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1  |  INTRODUCTION

In bioacoustics, recordings of natural soundscapes span massive 
spatial and temporal scales (Wall et al., 2021), the analysis of which 
has for a long time relied on automated processing for animal spe-
cies detection (Baumgartner & Mussoline, 2011) and soundscape 
characterization (Sueur et  al., 2014).1 Bioacoustic recordings are 
evaluated to study evolutionary and ecological phenomena, that is 

animal behaviour (Teixeira et al., 2019), interaction with environ-
ments (Desjonquères et  al.,  2024; Sebastián-González & Pérez-
Granados,  2025), sound production (Seyfarth & Cheney,  2010) 
and more. Data are commonly gathered using passive acoustic 
monitoring (PAM) setups (Calupca et  al.,  2000; Mellinger 
et al., 2007; Sugai et al., 2019). Studying changes of phenomena in 
large datasets was previously restricted to portions of datasets 
that were annotated manually by bioacousticians listening to 

 1https://​github.​com/​bioac​ousti​c-​ai/​bioac​ousti​cs-​datasets.
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Abstract
1.	 Natural sounds have been recorded for millions of hours over the previous dec-

ades using passive acoustic monitoring. Improvements in deep learning models 
have vastly accelerated the analysis of large portions of this data. While new 
models advance the state-of-the-art, accessing them using tools to harness their 
full potential is not always straightforward.

2.	 Here we present bacpipe, a collection of bioacoustic deep learning models and 
evaluation pipelines accessible through a graphical and programming interface, 
designed for both ecologists and computer scientists.

3.	 Bacpipe streamlines the usage of state-of-the-art models on custom audio data-
sets, generating acoustic feature vectors (embeddings) and classifier predictions. 
A modular design allows evaluation and benchmarking of models through interac-
tive visualizations, clustering and probing.

4.	 We believe that access to new deep learning models is important. By designing 
bacpipe to target a wide audience, researchers will be enabled to answer new 
ecological and evolutionary questions in bioacoustics.
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recordings (Sugai et al., 2019). This precise study of recordings is a 
time-consuming practice, that therefore limits the amount of data 
that can be processed (Mellinger et al., 2007; Sugai et al., 2019). In 
recent years, the rapid advance of deep learning in terrestrial, 
freshwater and marine bioacoustics has opened up the opportu-
nity to develop tools to process and organize large acoustic data-
sets which has vastly improved automated species detection 
(Stowell, 2022).

Deep learning models compute rich, high-dimensional em-
beddings for any given input. Embeddings can then be used for 
classification tasks, for example providing predictions on species 
presence. Recent studies show that while models are trained to 
classify specific species, using these models to organize large 
acoustic datasets based on the extracted embeddings offers up 
a plethora of opportunities for other bioacoustic applications, for 
example clustering unlabelled recordings, individual identifica-
tion or novel call-type detection (Allen-Ankins et al., 2025; Ghani 
et  al.,  2024, 2025; Miron et  al.,  2025). Furthermore, using deep 
learning embeddings rather than model predictions provides a 
continuous space where all data are represented rather than re-
lying on model predictions to filter datasets. Models are being 
trained on broader datasets, going from bird-focused training sets 
like BIRB (Hamer et al., 2023) and the annotated bird recordings 
on the citizen science platform xeno-canto (xeno-canto,  2025) 
to incorporate more species groups like amphibians (Cañas 
et  al.,  2023), mammals (Schäfer-Zimmermann et  al.,  2024) and 
insects (Chasmai et  al.,  2024). Models trained on general audio 
are also being trained for bioacoustic datasets (Miron et al., 2025; 
Schwinger et al., 2025). Yet, at this point, clear tendencies on what 
models to use for an acoustic environment are inconclusive and 
require researchers to have the tools to test and compare models 
in order to identify the best method for their research needs.

New bioacoustic deep learning models (see Glossary) are 
trained and released at increasing rates (Miron et  al.,  2025; 
Schwinger et al., 2025; Stowell, 2022). At the same time, means 
to compare and use models are often limited by how well their 
respective code is maintained. Computing acoustic indices and 
unsupervised classification of soundscapes have been made ac-
cessible through numerous Python software packages, for ex-
ample for acoustic indices, scikit-maad (Ulloa et  al.,  2021) and 
for unsupervised classification, bambird (Michaud et  al.,  2023), 
soundscape explorer (Sound-Scape-Explorer/Sound-Scape-
Explorer,  2026) and pykanto (Recalde,  2023). Using pretrained 
bioacoustic classification models and comparing them is chal-
lenging due to different model requirements. As a result, there 
is a lack of accessibility in computational bioacoustics which re-
stricts researchers: 1. Deep learning models are primarily used by 
users with a background in coding, 2. researchers are unable to 
investigate the usefulness and compare between models for their 

