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Abstract. Freshwater ecosystems are among the most threatened habitats worldwide, and amphibians represent the most 
endangered vertebrate group globally. Effective conservation strategies therefore require scalable, cost-efficient monitor-
ing methods. Passive acoustic monitoring (PAM), combined with automated call classification, has emerged as a promising 
approach, yet amphibians remain underrepresented compared to birds. Here, we present AnuraPAM, a flexible, ready-to-
use collection of automated call classifier models for the Central European anuran fauna, trained using the deep-learning 
framework BirdNET. We developed four convolutional neural network-based classification models for 14 Central European 
amphibian species including one hybrid taxon (Pelophylax kl. esculentus), using different training data strategies. Model per-
formance was evaluated using one-vs-rest receiver operating characteristic (ROC) and precision–recall (PR) curves. Most 
species achieved high classification performance, with ROC-AUC (area under the curve) values exceeding 0.9 across model 
variants. However, classification accuracy varied among species, particularly within the Pelophylax complex, where hybridi-
zation poses substantial challenges. Increasing the amount of training data did not consistently improve model performance, 
highlighting the importance of data quality and representativeness. This is supported by the fact that our best-performing 
model performed better than two freely available classifiers, FrogNET and Perch v2, despite being trained on smaller data-
sets. Our results demonstrate that automated acoustic identification of Central European anurans is feasible and reliable for 
most species. The developed classifiers provide a novel tool for large-scale amphibian monitoring and offer considerable 
potential for application in conservation practice and citizen science projects. All our models are available as ready-to-use 
classifiers for the application in free audio analysis software such as BirdNET-Analyzer, PAMalyzer and Raven Intelligence.

Key words. Amphibia, Anura, bioacoustics, BirdNET, convolutional neural networks, passive acoustic monitoring, con-
servation, citizen science.

Introduction

Global biodiversity loss represents one of the most pressing 
environmental challenges of the 21st century. Current esti-
mates suggest that approximately one million species are 
threatened with extinction, many within the coming dec-
ades (IPBES 2019). Extinction rates far exceed background 
levels, leading to the characterization of the present era as 
the sixth mass extinction (Barnosky et al. 2011, Banks-
Leite et al. 2020).

Freshwater ecosystems are disproportionately affect-
ed by these trends (Sayer et al. 2025). Between 1970 and 
2020, freshwater vertebrate populations declined by 85%, 
exceeding losses observed in terrestrial and marine sys-

tems (WWF 2024). Amphibians, which depend strong-
ly on freshwater habitats, show the highest proportion of 
threatened species among vertebrates, with 41% assessed as 
threatened on the global IUCN Red List (IUCN 2026).

These global patterns are also evident in Europe, where 
nearly half of all freshwater habitat types are considered 
threatened (Janssen et al. 2016). Effective amphibian con-
servation therefore requires robust and scalable monitor-
ing approaches, yet traditional survey methods are often 
time-consuming, costly, and spatially limited.

PAM has gained increasing attention as a non-invasive 
and cost-efficient alternative (Gibb et al. 2019). Autono-
mous recording units enable long-term data collection 
across large spatial scales, but the resulting datasets neces-
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sitate automated analysis tools (Sugai et al. 2019). Convo-
lutional neural networks (CNNs) have proven particularly 
effective for bioacoustic classification (Gibb et al. 2019).

BirdNET is a CNN-based framework originally devel-
oped for bird call identification and now widely used in 
research and citizen science (Kahl et al. 2021). While nu-
merous automated classifiers exist for birds (Knight et al. 
2017, Stowell et al. 2019, Cole et al. 2022), amphibians re-
main underrepresented despite their high conservation rel-
evance. So far, available automated classifiers for amphib-
ians (Huang et al. 2009, Colonna et al. 2016, Hassan et 
al. 2017, Anunciação et al. 2022, de Almeida et al. 2024) 
did not cover Central Europe with two recent exceptions, 
namely FrogNET (Kirkland 2025) and Perch v2 (van 
Merriënboer et al. 2026). These classifiers were trained on 
large uncurated data sets and their performance remains 
to be tested. Here, we present a customized, ready-to-use 
BirdNET-based classifier for 14 Central European anuran 
species including one hybrid taxon, based on a rare, well-
curated call dataset compiled over several decades. 

