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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 

-

with and without use of secondary species labels. Here we show the results of 
-

Introduction

Being a densely populated country, with many 
interested and skilled birders, monitoring of bird 

-
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 

-
resented, due to (e.g.) detectability, accessibility 

-
-

-
-
-

veloped and trained for this purpose (e.g. Kahl et 
-

-
-

cies vocalising simultaneously as happens during 

produce incorrect presence-absence data. More-
-

-
-

A habitat type that is typically underrepresented 
in Dutch monitoring schemes is intensively used 
farmland, as it contains few and usually only 

-

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). 

-

Klingbeil & Willig 2015, Van Wilgenburg et al. 
2017). Therefore, while performing point counts 
in the agricultural landscape of the province of 

recorded bird sounds using a recorder. We used 

presence-absence data collected in agricultur-

is the performance of four freely available bird 
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-

Methods
Data collection

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-

were performed between sunrise and 5 hours af-
ter sunrise and lasted 10 minutes, during which 

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-

1). We aimed at including all sites and all four 

Schijndel). The selected audio-recordings were 

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 

-
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-

All audio had a bit rate of 768 kbps, though the 
quality of the recordings varied. Some sound-

contained 1332 records (unique species-point-vis-

the point count dataset. 

Model descriptions

-

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-

-
ates on three-second-long audio segments. The 
model is trained using recordings from Xeno-Can-
to, the Macaulay Library of Natural Sounds and 

Visit

Site Point 1 2 3 4

De Bleken dblk1 0 0 16 17

Gastelse Heide gsth1 0 12 20 13

gsth2 0 17 0 0

Keent kent1 32 31 26 0

kent2 35 22 0 0

kent4 26 0 0 0

kent5 22 0 0 0

Lage Zwaluwe lgzw1 0 0 22 14

Made Noord mdnd1 0 0 11 18

Maasheggen mshg1 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 rcph1 0 0 25 19

Rielsche heide rlhd1 0 0 0 8

Reek-Schaijk rsch1 20 19 18 0

rsch2 0 19 0 0

Schijndel schd1 25 22 20 15

schd3 18 17 18 9

schd4 18 20 23 18

schd5 16 20 15 12

schd7 18 20 25 16

Steenbergen 
Noord

stbn1 0 0 16 10

Zeeland zlnd1 20 20 17 0

zlnd2 0 20 0 0

Table 1. Number of records (unique species-point-visit- 

(records from both point counts and audio-recordings).
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326 bird species occurring in the Netherlands.

over 10,000 bird species based on 5-second-long 

-

same 326 species.
Researchers at the Naturalis Biodiversity Center, 

AvesEcho (Ghani et al. 2023). The model used in 

model, meaning it produced a single species pre-

Aquila was developed by Aquila Ecology, a small 
Dutch company developing technological solu-

model performed well for bats (pers. comm A. 

occur in the Netherlands. This species list ex-
-

NET, GBVC and AvesEcho. Most of these are rare 

-

  Mandarin Duck Aix galericulata, 
Pheasant Phasianus colchicus, Al

and Greater Canada Goose 

Model evaluation

We evaluated the four models using our evalu-

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) 

-

its performance. An AUC score of 0.5 is as good 
as random guessing while a score of 1.0 describes 

the AUC scores calculated in step 1 to obtain a 
single score per model. We call this metric AUC-

scores. This method ignores species absent from 

other species, we used a second metric we call 

all other species into a second. This representa-

area under this ROC curve. We also created a de-

plot, which is similar to a ROC curve but uses the 

-
-

-

how well the species are calibrated. To get a more 
detailed picture, we also plot the ROC curve for 

be found in our GitHub repository (van Harten 
2023).

Model training

-

for our data, for Dutch usage. We replaced the 
-

and called this model NLC. First, we obtained 

and pre-processed it. Subsequently, we trained 

model trying to maximize the AUC-mean score 
-
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pler approaches and approaches known to help 

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 

Training data

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 

8,000 short smartphone recordings from around 

We used nearly 2,000 recordings that do not con-

The methods used for data preprocessing, the 
model architecture and the training procedure 

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 

dataset, 65 were recorded with both methods 
(though not always at the same point-visit com-

counts and 7 only in audio. Point counts resulted 
in 1112 records, while audio recordings resulted 

Of these, 637 records overlapped, being present 
in both point count and audio data, while 475 

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 

-
cap Sylvia atricapilla 
Phylloscopus collybita (both 81%) showing most 
overlap (Fig. 1); Greater Canada Goose (0%), Grey 
Heron Ardea cinerea (0%) and Eurasian Jay 

lus glandarius (7%) showed least overlap, though 
all three were observed in both point counts and 
audio-recordings, if not simultaneously. Sixteen 

-
ed in audio only (Greater Canada Goose, Oyster-
catcher , Greylag Goose 
Anser anser and Jackdaw Corvus monedula).

