the device in the desired loca-
tion and turn it on. BirdPipe will then figure out
where and when it is and integrate these central
metadata into the classifications. The R-package
BirdPipe enables users to monitor the data flow
in real time, thus facilitating quality control and
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Real-time bird monitoring with BirdPipe
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Figure 2. The open-source real-time monitoring device BirdPipe. BirdPipe is easy to use, as the user just needs to deploy it
to the desired location and turn it on. BirdPipe will then find out where and when it is and start classifying birds from the
soundscape using edge computing. The classifications are transmitted wirelessly, enabling the user to monitor the data
flow in real time, as illustrated here for detections that accumulated over a 17-day pilot study that we conducted in 2025.
The data shown are restricted to the most common 30 species.

fast response to potential problems (Fig. 2). As  machine learning, it surely makes mistakes — but
the BirdPipe device performs classification with  less so in the future as the classifiers will improve
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(see Solution 1). Importantly, also the optional
use of manual validation has been streamlined.
As default option, the R-package BirdPipe picks
only the vocalizations of highest confidence for
manual validation, resulting in substantial saving
in expert time. We tested BirdPipe by rotating 10
devices across 116 locations that varied in terms
of forest management, using a 24-hour recording
cycle in each location. Species classification by
edge computing revealed a total of 23,478 detec-
tions with at least 0.3 classification probability.
Utilizing BirdPipe, it took only one working day of
expert time to manually validate the detection of
each species at each location. Thus, the approach
yielded unvalidated classifications in real-time,
and a manually validated species times locations
data matrix one day after the study was finished.
We invite researchers to take full advantage of
this newly emerging technology, moving from
the still prevailing “collect first and analyze lat-
er” -paradigm towards audio monitoring in real
time.

Challenge 3: The full potential of citizen
science in real-time biodiversity monitoring
remains partially untapped

The use of citizen science in biodiversity research
and especially in bird research has long tradi-
tions. This is because people are generally inter-
ested in birds, and many citizens are very skillful
identifying birds in the field. A large number of in-
itiatives have focused on converting these citizen
science activities into data that are valuable for
research and monitoring. Thanks to these efforts,
bird data has become very widely available. For
one example, the Global Biodiversity Information
Facility (GBIF) database is actually dominated
by bird observations (Hughes et al. 2021), and
these data are widely used for research purpos-
es (Heberling et al. 2021). For another example,
the eBird platform has recruited some 1.1 million
birdwatchers, who collect data using procedures
that involve systematic quality control and quan-
tification of user skills (Sullivan et al. 2009). The
eBird data enables many kinds of research and
monitoring outputs, such as status and trends
-products provided by the Cornell Lab of Ornithol-
ogy data scientists (Fink et al. 2025). In spite of
all this progress, there are two perspectives from
which the full potential of citizen science in bird
research and monitoring still remains untapped.
First, most data are currently contributed by sea-
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soned birdwatchers, even if less skilled citizens
may also spend much effort in observing birds.
While many smartphone apps exist for automati-
cally classifying birds from their audio, these apps
have not yet been fully integrated into research
and monitoring. For example, Merlin Bird ID lev-
erages eBird data to develop the classification al-
gorithms and create lists of likely birds for given
locations, but the information only flows one way
from monitoring outputs to citizens using the ID
app. Thus, a key question concerns how citizens
who themselves are unable to reliably identify
birds may best partake in distributed efforts of
audio monitoring. Second, there is typically a
long delay from citizen science observations to
research and monitoring outputs. For example,
the status and trends -products based on eBird
data are provided periodically by utilizing data
that has accumulated over recent years (Fink et
al. 2025). We argue that it is possible to stream-
line the full workflow from citizen science data
collection to research and monitoring outputs
into real-time, providing great added value not
only from the point of view of research and mon-
itoring, but also for the citizen who takes part in
data collection.

Solution 3: MK smartphone app and digital
twinning enables ordinary citizens to
contribute to real-time monitoring

To enable ordinary citizens to take part in re-
al-time bird monitoring, we developed a re-
search-oriented smartphone app (Nokelainen et
al. 2024) and integrated it into a digital twinning
environment (Ovaskainen et al. 2026) (Fig. 3).
We call the app here by the acronym MK, which
refers to the app’s Finnish name ‘Muuttolintu-
jen Kevat’, meaning Spring of Migratory Birds.
This name of the app was inherited from a na-
ture themed program run by the Finnish national
broadcasting company Yle, a key collaborator in
this project. In spite of its name, the MK app is
targeted not just at migratory birds but at all the
263 bird species regularly occurring in Finland,
and not just for spring but for year-around use.
The MK app was launched in 2023, and rapidly
gained popularity among Finns, with 300,000 cit-
izens (5% of the national population) having sub-
mitted >43 million bird detections. A key feature
of the MK app is that all detections are based on
a machine learning based classifier rather than
users identifying the birds themselves. This en-
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Figure 3. Real-time bird monitoring with smartphone-based citizen science and digital twinning. The MK smartphone app
implements three recording modes: direct recording, interval recording, and systematic point count recording. In addition
to providing engaging feedback to the user, the app submits the audio to a computational backend, which combines the
data with long-term bird census data to provide daily updating species distribution maps at 1ha resolution, exemplified

here by the Brambling (Fringilla montifringilla).