own data and 3. users have no way to interact with the model 
outputs. Packages like OpenSoundscape (Lapp et  al.,  2023) and 
avex (Miron et al., 2025) address this gap and provide a variety of 
other automated processing techniques for soundscape record-
ings. These packages incorporate a large variety of methods with 
their main focus being the support of the state-of-the-art in deep 
learning for bird sound classification. Executing these packages 
and using their outputs is built around well maintained and well 
documented Python application programming interfaces (APIs). 
The question of which deep learning classifiers perform best has 
been addressed in multiple recent reviews (Miron et  al.,  2025; 
Schwinger et al., 2025; van Merriënboer et al., 2024). However, 
reproducing these results and comparing between models with 
different audio input lengths remains cumbersome. Furthermore, 
usage and evaluation of models requires advanced python cod-
ing. For example, BirdNET, a model trained on a large corpus of 
bird vocalizations, is available with a graphical user interface 
(GUI) tool, making it accessible which explains its widespread 
use by ornithologists and ecologists (Kahl et  al.,  2021; Pérez-
Granados, 2023). As the field of computational bioacoustics is an 
interdisciplinary field with researchers coming from varying de-
grees of ecological/computational backgrounds, the accessibility 
of newly developed methods to researchers with different skill 
sets, directly impacts if these methods get included in ecological 
workflows or not.

Here, we present bacpipe (bioacoustic collection pipeline), a 
Python software package to facilitate the use of state-of-the-art 
bioacoustic deep learning models. By centring bacpipe on extract-
ing acoustic representations using deep learning models (gener-
ating embeddings), large acoustic datasets can be structured and 
investigated without limiting the models to their classifier pre-
dictions. Thereby, generating embeddings for a variety of models 
can be incorporated into existing workflows and models can be 
compared. As a stand-alone software, bacpipe provides interactive 
visualizations of acoustic representations (embeddings) from dif-
ferent models in a dashboard GUI enabling users to explore large 
datasets and benefit from the structuring capabilities of state-of-
the-art deep learning models. As an add-on, the package comes 
with a variety of evaluation tools enabling researchers to probe 
model performance on their own data. Bacpipe is built in a modular 
design ensuring that with further development, new deep learning 
models can be easily included. In the following, we will describe 
how bacpipe enables researchers to

1.	 process large PAM datasets with a variety of state-of-the-art 
deep learning models,

2.	 interactively explore acoustic representations visually and aurally,
3.	 extract classifier predictions from a variety of models and
4.	 use bacpipe to evaluate models on alternative bioacoustic tasks.
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    | 3KATHER et al.

2  |  BASIC WORKFLOW

Bacpipe can be used via its API or as a stand-alone software. The 
user can therefore decide which of bacpipe's processing steps to 
run. Figure 1 shows a schematic overview of these processing steps. 
In the following section, the package concept and workflow will be 
explained in more detail.

2.1  | Design philosophy

Bacpipe is designed to target two audiences: (1) experienced listeners 
with expertise in ecology and bioacoustics and perhaps little experi-
ence with Python and (2) experienced deep learning researchers work-
ing in bioacoustics with Python experience. To address both audiences, 
bacpipe is available as a fully functional and well-documented stand-
alone GitHub repository2 and as a pip (PiPy) package. Once started, 
bacpipe processes files based on user-defined configurations and visu-
alizes results in an interactive GUI dashboard (see Section  3). 
Alternatively, bacpipe's embedding generation or evaluation modules 
can be used via its API and integrated into existing workflows (see 
Section 4). Loading and processing audio have been developed to work 
both on the CPUs of laptop computers and GPUs of computers or serv-
ers. In terms of processing, bacpipe is centred around the computation 
of embeddings with a large variety of bioacoustic models, as can be 
seen for the sections Data, Models and Embeddings in Figure  1. 
Bacpipe handles multiprocessing by allocating multiple CPU cores for 
loading and preprocessing audio files simultaneously before passing 
them on to the deep learning model. The pipeline has been success-
fully tested on very large datasets and can handle cancellation and re-
sumption of processing. Processing of audio files is currently restricted 
to one deep learning model at a time. Add-on features to evaluate em-
bedding spaces, such as linear probing, clustering and visualization are 
included in the package (see Section 2.5). Furthermore, benchmarking 

of multi-label classifier predictions is possible. Accessibility and modu-
larity are the core design principles of bacpipe to enable all researchers 
and practitioners to access the state-of-the-art deep learning models 
for their bioacoustic dataset. The models included in the package can 
be seen in Table 1.