We specifically address two connected general research 
questions: (1) Is it possible to train a BirdNET-based model 
that reliably distinguishes 14 Central European amphibian 
species? (2) How does the amount of training data per spe-
cies influence classification performance? We then com-
pare the performance of our classifiers with the only two 
available classifiers that cover our focal taxa, FrogNET and 
Perch v2 and discuss the results with regard to the integra-
tion of the newly developed classifiers into standard moni-
toring routines for anurans and their suitability for citizen 
science projects. On this basis, we make recommendations 
for refinements and standardized tests under real-world 
conditions.

Material and methods
Study species and call data

The classifier was trained on call recordings of 14 amphi
bian species (see Table 1) native to Central Europe, in-
cluding the hybrid taxon Pelophylax kl. esculentus (sum-
marized in Table 1). The exotic American bullfrog (Aqua­
rana catesbeiana), which must now be considered part of 
the Central European frog fauna (Ficetola et al. 2007), 
was excluded due to an insufficient amount of available 
call data. Pelophylax kl. esculentus originates from hybri-
dogenesis between P. lessonae and P. ridibundus and re-
produces via hemiclonal inheritance (Hoffmann & Rey-
er 2013, Krizmanić & Ivanović 2010). Hybrid individu-
als are morphologically and acoustically intermediate and 
acoustic properties may be influenced by the respective lo-
cal hybrid system, complicating acoustic identification (de 
Almeida et al. 2024). The distribution ranges of the species 
included in our analyses extend across Europe with sig-
nificant interspecific range differences (wide-spread, e.g., 
Bufo bufo and Rana temporaria or more range-restricted, 
e.g., Alytes obstetricans and Epidalea calamita). When se-
lecting call recordings for analyses, we specifically chose 

calls from populations of Central European origin in ac-
cordance with delimitations given in Sillero et al. (2014) 
and Cogălniceanu et al. (2024). In addition to the focus 
taxa calls, three acoustically confusable non-amphibian 
species (Gryllotalpa gryllotalpa, Caprimulgus europaeus, 
Otus scops) were included in the call data set as “confusion 
classes”.

Recordings were obtained from three different sources: 
(1) private contributors (unpublished call collections: K. 
Grossenbacher, A. Kwet, B. Trapp); (2) published au-
dio collections accompanying field guides (Creemers & 
Van Delft 2009, Schneider 2005, Tetzlaff 2007); and 
(3) online sound archives, namely Xeno-canto (Xeno-can-
to Foundation 2026) and the Sonothèque du Muséum na-
tional d’Histoire naturelle (Muséum national d’Histoire 
naturelle 2026). The call collection of K. Grossenbacher 
is unique because it represents the most extensively curat-
ed dataset incorporated in this study in terms of precise 
call metadata, including not only exact locality but also air 
and water temperature at time of recording. It comprises 
78 independent recordings from 54 localities, covering all 
14 focal taxa across 11 European countries and spanning a 
recording period of 52 years.

Call data preparation

All recordings were manually screened to confirm species 
identity and to ensure that a representative call repertoire 

Table 1. Overview of the anuran species included in AnuraPAM 
and their status in the Red List of Germany (Rote-Liste-Gremium 
Amphibien und Reptilien 2020) and Europe (Temple et al. 2009); 
Nomenclature follows Frost (2026). Categories described in the 
German Red List: D = data insufficient, * = least concern, V = 
near threatened, G = threatened (unknown extent), 3 = vulner-
able, 2  = endangered; category described in the European Red 
List: LC = least concern.