Evaluating classifiers

Comparing existing classifiers

scores was highest for the Google Bird Vocali-

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. AvesEcho 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

, 
Eurasian Coot Fulica atra and Common Blackbird 

-
cies were also challenging for GBVC and BirdNET, 

Goose, Song Thrush and Eurasian Coot. Aquila 

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 

Phylloscop
us trochilus, Greylag Goose, Common Linnet Li
naria cannabina and European Robin Erithacus 

Table 2. Mean performances (AUC-mean and AUC-binary) 

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
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Wren (48)
Great Tit (49)

Carrion Crow (58)

Common Whitethroat (43)

Common Pheasant (29)
Barn Swallow (20)

Eurasian Linnet (27)
Garden Warbler (18)

Yellowhammer (14)

Common Coot (10)

Yellow Wagtail (19)

Short-toed Tree-Creeper (11)
Blue Tit (34)

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

Song Thrush (31)

Common Starling (36)
House Sparrow (27)

Tree Sparrow (15)
Northern Lapwing (18)

White Wagtail (22)

Mallard (22)

Meadow Pipit (14)

Magpie (33)

Greylag Goose (25)

Common Buzzard (19)

Eurasian Oystercatcher (10)
Stonechat (24)

Eurasian Jay (14)

Grey Heron (11)
Canada Goose (10)

audio both pointcount

0,80,60,40,20

(red), during the point count only (blue) or during both (purple) for 44 species with 10 or more records (in audio-record-

overlap.



19

Bird Census News 2025, 38/1–2: 14–25

rubecula, species for which the other models 

Training and evaluating new classifiers

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-
quent species individually (Fig. 6), results vary for 

-
pean Green Woodpecker, Greater Canada Goose, 

than GBVC while for the other species NLC per-

-
ly for high thresholds but falls behind when low-
ering the threshold (Fig. 5).

Discussion
Audio recordings vs point counts

data and data collected using (simple) audio re-

presence, abundance and density, while the lat-

ter mainly on presence, though analyses 
techniques are available which enable 

-

2020), or removal models (van Wilgenburg 
et al. 2017). However, for these analysis 
techniques to work properly, the audio-re-
corders used need to be calibrated for 

-

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-

lodytes and Great Tit Parus major. These species 

performing point counts.

the point counts than on the audio-recordings. 
-

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) 

-

radius and were probably individuals occurring 

species were truly missed during the point count, 
e.g. while the observer was focussing on other 
species; an advantage of using audio-recordings 

DET plot

false alarm probability (%)
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Table 3. Mean performances (AUC-mean and 

NLC-NoSec and GBVC.

Model AUC-mean AUC-binary

GBVC 0.836 0.919

NLC 0.867 0.944

NLC-NoSec 0.838 0.834
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is that one can replay the recording when many 
species are vocalising simultaneously, to be able 

(sight and audio vs audio-only).

the lack of visual cues can be partly overcome 

-
-

Model evaluation

-

Wren Great Tit
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BirdNET: 81%
GBVC: 79%
AvesEcho: 80%
Aquila: 81%

BirdNET: 90%
GBVC: 89%
AvesEcho: 87%
Aquila: 77%

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.

G
ar

de
n 

W
ab

le
r

W
es

te
rn

 Y
el

lo
w

 W
ag

ta
il

Ba
rn

 S
w

al
lo

w

W
ill

ow
 W

ar
bl

er

Co
m

m
on

 W
hi

te
th

ro
at

Ca
rr

io
n 

Cr
ow

G
re

yl
ag

 G
oo

se

M
al

la
rd

Eu
ra

si
an

 W
re

n
H

ou
se

 S
pa

rr
ow

Ye
llo

w
ha

m
m

er
Eu

ra
si

an
 O

ys
te

rc
at

ch
er

Co
m

m
on

 L
in

ne
t

G
re

at
 T

it
Eu

ra
si

an
 M

ag
pi

e

N
or

th
er

n 
La

pw
in

g

W
hi

te
 W

ag
ta

il
Eu

ra
si

an
 B

lu
e 

Ti
t

Co
m

m
on

 W
oo

d 
Pi

ge
on

Eu
ro

pe
an

 R
ob

in
Co

m
m

on
 P

he
as

an
t

So
ng

 T
hr

us
h

Co
m

m
on

 S
ta

rli
ng

G
re

at
er

 C
an

ad
a 

G
oo

se
Eu

ra
si

an
 C

oo
t

Model performance for the 37 most frequent species

Ar
ea

 u
nd

er
 R

O
C 

cu
rv

e

BirdNET
GBVC
AvesEcho
Aquila0.45

0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95
1.00



21

Bird Census News 2025, 38/1–2: 14–25

-
set, so model performance could not be assessed 

-
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 

seconds of the recording instead of per 10-minute 

-
gets (other sounds) combined, which could be 
used to get a more accurate performance meas-

-

models perform. 

with a score lower than the chosen threshold. 
-

thresholds are set using the results from a large 

also use a manual approach in which the system 

returns many false alarms for that species. 
A downside of this method is that it is not 

-
ber of false alarms.