2.2  |  Simple starting-point

Bacpipe is always executed in the same way, via python run_pipe-
line.py. The prerequisite is a computer with a Python 3.11/3.12 
installation (all instructions can be found at https://​github.​com/​bioac​
ousti​c-​ai/​bacpipe). Upon execution, bacpipe will process audio files in 
a specified folder using the selected bioacoustic deep learning mod-
els and visualize the model outputs in a GUI (see Section 3), allowing 
the user to interact with and investigate the results. To run bacpipe 
on their own data, the user has to specify the source path to the 
audio files and which models to run in the config file before execut-
ing python run_pipeline.py. All further configurations are op-
tional. These configurations are specified in the bacpipe/config.
yaml file or, when using the Python API, using bacpipe.config 
(see Table A1). More advanced settings can be modified in the bac-
pipe/settings.yaml file (or the attribute, for API). Configuration 
is divided across two files, config and settings, to keep the most 
common configurations (e.g. modifying the audio source path, choos-
ing what models to run) separate from the advanced settings (e.g. to 
compute on a GPU rather than the default CPU, to process only an-
notated segments). This way the user is not required to modify the 
settings file and deal with the large amounts of options. Model-
specific configurations can be changed in the respective Python file 
of each model (for example for BirdNet: ‘bacpipe/model_pipelines/
feature_extractors/birdnet.py’). For each execution, copies of the 
config and settings files are saved in the logs folder with a corre-
sponding timestamp, ensuring that users can go back and reproduce 
previous experiments. Figure 2 shows an example case study using a 
large unlabelled dataset. Presenting the results in a GUI and enabling  2https://​github.​com/​bioac​ousti​c-​ai/​bacpipe.

Glossary

Key vocabulary used in this manuscript with their specific meaning in the field of computational bioacoustics.

Deep learning model: Deep neural network machine learning model based on (for example) convolutional neural network (CNN) or transformer 
architecture and in this manuscript trained using acoustic recordings. Deep learning models usually consist of feature extractors and classifiers, 
the former of which is used to generate embeddings. In this manuscript, deep learning model refers to the feature extraction part of the model.

Embeddings: High-dimensional feature vectors created by deep learning models based on a section of audio.

Embedding space: High-dimensional vector space containing embeddings of a model. Dimensionality reduction tools can be used to visualize 
these spaces.

Classification: Class predictions are generated by the deep learning model by first computing an embedding and subsequently mapping that 
embedding onto a list of classes.

Benchmarking: Evaluation of deep learning models including their pretrained classifiers.

Clustering: Unsupervised algorithm that organizes the embeddings into clusters, used here to evaluate deep learning models.

Probing: Supervised algorithm used to evaluate deep learning models by fitting a classifier on top of the model.

Linear probing: Training a linear classifier consisting of a single fully connected layer.

kNN probing: Fitting a k nearest neighbour classifier. Using a fraction of the data to fit the classifier and using it to classify the remainder.
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both visual and auditory interaction of the processed data helps to 
make the analysis accessible for all audiences.

2.3  |  Reducing unnecessary recomputation

Bacpipe can be used on acoustic datasets of any folder structure or 
commonly supported audio file formats (bacpipe uses librosa (McFee 
et al., 2015) for loading of audio, therefore all formats supported by 
librosa are supported, most common formats include ‘.wav’, ‘.aif’, 
‘.mp3’, ‘.flac’, ‘.ogg’). When processing, bacpipe creates a standardized 
folder structure where embeddings, reduced dimension embeddings, 
classifier predictions, evaluations and metadata are saved. The top 
level folder name corresponds to the name of the processed audio 
dataset. The output folder structure can be seen in Figure 3a. Inside it, 
the embeddings file structure mirrors the audio file structure, meaning 
that for every audio file there is a corresponding embedding file; this 
makes association easier for downstream analysis. The same is true for 
classifier predictions. The evaluation folder contains classifier predic-
tions, clustering results, generated labels and more, which are used for 
the dashboard GUI and which can also be returned via the API (see 
Section 4). Saving these processed analyses vastly reduces the com-
putational time for future processing. Once processing is complete, 
bacpipe no longer requires access to the audio files for returning, visu-
alizing or evaluating embeddings, as this is done using the output files. 
However, interacting with the results and displaying and listening to 
audio segments corresponding to embedding points does require ac-
cess to the audio files. By using a standardized output folder structure, 
results can be transferred between devices enabling one researcher to 
visualize the results that were processed by another (or to process on a 
GPU cluster and analyse on a laptop).

High-dimensional embeddings are saved as Numpy array files 
(ending with .npy) to reduce storage requirements, while re-
duced low-dimensional embedding (by default, 2d-UMAP (McInnes 
et al., 2020)) files are saved as human-readable dictionary files (end-
ing with .json). By default, classification predictions are saved as 
annotation tables (one per audio file) in the Raven (Cornell Lab of 
Ornithology,  2014) format as well as a combined annotations file 
(one .csv file with each row corresponding to a timestamp of a pre-
diction within an audio file) for all classifier predictions in the dataset.