Taxon
Red List 

status  
Germany

Red List 
status 

Europe

Alytes obstetricans (Laurenti, 1768) 2 LC
Bombina bombina (Linnaeus, 1761) 2 LC
Bombina variegata (Linnaeus, 1758) 2 LC
Bufo bufo (Linnaeus, 1758) * LC
Bufotes viridis (Laurenti, 1768) 2 LC
Epidalea calamita (Laurenti, 1768) 2 LC
Hyla arborea (Linnaeus, 1758) 3 LC
Pelobates fuscus (Laurenti, 1768) 3 LC
Pelophylax kl. esculentus (Linnaeus, 1758) * LC
Pelophylax lessonae (Camerano, 1882) G LC
Pelophylax ridibundus (Pallas, 1771) D LC
Rana arvalis Nilsson, 1842 3 LC
Rana dalmatina Fitzinger, 1838 V LC
Rana temporaria Linnaeus, 1758 V LC
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of each species is included. Recordings with excessive back-
ground noise or other major disturbances were excluded. If 
the files were not already in WAV format, they were convert-
ed and structured into species specific folders. Subsequently 
25% of the recordings of each species including the confusion 
species were separated to form an independent test dataset. 
The remaining data were used for training. A selection of 10 
representative sound examples including nine target species 
and one confusion species is available in Zenodo (https://
doi.org/10.5281/zenodo.20525666). The majority of the data 
used are subject to specific copyright licenses; therefore, the 
full call dataset cannot be made freely available here.

The training files were manually screened and sequenc-
es deemed fitting for the training dataset were cut into 
three-second segments containing vocalizations of tar-
get or confusion species and gathered in species-specific 
folders. During the segmentation excerpts with dominant 
background noise, poor audio quality or overlapping an
uran vocalizations of different species were excluded while 
typical background noise within the files was extracted to 
form a separate noise class for three models. For the fourth 
model, model “Raw”, additional soundscape files were ac-
quired from Xeno-canto and left uncut to form the noise 
class. A minimum of at least 150 segments were prepared 
for each target species class. Additionally, two species-spe-
cific negative classes containing segments of confusion 
species for anurans, being Otus scops for Alytes obstetricans 
and Caprimulgus europaeus as well as Gryllotalpa gryllotal­
pa for Bufotes viridis, were created. The final training data-
set for each model comprised 17 classes: 14 target species 
including one hybrid taxon, two negative classes and one 
noise class. The final number of three-second segments 
per species was determined during manual segmenta-
tion based on the judgement of the annotator, aiming to 
achieve a representative training dataset for each species. 
Consequently, the number of extracted segments varied 
between species and is not directly linked to the quantity 
of the available raw recordings. Table 2 provides a detailed 
overview of the number of cut segments per class and the 
number of source files from which they were extracted for 
each of our models, as well as for the test dataset. The sepa-
rated test dataset contained a total of 199 recordings and 
was manually annotated using PAMalyzer, a custom ver-
sion of AviaNZ and software for audio analysis in which 
the BirdNET-Analyzer is implemented (Marsland 2019, 
Meerheim et al. unpubl. data). We marked all identifiable 
sound events of target anuran species. Included recordings 
of the confusion species were not annotated to serve as dis-
traction factors during evaluation. 

AnuraPAM model training and evaluation

Four classification models were trained using the Bird-
NET Analyzer v2.4.0 (Kahl et al. 2021): Model 100 was 
trained using 100 randomly selected call segments per 
class and Model 150 used 150 randomly selected call seg-
ments per class. Model CompSeg was trained using all 

manually prepared call segments per class and Model 
Raw was trained using all available raw unsegmented re-
cordings per class. 

We used the autotune option for hyperparameters. For 
all other training parameters default settings were retained, 
as they are appropriate for most training applications 
(Symes et al. 2023). Only the crop mode for the model Raw 
was changed to “segments”, which changes the usage from 
a single segment to consecutive three-second segments per 
file for training. Subsequently each trained model was ap-
plied to classify the test dataset using PAMalyzer. Again, we 
used default settings for sensitivity (1.0) and overlap (0.0) 
and a minimum confidence threshold of 0.01 was chosen 
to keep all possible detections. Classification outputs, as 
well as the ground truth annotations were then exported 
as tabular data. Evaluation was approached using segment-
based comparison of the ground truth annotations and 
predictions given by the models (van Merriënboer et al. 
2024). To assess model performance ROC curves and PR 
curves were calculated for each target class, as well as their 
respective AUC values. For this a one-vs-rest approach was 
applied treating each class as the positive class and all other 
classes as negatives. Macro-AUC values were calculated as 
arithmetic means across species.