ables any citizen to provide equally valid data,
whether they are able to classify the birds them-
selves or not. To counteract mistakes in machine
learning based classifications, the backend of the
database stores all the audio, enabling quality
control by manual validation, and reclassifying
the data with continuously improving classifiers
(see Solution 1). While most detections are op-
portunistic (the citizens make direct recordings
triggered by an interesting bird vocalization), the
MK app also includes two other recording modes
that are targeted to producing higher quality data
that avoid some of the detection biases of oppor-
tunistic observations. First, the MK app facilitates
interval recordings, enabling users to detect birds
that, for example, vocalize overnight in their yard.
Second, in collaboration with Finnish national
parks and municipalities, we have implemented
a permanent citizen science point counting net-
work, which currently includes 580 pre-selected
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EUROPEAN MONITORING NEWS

Introducing the EBCC board: Dawn Balmer

Danae Portolou

What is your title and the current working position?

Head of Surveys at the British Trust for Ornithology (BTO) in the United Kingdom

What is your current role in the EBCC?

| joined EBCC as an Observer on the Board in autumn 2018 and joined the Board formally at the AGM
in 2019 and | have the role as Secretary.

What is your current role in the BTO and role in using monitoring data?

At BTO, I’'m the Head of Surveys and oversee many of our long-term monitoring schemes and projects.
| have worked for BTO for nearly 33 years and have organised several of our long-term projects in the
past and was the Atlas Coordinator for Bird Atlas 2007-2011. | joined BTO on a short contract as an
analyst on our territory mapping project called the Common Birds Census and have since been involved
with many monitoring schemes!

Can you tell more about how you are using citizen science data in your work?

Volunteers and our monitoring work is at the very heart of BTO. We are fortunate to have long-term
schemes such as the Common Birds Census, Breeding Bird Survey, Wetland Bird Survey, Heronries
Census, Seabird Monitoring Programme which provide long-term data sets so we can present trends
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in abundance and produce indicators and use the data in research, policy and conservation action.
We share our information with the public through BirdFacts (https://www.bto.org/learn/about-birds/
birdfacts). We're also able to run periodic and short-term surveys related to specific species which are
not well monitored through our long-term surveys or to answer questions about habitat use. BirdTrack
is our popular web/phone app project for birdwatchers to record their sightings and receives around
10 million records annually.

Do you still manage to take part in fieldwork, and if so, in which monitoring programs do you per-
sonally participate?

| really enjoy volunteering and taking part in surveys. | have two Breeding Bird Survey squares in Thet-
ford Forest and have been covering these since 1994 and 1997. | also monitor a small inland breeding
colony of Black-headed Gulls Chroicocephalus ridibundus. This year I've been taking part in the Heath-
land Birds Survey and surveying for Woodlark Lullula arborea, Dartford Warbler Sylvia undata and
Nightjar Caprimulgus europaeus and have just started fieldwork for the Winter Birds Survey — both
periodic surveys that we organise. I’'m a really keen birder and log my records into BirdTrack — so far
I've logged 240 species, 535 submissions and 398 complete lists in the UK. I'm a fairly active bird ringer
and particularly enjoy helping out with a local project on Nightjars in the forest. I’'m very much looking
forward to volunteering for the next bird atlas in 2027-2031!

Do you have a favourite bird or birding habitat/location?

My favourite bird is the Mediterranean Gull Ichthyaetus melanocephalus — | love all their plumages
and enjoy trying to find them amongst large flocks of gulls. | have a local patch inland near home called
East Wretham Heath where | try to visit a few times each week but | do love birding on the coast, and
especially at migration times.
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Your text in the next issue?

Bird Census News is meant as a forum for everybody involved in bird census, monitoring and atlas
studies. Therefore we invite you to use it for publishing articles and short reviews on your own activities
within this field such as (preliminary) results of a regional or national atlas or a monitoring scheme,
species-specific inventories, reviews or activity news of your country (as a delegate: see also below).

Instructions to authors

— Text in MS-Word.

— Author name should be with full first name. Add address and email address.

— Add short abstract (max 100 words).

— Figures, pictures and tables should not be incorporated in the text but attached as separate files.

— Provide illustrations and figures both in colour.

—The length of the papers is not fixed but should preferably not exceed more than 15 pages A4 (includ-
ing tables and figures), font size 12 pt, line spacing single (figures and tables included).

— Authors will receive proofs that must be corrected and returned as soon as possible.

— Authors will receive a pdf-file of their paper.

— References in the text: Aunins (2009), Barova (1990a, 2003), Gregory & Foppen (1999), Flade et al.
(2006), (Chylarecki 2008), (Buckland, Anderson & Laake 2001).

— References in the list: Gregory, R.D. & Greenwood, J.J.D. 2008. Counting common birds. In: A Best
Practice Guide for Wild Bird Monitoring Schemes (eds. P. Vorisek, A. Klvanovd, S. Wotton & R.D.
Gregory), CSO/RSPB, Czech Republic; Herrando, S., Brotons, L., Estrada, J. & V, Pedrocchi, V. 2008.
The Catalan Common bird survey (SOCC): a tool to estimate species population numbers. Revista
Catalana d’Ornitologia, 24: 138-146.

Send contributions in digital format by email to: dimitrije.radisic@dbe.uns.ac.rs