2.4  | Metadata and ground truth labels

Bioacoustic datasets often feature a nested folder structure based 
on deployment sites and date. Using this information along with the 
file-specific timestamps can be helpful to analyse species activity 
and embedding structure in respect to spatial and temporal patterns. 
To make use of this, bacpipe creates metadata labels based on this in-
formation. Metadata labels refer to metadata that is extracted from 
the folder structure and file timestamps based on common naming 
conventions in PAM data. These metadata labels are associated with 
embeddings and thereby offer the opportunity to evaluate correla-
tions between embedding structure and metadata both visually and 
computationally. At the point of writing, the metadata labels that 
are automatically generated are ‘time_of_day’, ‘week_of_year’, ‘day_
of_year’, ‘continuous_timestamp’, ‘parent_directory’ and ‘audio_file_
name’. ‘parent_directory’ and ‘audio_file_name’ are inferred based 
on the file name and location within the folder structure. ‘time_of_
day’, ‘week_of_year’, ‘day_of_year’ and ‘continuous_timestamp’ are 
all inferred from the file name based on PAM naming conventions 
(extraction is done using a regular expression). As different models 

F IGURE  1 Processing workflow of bacpipe. From left to right, audio data (Data) are passed into deep neural networks (Models), which 
generate acoustic feature vectors (Embeddings). Embeddings are then used for a number of tasks which are applied to all selected models 
for comparability (Evaluation). Evaluation outputs are saved to a standardized folder structure (see Figure 3). By default, evaluations include 
classification (outputs produce lists of predicted species), dimensionality reduction (used for visualizations) and clustering (used to measure 
shared mutual information), but can be expanded for other tasks.
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    | 5KATHER et al.

use different input lengths of audio, the metadata labels get mapped 
onto the model-specific timestamps, thereby associating each em-
bedding with a default label.

During each execution, bacpipe will also search for ground truth la-
bels in the form of a ground truth annotations file named ‘annotations.
csv’ (can be changed in the settings file) in the root directory of the 
audio data. If this file does not exist, the program continues normally. If 
it does find this file, it requires specific column names to be parsed: ‘au-
diofilename’, ‘start’, ‘end’ and ‘label:species’ (species can be replaced, 
but ‘label:’ needs to remain to clarify that this is a label column). Users 
can add multiple ‘label:…’ columns, thereby supporting annotations of 
different granularities, for example species, genus, individual. Once 
the ground truth annotations are read, the labels are mapped onto the 

timestamps of models and within the evaluations/labels folder, 
ground truth files are created for each existing ‘label:’ column (in the 
resulting files, different label categories are columns and annotation 
events are rows). Standardizing the ground truth labels in this way 
makes them available in the right format for bacpipe to be used for 
benchmarking, evaluating clustering, visualizing or linear probing.

2.5  |  Benchmarking, clustering and probing

Traditionally, deep learning models are evaluated using benchmark-
ing, in which classifier predictions are generated for a benchmarking 
dataset. These benchmarking datasets must not be included in the 

TABLE  1 List of models currently available in bacpipe.

Name Clfier Training Architecture Dim Trained on sr [kHz] Size [106] Ref.

AudioMAE No ssl + ft ViT 768 General 16.0 86.0 Huang et al. (2022)

AudioProtoPNet Yes supl ConvNeXt 768 Birds 32.0 98.0 Heinrich et al. (2025)

AvesEcho Yes supl PaSST 1024 Birds 32.0 86.3 Ghani et al. (2024)

AVES No ssl + ft HuBERT 768 General, biotic 16.0 94.2 Hagiwara (2022)

Bat Yes supl CNN + Trafo 64 Bats 220 0.07 Fundel et al. (2023)

BatDetect2_Clip Yes supl Net2DFast 32 Bats 256 5.0 Mac Aodha et al. (2018)

BatDetect2_Dets No supl Net2DFast 32 Bats 256 5.0 Mac Aodha et al. (2018)

BEATs No ssl + ft HuBERT 768 General 16.0 91.0 Chen et al. (2022)

BioLingual No supl CLAP 512 Birds, animals 48.0 190.0 Robinson et al. (2023)

BirdAVES No ssl + ft HuBERT 1024 General, birds 16.0 316.0 Hagiwara (2022)

BirdMAE No ssl + ft ViT 768 General 32.0 300.0 Rauch, Heinrich, 
et al. (2025)

BirdNET Yes supl EffNetB0 1024 Birds 48.0 12.8 Kahl et al. (2021)

BirdNET_v3 Yes supl EffNetv2s 1280 Birds, animals 32.0 27.0 Lasseck et al. (2026)