Comparison of AnuraPAM with existing classifiers

We used the identical approach to test and evaluate the 
performance of FrogNET and Perch v2 in comparison to 

Table 2. Overview of the quantity of three-second segments per 
class in each model, as well as the number of different files the 
segments were taken from.

Three-second segments/files
Model 100 150 CS Raw Test

A. obstetricans 100/23 150/25 283/26 734/31 262/13
B. bombina 100/19 150/21 211/21 613/28 375/11
B. variegata 100/27 150/27 234/27 1152/40 515/13
B. bufo 100/19 150/21 162/22 1445/25 179/13
B. viridis 100/27 150/32 185/34 733/43 366/14
E. calamita 100/19 150/19 217/19 1018/37 339/13
H. arborea 100/23 150/25 190/25 1296/58 584/29
P. fuscus 100/12 150/12 158/12 538/15 88/5
P. kl. esculentus 100/8 150/12 158/12 398/14 147/5
P. lessonae 100/15 150/15 158/15 780/35 596/17
P. ridibundus 100/25 150/25 189/27 2717/77 1221/28
R. arvalis 100/18 150/19 158/19 641/28 130/9
R. dalmatina 100/12 150/13 168/13 1249/25 307/8
R. temporaria 100/17 150/17 152/17 4371/34 488/12
C. europaeus 50/33 75/36 289/40 1268/40 –
G. gryllotalpa 50/28 75/31 211/32 1948/49 –
O. scops 100/22 150/22 186/22 436/22 –
Noise 100/27 150/35 150/35 1475/20 1216/199
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our trained four AnuraPAM models. For the application of 
FrogNET we converted the available model from Tensor-
Flow.js to TensorFlow Lite format and used it in PAMalyz-
er, Perch v2 was applied in BirdNET-Analyzer v2.4.0. We 
ensured that our test data is independent from our train-
ing data. Recordings in our test dataset were mainly ob-
tained from Xeno-canto. As both Perch v2 and FrogNet 
are trained with recordings from Xeno-canto, it is highly 
likely that there is an overlap between the training data 
for these two classifiers and our test dataset. This overlap 
may represent a classification advantage for these models 
and could result in an overestimation of their performance 
compared to our models’ performance. Hence AnuraPAM 
model performance rather represents a conservative esti-
mate. However, it should be noted that both FrogNET and 
Perch v2 cover a wider range of anuran species and the 
performance metrics are calculated only on the 14 target 
species covered by the classifiers presented in this study. 
While FrogNET was trained as a custom classifier based 

on BirdNET to differentiate between 21 European species, 
Perch v2 is a global classifier covering over 14000 species 
worldwide, including more than 1300 anurans. In contrast 
to these classifiers, we defined species specific negative 
classes with confusion species during training, which, in 
addition to data quality, may result in an even larger per-
formance gap.

Results
ROC-AUC performance

All four AnuraPAM models achieved high overall per-
formance (Fig. 1). Macro ROC-AUC values ranged from 
0.926 (Model CompSeg) to 0.973 (Model Raw). Most spe-
cies achieved ROC-AUC values above 0.910 across all 
models. Slightly lower values were only observed for Bom­
bina variegata and within the Pelophylax complex (Ta-
ble 3). 

Figure 1. ROC curves per species of the four different AnuraPAM models evaluated on an independent test data set; the upper right 
point of each curve corresponds to the minimum confidence level of 0.01 provided by BirdNET.
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PR-AUC performance

PR-AUC values revealed stronger differences among spe-
cies (Fig. 2). Again, model Raw achieved the highest mac-
ro-PR-AUC value (0.880) while the model trained with all 
available segments (Model CompSeg) showed the lowest 
PR-AUC value (0.807). Several species (Bufo bufo, Epidalea 
calamita, Pelobates fuscus, Rana temporaria) showed con-
sistently high PR-AUC values, whereas Pelophylax kl. escu­
lentus exhibited very low values across all models (maxi-
mum 0.666, cf. Table 3). 