Performance of classifiers

All evaluated models performed far from 
-

lowing for a false alarm probability of 1%, 
the miss probability is around 60% (Fig. 

and 21,956 non-targets in the dataset, this 
results in 220 false alarms while missing 
around 6 out of every 10 targets. Though 

8 and AvesEcho to version 1), for most pur-
poses it is pivotal to perform a manual vali-

-
-
-

-

sets for these species (e.g. all of the models eval-
uated use Xeno-Canto as (one of) their primary 

training data.
The overall performance of BirdNET and GBVC 

-

Choosing one model over the other should there-

models on a dataset similar to the intended ap-

thresholds, but performs worse at lower thresh-

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 

-
er version of the model can match or even out-

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

-

on which the model was trained did not include 
-

taset. This can be seen from Figure 4, where 

Canada Goose, three of those species, had an 
AUC = 0.5, exactly equalling performance when 

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 

and bat sounds, for which it performs markedly 
-

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-

trained with a smaller set of bird data than the 

All of the models evaluated use Xeno-Canto as 
(one of) their primary data source to train the 

-
-

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-

where we want to be able to detect background 
-

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 

-
sify. An example would be the Blackbird, which 

assessed. Another possible consequence is that 

this occur with, again, Blackbird song, of which 

longer segments, or if they would use informa-
-

la, the model using the longest segments (10 s) 
performed worst for the Blackbird, even worse 
than random. 

G
ar

de
n 

W
ar

bl
er

W
es

te
rn

 Y
el

lo
w

 W
ag

ta
il

Ba
rn

 S
w

al
lo

w

W
ill

ow
 W

ar
bl

er

Co
m

m
on

 W
hi

te
th

ro
at

Ca
rr

io
n 

Cr
ow

G
re

yl
ag

 G
oo

se

M
al

la
rd

Eu
ra

si
an

 W
re

n

H
ou

se
 S

pa
rr

ow

Ye
llo

w
ha

m
m

er

Eu
ra

si
an

 O
ys

te
rc

at
ch

er

Co
m

m
on

 L
in

ne
t

G
re

at
 T

it

Eu
ra

si
an

 M
ag

pi
e

N
or

th
er

n 
La

pw
in

g

W
hi

te
 W

ag
ta

il

Eu
ra

si
an

 B
lu

e 
Ti

t

Co
m

m
on

 W
oo

d 
Pi

ge
on

Eu
ro

pe
an

 R
ob

in

Co
m

m
on

 P
he

as
an

t

So
ng

 T
hr

us
h

Co
m

m
on

 S
ta

rli
ng

G
re

at
er

 C
an

ad
a 

G
oo

se

Eu
ra

si
an

 C
oo

t

Model performance for the 37 most frequent species
Ar

ea
 u

nd
er

 R
O

C 
cu

rv
e

0.45
0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85
0.90
0.95
1.00 GBVC

NLC
NLC-NoSec



23

Bird Census News 2025, 38/1–2: 14–25

Performance of new classifiers

O

be able to improve in two ways:

species is very similar to that of another spe-
cies not in our target set. By removing the oth-

can be seen in the case of the European Green 
Woodpecker Picus viridis. Whereas GBVC tries to 

Picus 
sharpie
AUC score for the species, even for NLC-NoSec.
• As we switch from focal recordings to sound-

-

secondary labels present in some Xeno-Canto 

at lower thresholds. Two possible reasons for this 
drop are that the model is calibrated worse or that 

-

-
sue. Therefore, we suspect that using secondary 
labels when training helps the model to predict 

-
ers would be to train them using annotated mul-

-
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

-

-

for nocturnal, vocalising species, and underrepre-
-

Furthermore, it is important to keep in mind that 

methods, especially in open landscapes and for 
less vocal species. Therefore, it is important to al-

break and always label data collected by PAM as 
such.
The quality of recordings greatly determines their 

-
fects have not been analysed here, some record-
ings were excluded as they contained too much 
background noise and were deemed useless for 

-

-
ity microphones with considerable within device 

-

-
scapes, it is pivotal to use annotated soundscapes 

-
cordings without bird sounds in the training da-

models could also be greatly improved if they 

sound fragments. Furthermore, the species-spe-
-

Finally, we suggest using a hybrid approach in 

expert. The validated data can then be used for 
training, which can further improve the model 
(human-in-the-loop).

We would like to thank Vincent Kalkman and Bu-
rooj Ghani (AvesEcho) and Anne Krediet (Aquila) 
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-

Frank Majoor, Jesse Keijzer and Bas Hissel for 
performing the point counts; Willem van Manen, 
Joost van Bruggen and Bas Hissel for performing 
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Appendix 

The methods used for data preprocessing, the model architecture and the training procedure for the 

Data preprocessing

-
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, 

the input length for GBVC is 5 seconds, this resulted in 30 embeddings for a 30-second-long recording. 
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Model architecture

-

Training procedure

-

-

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-

that Xeno-Canto allows specifying secondary labels of species also vocalising in a recording, we give 

other classes.

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 
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