ConvNeXt_bs Yes supl ConvNeXt 768 Birds 32.0 88.0 Schwinger et al. (2025)

Google_Whale Yes supl EffNetB0 1280 Whales 24.0 5.0 -

HBdet Yes supl ResNet50 1024 Hback. Whales 2.0 23.0 Kather et al. (2024)

Insect459NET No supl EffNetv2s 1280 Insects 44.1 20.6 -

Insect66NET No supl EffNetv2s 1280 Insects 44.1 20.5 -

Mix2 No supl MobileNetv3 960 Amphibians 16.0 3.0 Moummad, Farrugia, 
et al. (2024)

NatureBEATs No ssl + ft HuBERT 768 All 16.0 90.7 Robinson et al. (2024)

Perch_Bird Yes supl EffNetB1 1280 Birds 32.0 7.8 Ghani et al. (2023)

Perch_v2 Yes supl EffNetB3 1536 Animals 32.0 12.0 van Merriënboer 
et al. (2025)

ProtoCLR No sup cl CvT-13 384 Birds 16.0 19.6 Moummad, Serizel, 
et al. (2024)

RCL_FS_BSED No sup cl ResNet9 2048 Animals 22.0 7.2 Moummad, Serizel, & 
Farrugia (2024)

SurfPerch Yes supl EffNetB0 1280 Corals, birds 32.0 8.0 Williams et al. (2024)

VGGish No supl VGG 128 General 16.0 62.0 Hershey et al. (2017)

Note: The column headings correspond to the following: Clfier lists if a classifier is included for the model, Training shows the training setup, that is 
ssl for self-supervised learning, supl for supervised learning, sup cl for supervised contrastive learning and ft for fine-tuning. Architecture lists the 
model backbone and Dim shows the dimension of the embeddings. Trained on shows the model's training data, sr lists the sample rate in kHz, size 
shows the model Size in millions of parameters and Ref. lists the respective publication.
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6  |    KATHER et al.

training data. Ideally, bioacoustic benchmarking datasets feature data 
from different environments, so that the generalization capabilities of 
the models can be tested. The resulting predictions are evaluated, for 
example using mean average precision (mAP) and compared against 
the state-of-the-art to showcase improvements. Common bioacous-
tic benchmarking datasets for bird classification are BEANS (Hagiwara 
et al., 2023) for single label or BIRB (Hamer et al., 2023) and BirdSet 
(Rauch, Schwinger, et al., 2025) for multi-label classifier performance. 
With the publication of InsectSet459 (Faiß et al., 2025) and AnuraSet 
(Cañas et al., 2023), deep learning models can now also be evaluated 
on different species groups (Kather et al., 2025a).

Bacpipe does not include any datasets. However, it facilitates 
benchmarking by preparing and evaluating the data for each 
model: It loads the annotations, the audio corresponding to the 
annotations and pads the audio lengths to correspond to the 
model-specific input lengths (the padding strategy can be spec-
ified in the settings file). Once the audio data are processed, 
predicted species are compared to ground truth labels and scikit-
learn (Pedregosa et al., 2011) functions are used to produce perfor-
mance metrics. Annotations have to be collected in a single .csv  
file as described in Section  2.4. Species names in the annota-
tions have to correspond to the species names that are used in 

F IGURE  2 A large unlabelled dataset from a noisy urban soundscape in the Netherlands is visualized in different ways. (a) Bacpipe 
dashboard view of a 2d UMAP visualization of BirdNET embeddings from the entire dataset. The embeddings (≈ 10

5) were processed from 
104 recordings (≈ 100 h of audio). Little boxes indicate what purpose different sections of the dashboard serve. The points are coloured by 
generated time-of-day timestamps. While the view of the entire dataset (a) shows some structure, the grey rectangle corresponds to the 
zoomed-in view (b). In (c) a spectrogram is shown visualizing the audio data corresponding to a selected embedding point in (b). Using the 
inbuilt functions, a handful of unknown bird vocalizations could be found and isolated, listened to and exported as a .csv file to isolate them 
from the otherwise anthropogenic noise-dominated soundscape. Without any ground truth, these processing and interactive capabilities 
make evaluating large noise-dominated datasets more feasible.
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    | 7KATHER et al.

deep learning classifiers, which are the species common name or 
their respective species eBird (Sullivan et al., 2009) code. Bacpipe 
will produce print messages if species in the annotations were 
not found in the deep learning classifiers species list. To run the 
benchmark, users have to use the API function bacpipe.bench-
mark(). The function requires the user to specify the dataset 
name corresponding to the top level audio folder (see Section 2.3) 
and the model they wish to evaluate. To provide an example: 
users can use the dataset published by Clapp et al. (2023). After 
downloading the dataset, users have to simply change the column 
names of the ‘annotations.csv’ file to be in accordance with the 
expected column names (see Section 2.4): ‘Filename’ to ‘audiofile-
name’, ‘Start Time (s)’ to ‘start’, ‘End Time (s)’ to ‘end’ and ‘Species 
eBird Code’ to ‘label:species’. After applying these changes and 
selecting the models to benchmark, bacpipe will compute embed-
dings and classifier predictions and evaluate their performance.