Influence of training data volume

Increasing training data volume did not consistently im-
prove performance (Table 3). In several cases, models 
trained on fewer, but manually cut segments outperformed 
models trained on larger datasets. However, when the well-
curated data were incorporated into the full dataset, the 
model trained on the largest dataset (Model Raw) achieved 
the highest ROC-AUC values for all but two species.

Comparison of classifier performance

Mean ROC-AUC and PR-AUC values suggested a perfor-
mance advantage of our AnuraPAM Raw model over Frog-
NET and Perch v2 (Table 4). Detailed species-specific perfor-
mance metrics can be found in Supplementary document 1. 

Availability and application

All our four custom classifiers are compiled in the An
uraPAM package and are available in both available out-

put formats of BirdNET-Analyzer (tflite, raven) in Zeno-
do (https://doi.org/10.5281/zenodo.20610756). This makes 
them suitable for use with BirdNET-Analyzer and other 
freely available software, such as PAMalyzer and Raven 
Intelligence. A user guide explaining the implementation 
steps can be found in Supplementary document 1. 

We recommend AnuraPAM model Raw for general ap-
plications as it achieves the highest average ROC-AUC 
and PR-AUC values. The alternative models should only 
be used in cases, in which a higher performance of specif-
ic focal taxa is desirable (e.g., target-species surveys). The 
practical applicability of all our custom-trained classifiers 
would be substantially improved by deployment in a mo-
bile application. As no such application is currently avail-
able, their use is limited to devices that support software 
compatible with the models’ file formats. The models can 
be applied to recordings from various sampling schemes, 
including long-term passive acoustic monitoring at fixed 
sites and smartphone recordings from multiple locations. 
Nevertheless, context-specific manual validation is rec-
ommended, since misclassifications may occur in novel 
acoustic environments.

Table 3. Calculated ROC-AUC and PR-AUC values per species for the AnuraPAM models trained (model 100, model 150, model 
CompSeg (CS) and model Raw); highest and lowest values per species are marked in bold and italic characters, respectively. 

ROC-AUC PR-AUC
Model 100 150 CS Raw 100 150 CS Raw

Alytes obstetricans 0,949 0,934 0,950 0,964 0,894 0,881 0,899 0,910
Bombina bombina 0,970 0,953 0,921 0,972 0,705 0,751 0,713 0,734
Bombina variegata 0,933 0,942 0,897 0,944 0,838 0,854 0,795 0,724
Bufo bufo 0,984 0,994 0,974 0,995 0,956 0,976 0,943 0,973
Bufotes viridis 0,963 0,950 0,960 0,974 0,924 0,910 0,929 0,932
Epidalea calamita 0,992 0,988 0,990 0,989 0,982 0,969 0,976 0,985
Hyla arborea 0,942 0,943 0,939 0,942 0,907 0,907 0,901 0,902
Pelobates fuscus 0,994 0,988 0,988 0,998 0,970 0,958 0,965 0,936
Pelophylax kl. esculentus 0,948 0,927 0,950 0,975 0,382 0,336 0,325 0,666
Pelophylax lessonae 0,886 0,892 0,856 0,931 0,707 0,696 0,673 0,790
Pelophylax ridibundus 0,953 0,924 0,902 0,991 0,915 0,888 0,864 0,978
Rana arvalis 0,978 0,976 0,972 0,973 0,930 0,934 0,934 0,929
Rana dalmatina 0,941 0,937 0,915 0,979 0,832 0,843 0,828 0,876
Rana temporaria 0,987 0,984 0,982 0,991 0,976 0,974 0,971 0,987
Mean 0,945 0,952 0,926 0,973 0,828 0,848 0,807 0,880

Table 4. Mean performance metrics of AnuraPAM model (Raw) 
compared to FrogNET and Perch v2; highest and lowest values 
per metric are in bold and italic characters, respectively.

Model AnuraPAM (Raw) FrogNET Perch v2

Mean ROC-AUC 0,973 0,936 0,906
Mean PR-AUC 0,880 0,800 0,793
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Discussion

The results demonstrate that automated acoustic identifi-
cation of Central European anurans using BirdNET is fea-
sible and reliable for most species. The performance levels 
of our AnuraPAM classifiers are also comparable to those 
reported in other CNN-based bioacoustic studies (Gha-
ni et al. 2025, Ghani et al. 2023, Jacuzzi & Olden 2025, 
Knight et al. 2017, Stowell et al. 2019).

Our results highlight the capabilities of custom classi-
fiers trained on a relatively small amount of well-curated 
data. However, hybrid taxa, particularly Pelophylax kl. es­
culentus, remain difficult to classify due to biological and 
acoustic overlap. The high ROC-AUC values obtained for 
most species confirm that convolutional neural networks 
are well suited for automated amphibian call classification, 
even in acoustically complex freshwater environments. Re-
cent comparative studies across taxa have similarly dem-
onstrated that CNN-based classifiers outperform tradi-
tional machine-learning approaches when applied to bio-

acoustic datasets, particularly under variable noise condi-
tions (Dias et al. 2022). Our results therefore align with 
a growing consensus that deep-learning approaches repre-
sent the current state of the art in passive acoustic monitor-
ing. The suitability of ROC-based metrics for performance 
evaluation of classifiers with imbalanced datasets is con-
sidered imprecise. Previous studies suggest that the high 
number of true negatives in imbalanced datasets can mask 
a poor detection rate of minority classes (Davis & Goad-
rich 2006, Saito & Rehmsmeier 2015, van Merriën-
boer et al. 2024). Therefore, PR-based metrics are usually 
recommended to evaluate performance of classifiers with 
unbalanced datasets. However, Richardson et al. (2024) 
reported that ROC-based metrics can provide a robust as-
sessment even for imbalanced datasets, as long as changing 
the imbalance does not affect the score distribution. To ac-
cord to both findings we provided the ROC-AUC values, 
as well as the PR-AUC values in this study. This approach 
enables comparability to previous and future studies that 
may only use one of these metrics.

Figure 2. PR curves per species of the four different AnuraPAM models evaluated on an independent test data set.
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The consistently low classification performance for 
Pelophylax kl. esculentus reflects a broader challenge in au-
tomated bioacoustics: the classification of hybrid or cryptic 
taxa. Recent studies emphasize that hybrids often exhib-
it highly variable and context-dependent call characteris-
tics, limiting the effectiveness of purely acoustic classifiers 
(de Almeida et al. 2024). This issue is particularly relevant 
in conservation contexts, as hybrid taxa may play distinct 
ecological roles or be subject to different legal protections. 
The situation is further compounded by the ongoing inva-
sion of native water frog lineages and their hybridogenic 
hybrids by alien water frog lineages, largely facilitated by 
the frog-leg industry and the pet trade, resulting in sub-
stantial genetic introgression (Dufresnes et al. 2024). This 
has, for example, been shown for western European popu-
lations of P. lessonae and their hybrid P. kl. esculentus in-
vaded by the Italian pool frog P. l. bergeri (Dufresnes & 
Dubey 2020). Such introgression alters both the genetic 
constitution of local populations and their acoustic charac-
teristics, yet its implications remain underexplored in bio-
acoustics studies. Our findings suggest that reliable auto-
mated detection of P. kl. esculentus will likely require sub-
stantially expanded, expert-curated datasets that use call 
recordings of genotyped individuals/populations and/or 
multimodal approaches combining acoustics with genet-
ic/genomic or environmental data. Recent work on mul-
timodal biodiversity monitoring indicates that combining 
PAM with environmental DNA (eDNA) could be a useful 
but context-dependent strategy (Chen et al. 2023).

One of the findings of this study is that increasing train-
ing data volume alone does not necessarily improve clas-
sification performance. Poorly curated or acoustically re-
dundant data might lead to overfitting, reducing a model’s 
ability to generalize to new environments. As such, empha-
sis should be placed on the curation and choice of training 
data. As reported in Kath et al. (2024) it is important to ac-
tively choose training segments which provide the models 
with information that gives them the best chance to reduce 
false classification during training. In this study we selected 
only high-quality recordings for all of the models and val-
idated species occurrence before training. Although mod-
els 100, 150, and CompSeg were trained on only a subset of 
the available recordings, their performance is comparable to 
Model Raw as well as Perch v2 and FrogNET, which were 
trained on substantially larger datasets. This suggests that, 
when carefully curated, even a relatively small dataset can be 
sufficient to train a robust and reliable classification model.