To quantify a deep learning model's ability to extract acoustic 
features, recent research has moved beyond the traditional bench-
marking of classifier performance against a single test set. Instead, 
to evaluate embedding spaces, new classification heads are trained 
and evaluated on top of pretrained models—this process is called 
probing (see glossary) (Alain & Bengio, 2018). In the following, prob-
ing refers to the process of training kNN or linear probes on top of 
feature extractors, while classification refers to the use of the inte-
grated classification head which is part of a published deep learning 
model. Recent studies have applied this practice to bioacoustics, en-
abling them to compare models that were trained on different species 
(Kather et al., 2025b; Miron et al., 2025; Schwinger et al., 2025; van 
Merriënboer et al., 2025). Bacpipe includes both training linear and 
kNN probes on top of processed embeddings. A linear probe is a train-
able single fully connected layer which can be useful to test the global 

structure of the embeddings by trying to separate classes linearly. A 
kNN probe on the other hand is a classifier based on (Euclidean) dis-
tance, which emphasizes local structure by testing if nearest neigh-
bour associations are useful to separate classes. These evaluation 
tasks do not require access to the models, as they can be processed 
on the precomputed embeddings.

Another evaluation strategy supported by bacpipe is cluster-
ing. Past studies have shown that KMeans clustering provides a 
fast and scalable way to evaluate bioacoustic embedding spaces 
(Kather et al., 2025b). Clustering can be enabled by adding ‘clus-
tering’ to the evaluation tasks in the config file. If clustering is en-
abled, by default a KMeans clustering of the embeddings (in their 
original high dimension) is computed. The clustering is evaluated 
by comparing the cluster identities of embeddings to different la-
bels and measuring the shared information. This is quantified using 
adjusted mutual information (AMI) (Romano et al., 2014) and ad-
justed Rand index (ARI) (Steinley et al., 2016). Cluster allocations 
are compared to the automatically generated metadata labels (see 
Section 2.4). Therefore, clustering can be computed and evaluated 
without ground truth annotations. However, if ground truth an-
notations are provided, the clustering is also evaluated against it, 
both for the entire dataset and once for only the annotated portion 
of the dataset. This way embeddings corresponding to vocaliza-
tions of specific species can be evaluated disregarding periods of 
‘noise’.

If the probing evaluation task is enabled (by adding ‘prob-
ing’ to the evaluation tasks in the config file), bacpipe requires 
ground truth annotations (see Section 2.4). The user has to sim-
ply specify which evaluation tasks to run in the config file, and 
subsequently, these evaluations can be immediately computed 
for each of the selected models. Parameters for these evaluations 

F IGURE  3 Output folder structure (a) and graphical user interface (b) of bacpipe. In (a) the standardized folder structure is shown. This is 
how the processed files are saved, showing that the saved embeddings mirror the input structure from Figure 1. Furthermore, evaluations, 
dimensionality-reduced embeddings, and processing logs are saved. In (b) the graphical interface that is produced by default is shown. The 
interface enables evaluating the results in an accessible way.
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8  |    KATHER et al.

have default values and so can be computed immediately, but 
can also be customized by referring to the settings file. To 
train linear and kNN probes on the embeddings, the annotations 
are split into train, validation and test. Results are evaluated per 
label class and as a global average using mean average precision 
(see Figure 4).

3  | GRAPHICAL USER INTERFACE

Bacpipe generates a browser-hosted graphical user interface based 
on the Python package panel.3 A schematic of this is shown in 

 3https://​panel.​holov​iz.​org/​.