Policy relevance and methodological implications

Standardized and harmonized biodiversity monitoring ap-
proaches are increasingly indispensable for fulfilling in-
ternational and European reporting obligations, including 
those arising from the EU Habitats Directive and the Con-
vention on Biological Diversity (CBD), e.g., the 2030 Glob-
al Biodiversity Framework (Moersberger et al. 2024). Al-
though we have seen a steady increase in monitoring initia-

tives over the past decade, the current rate and scale of global 
biodiversity loss exceeds our ability to measure, monitor and 
predict trends using existing biodiversity monitoring ap-
proaches (Gonzalez et al. 2023), making (semi-)automat-
ed monitoring approaches even more important. Automat-
ed acoustic classifiers facilitate standardized and repeatable 
surveys across spatial and temporal scales that are difficult 
to achieve using conventional field methods. In particular, 
passive acoustic monitoring (PAM) combined with convo-
lutional neural networks has proven well suited for detect-
ing changes in calling phenology, activity patterns, and long-
term population trends, which are of growing relevance in 
the context of climate change (Sugai et al. 2019). Automated 
acoustic monitoring of amphibians is directly applicable to 
biodiversity conservation policy in Germany and the Euro-
pean Union. Article 11 of the Habitats Directive (92/43/EEC) 
obliges Member States to establish surveillance systems for 
assessing the conservation status of species and habitat types 
of community interest, while Article 17 requires six-yearly 
reporting on distribution, population trends, habitat qual-
ity, and future prospects. Anuran species listed in Annexes 
II and IV, including nine out of the 14 species analyzed and 
detected with high precision in this study (A. obstetricans, 
B. bombina, B. variegata, E. calamita, H. arborea, P. fuscus, 
P. lessonae and R. arvalis) are of particular relevance in this 
context. The BirdNET-based classifier presented here of-
fers a complementary tool to support the EU Habitats Di-
rective surveillance obligations. PAM enables standardized 
data collection over extended temporal periods and repeat-
ed sampling at fixed sites, which is essential for detecting 
population trends and phenological shifts relevant to Arti-
cle 17 assessments. Automated classification further reduces 
observer bias and personnel demands, thereby increasing 
the feasibility of long-term monitoring programmes. Im-
portantly, automated approaches are consistent with recent 
recommendations to integrate technological innovations 
into official monitoring schemes in order to improve cost 
efficiency and data completeness (Ross et al. 2023, Brown-
ing et al. 2017). Although such tools cannot replace expert-
based field surveys, they can substantially enhance spatial 
and temporal resolution and function as early-warning sys-
tems for population declines. Our results highlight the ne-
cessity of species-specific validation, especially for acousti-
cally similar taxa and hybrid systems such as the Pelophylax 
complex. For species of the EU Habitats Directive, conserva-
tive classification thresholds and expert validation of critical 
records are advisable to minimize the risk of erroneous re-
porting. Automated tools should be embedded within adap-
tive monitoring frameworks that combine technological ef-
ficiency with expert oversight (Sugai et al. 2019).

Citizen science and participatory monitoring

Citizen science plays an increasingly important role in 
biodiversity data collection in Europe, contributing sub-
stantially to distribution atlases and Red List assessments. 
However, its integration into EU Habitats Directive report-
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ing remains limited, primarily due to concerns regarding 
data quality and standardization. However, recent initia-
tives to monitor amphibians show that this widespread 
scepticism is not always justified and is often based on a 
lack of knowledge about the potential of citizen science 
projects (Leonhardt et al. 2026). Automated acoustic 
classifiers in particular can help mitigate these concerns by 
enabling standardized species identification and automat-
ed quality control. The widespread public use of BirdNET 
lowers technical barriers to participation and offers oppor-
tunities to incorporate citizen-collected acoustic data into 
EU Habitats Directive surveillance under Article 11, par-
ticularly for common but under-monitored species and the 
anuran call classifier introduced here provides a potentially 
valuable addition to this toolkit. 

Perspectives and outlook

Future improvements of the trained AnuraPAM classifi-
ers should primarily focus on expanding and curating the 
training data base and on targeted methodological refine-
ments. Increasing sample sizes for taxa with limited classifi-
cation performance has been shown to improve model reli-
ability, provided that high annotation quality is maintained 
(Symes et al. 2023). Annotation accuracy can be enhanced 
through multi-observer validation or dependent-observer 
approaches, which reduce identification errors and increase 
precision (Drake et al. 2016, Forcey et al. 2006). In par-
ticular, the Pelophylax complex would likely benefit from a 
more comprehensive and expert-curated, ideally genotypi-
cally pre-validated, data base, as classification performance 
varied strongly among taxa and was especially low for P. kl. 
esculentus. Recent work demonstrates that deep-learning 
approaches can successfully separate Pelophylax species 
and hybrids acoustically when trained on suitable data (de 
Almeida et al. 2024). Methodologically, replacing the one-
vs-rest approach with a one-vs-one framework may allow 
a more detailed, pairwise assessment of class separability 
and facilitate targeted model optimization (Vanacore et al. 
2024, Mehra & Gupta 2013). Although extending the set 
of evaluation metrics (e.g., F-score) can aid interpretation, 
no single metric fully captures model performance, and 
metric choice should therefore remain context-dependent 
(Knight et al. 2017, van Merriënboer et al. 2024). Given 
the high intra- and interspecific variability of anuran vocali-
zations (Köhler et al. 2017, Yue et al. 2017, Toledo et al. 
2015), future data sets should aim to represent the full spec-
trum of call types across geographic regions to ensure ro-
bust classification (Oswald et al. 2022). In addition, assem-
bling representative, non-random test data sets may provide 
more realistic estimates of model transferability (Mutanu 
et al. 2022). Model development should thus be regarded as 
an iterative trial-and-error process in which methodologi-
cal and data-driven adjustments are continuously evaluated 
(Desprez et al. 2023, Brauer et al. 2016). In applied contexts 
such as conservation monitoring, automated classifiers offer 
substantial potential to reduce time and cost, provided that 

users are trained in result interpretation and model limita-
tions are clearly communicated (Ross et al. 2023, Oswald et 
al. 2022). For field applications, models showing consistent-
ly high performance across most taxa are suitable, where-
as results for the Pelophylax complex should be interpreted 
with caution and supplemented by manual verification. En-
suring high-quality input data and adapting models to local 
soundscapes, including noise classes, will further enhance 
practical performance (Madhusudhana et al. 2022). In 
this context, few-shot transfer learning represents a prom-
ising and efficient strategy for locally adapting classifiers 
with limited additional data (Jacuzzi & Olden 2025). The 
AnuraPAM call classifiers represent a freely available, ready-
to-use alternative to existing approaches, combining robust 
performance with practical flexibility and adaptability. By 
integrating AnuraPAM into standardized platforms such 
as PAMalyzer, we intend to lower technical barriers and fa-
cilitate immediate application in both research and conser-
vation contexts. AnuraPAM can also serve as a foundation 
for future anuran call classification models that use emerg-
ing methods such as ensemble learning (Lu et al. 2026). We 
explicitly encourage broad and intensive adoption of the 
AnuraPAM classifiers, as their routine use has the potential 
to substantially expand the volume and diversity of acoustic 
monitoring data. Such increased deployment will not only 
enhance conservation practice but also strengthen standard 
amphibian monitoring programs by generating consistent, 
large-scale datasets that enable continuous, data-driven re-
finement of classifier performance. 

Note added in proof

A very easy way to use AnuraPAM for amphibian sound classi-
fication in the field is the BatGizmo App for Android by John 
Mears. Install the app (https://twilighttravels.org/batgizmo-app/) 
on your smartphone, download the “AnuraPAM-classifier for 
BatGizmo” from the Zenodo archive, import the classifier into 
the app and start to classify amphibians in the field.
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