F IGURE  4 Case study of a large annotated dataset using AnuraSet which consists of recordings from the Amazonian rainforest (Cañas 
et al., 2023). In (a) a bacpipe dashboard is shown with a side-by-side comparison of 2d UMAP visualizations of embeddings generated using 
two different models: AvesEcho_Passt (Ghani et al., 2025) and NatureBEATs (Robinson et al., 2024). Little boxes indicate what purpose 
different sections of the dashboard serve. The points are coloured by the parent directory of the audio file they were processed from, which 
corresponds to the recording site. The embedding plot for NatureBEATs shows fewer points, as only the annotated portion of the dataset 
was chosen to be displayed. For (b) the model was retrained using the probing procedure (see Section 2.5) on species which were annotated 
in the AnuraSet dataset. With the linear probe, the model is now able to classify frog species and the results of the class-wise performance 
are shown in a bar plot. In (c) an automatically generated presence heatmap is shown of the frog species Sphaenorhynchus surdus using the 
model AvesEcho_Passt with the trained linear probe. These heatmaps can be generated for all species present in the annotations. This 
workflow demonstrates that bacpipe can be used to retrain models on classes they were not originally trained on and visualize species 
presence immediately.
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Figure 3b. The interface shows different tabs, which visualize the re-
sults in two strategies, 1. display model-specific embedding spaces 
and 2. display model-specific heatmaps of classifier predictions. For 
each visualization, there are tabs showing the performance for 1. a 
single model and 2. a side-by-side comparison of two models. For the 
embedding visualizations, there is an additional overview of all mod-
els. In the following, the visualization strategies are explained in de-
tail. Figures 2 and 4 show two case studies using the graphical user 
interface.

3.1  |  Explore visually and aurally

While deep learning models enable the processing of vast 
amounts of audio data, the interpretability of their output can 
be limited. Classification performance of models is steadily in-
creasing, yet, many species of interest are not well represented 
in datasets (or not represented at all), leading to classifier pre-
dictions being irrelevant for a given research project. Beyond 
classifier predictions, it is also possible to visualize embeddings 
produced by deep learning models using dimensionality reduc-
tion techniques (see Section  4.2). The vast amounts of embed-
dings show emerging structures and clusters that, when overlaid 
with labels, reveal patterns of how data is organized by models 
(for more information on labels see Section 2.3). This way, visu-
alizations of embeddings can be colour-coded with automatically 
extracted metadata labels like timestamps, as well as computed 
clusters or (if provided) ground truth labels (see Section  2.4). 
Side-by-side comparisons of models make differences apparent 
and enable users to decide based on their study species or noise 
environment which model is best suited. For ecoacoustics, this 
comparison can be helpful to investigate how differences be-
tween soundscapes relate to differences in space, time or habitat 
characteristics.

Low-dimensional (2 or 3-dimensional) UMAP (or t-SNE) em-
beddings have the benefit that they can be visualized. However, 
without the ability to link the embeddings back to the underlying 
audio source, evaluations are limited to qualitative differences in 
appearance (McInnes et  al.,  2020). We therefore provide inter-
active visualizations based on the Python package plotly (Sievert 
et  al.,  2015), which displays a spectrogram of the audio when 
clicking on an embedding point. The spectrogram's audio can also 
be played back. This connects the high-level deep learning em-
beddings back to its source and enables an intuitive exploration 
of audio data while benefiting from the structuring and process-
ing capabilities of deep learning. As the spectrograms are gen-
erated in real-time, access to the original audio data is required. 
Audio is resampled to the model-specific sample rate. The max-
imum frequency of the visualized spectrogram corresponds to 
half of the sample rate, as follows from the Nyquist criterion. This 
way the user is provided with visual feedback of what portion of 
the spectrogram a model ‘saw’ to compute the subsequent em-
bedding. Figure 2 shows a case study in which embeddings and 

spectrogram visualizations were used to isolate bird vocalizations 
in a large unlabelled dataset.

By using plotly, users can zoom and pan in the embedding space. 
For PAM datasets spanning years of data, this is essential, as the 
large number of embeddings contains complex structures and sub-
structures that only become apparent when narrowing in on small 
sections. A selection tool can be used to choose a number of points 
in the embedding space, which can then be exported as annotations 
to a csv file. This can be useful for the task of annotating or investi-
gating segments with similar acoustic characteristics.

3.2  | Visualize clustering and probing metrics

In addition to the embedding visualization, the GUI provides extra 
charts to visualize the metrics specific to clustering and probing (if 
enabled in config file). The way in which clustering and probing are 
computed and evaluated is explained in Section 2.5. If ground truth 
data is provided, the clustering is also computed between the meta-
data labels (see Section  2.4) and the ground truth. This can show 
the overlap between the presence of classes and diurnal, seasonal or 
habitat-based patterns. Figure 4a shows a side-by-side comparison 
of two models, in which points are labelled by the parent directory. 
For the dataset used in this example, AnuraSet (Cañas et al., 2023), 
the parent directory of an audio file corresponds to the location site. 
The model naturebeats (on the right) shows a strong organization of 
points according to the parent directory. While Figure 4 focuses on 
the probing features, bacpipe's clustering capabilities could be used 
to evaluate the AMI and ARI values between the clustering and the 
parent directory. Alternatively, the overlap between the site and the 
ground truth could be quantified to indicate if species only vocalize 
in specific places.

If probing is enabled in the configurations, kNN and linear 
probes are trained on the provided ground truth annotations (as 
described in Section  2.5). The results of the probing are shown 
as bar plots. Users can switch between kNN and linear probes 
to see the respective results. For each label class, the accuracy 
values are displayed. Using the probing evaluation, users can see 
how well a model's embeddings can be classified into the anno-
tated species using both kNN and linear probing. Figure 4b shows 
the class-wise performance of the AvesEcho_Passt model using  
linear probing on the AnuraSet dataset. For both the clustering 
and the classification, overall performance is displayed in the 
all_models tab.

3.3  |  Classification and probing heatmaps

While generating embeddings, by default bacpipe also generates 
classifier predictions using the model provided classifier. These pre-
dictions are saved as Raven style annotations (see Section 2.3). The 
generated predictions are displayed in the dashboard of bacpipe as 
an activity heatmap. The heatmap is generated to show the dates 
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10  |    KATHER et al.

on the y- and the hours on the x-axis and colour-coded by the num-
ber of occurrences. Users can choose between species from a drop-
down menu and thereby visualize the activity for each species found 
within the dataset.

As discussed in Section 2.5, probing can be applied to classify 
the embeddings. In this case, the previously trained linear probe is 
loaded and used to classify the precomputed embeddings. This way 
a classifier for a new task (e.g. different species group, individual 
identification) is trained and can be used to generate predictions. 
For models that do not provide classification layers (see Table 1), this 
provides an opportunity to generate classifier predictions. The re-
sults of this classification can also be displayed in the same way as 
the pretrained classifiers. Figure 4c shows a species presence heat-
map which was generated using a linear probe trained on the model 
AvesEcho_Passt using frog vocalizations annotated in the AnuraSet 
dataset (Cañas et al., 2023).

4  | DEVELOPER SECTION

For users that look to integrate bacpipe into their existing bioacous-
tic pipelines, an API is provided. This API features the same modules 
and functions as described in Section 2. In the following section, the 
API will be described in more detail. For more information, see the 
documentation.4

4.1  |  Package structure

The package is made up of three subpackages: core, model_pipe-
lines and embedding_evaluation. The subpackages handle 
audio loading and preparing inference (core), loading and execut-
ing the respective deep learning models (model_pipelines) and 
evaluating the generated embeddings through linear probing, classi-
fication and visualization (embedding_evaluation). Bacpipe saves 
embeddings as NumPy (Harris et al., 2020) files (ending on .npy) so 
that each audio file has a corresponding NumPy file with the same 
file name and the appendix ‘_model-name’, where model-name cor-
responds to the name of the deep learning model used to process 
the audio. Upon execution, core checks to see if the embeddings 
generated by the combination of input data and selected deep learn-
ing models already exist. This is done by comparing the file names of 
audio files and the created NumPy files. embedding_evaluation is 
used to load visualizations and evaluations of the data within seconds 
rather than requiring to be computed again. This also allows continu-
ously growing datasets or prematurely failed processing runs to be 
continued where left off, which is practical when processing very 
large PAM datasets. Throughout the processing, a (human-readable) 
metadata file (metadata.yml) is created with detailed information 
within the corresponding embeddings folder. All of these conveni-
ence features can be activated or deactivated using the Python API.

4.2  |  Extending bacpipe

The aim of bacpipe is to streamline the processing of audio recordings 
using interchangeable bioacoustic deep learning models. The models 
included in the package can be seen in Table 1. Once the brief installa-
tion of bacpipe is successful, the user will be able to process their audio 
data using a plethora of different deep learning models, among them 
the most used and state-of-the-art models. Comparing existing mod-
els against newly developed ones is crucial, which is why the modular 
design of the package allows users to easily add new models or add 
modified versions of existing ones. Any new model will go through the 
same evaluation pipeline, this way the results of new/modified mod-
els can be explored and compared. To visualize the model outputs, di-
mensionality reduction techniques (e.g. UMAP (McInnes et al., 2020), 
t-SNE (Van der Maaten & Hinton, 2008), PCA (Wold et al., 1987)) are 
included in bacpipe. Generated visualizations can be used to compare 
how different models structure the data and are interactive, allowing 
the user to connect the embeddings back to the audio segment they 
were processed on. Just like bioacoustic deep learning models, they 
too can be added or modified for comparisons. Finally, the evaluation 
tool-set are functions applied to all specified models and this tool-set 
can also be changed or expanded as the field advances. The section 
Evaluation in Figure 3 shows some of these downstream processing 
steps.

4.3  |  Low to high level pipelines

Bacpipe comes with a high-level prepackaged fully operational pipe-
line, accessible through bacpipe.play(). Based on the attributes of 
bacpipe.config and bacpipe.settings, all audio files in a given 
directory will be processed with all selected models. Subsequent eval-
uation will be performed, and visualization of the results is facilitated 
in the dashboard GUI (explained in Section 3). However, to integrate 
smoothly into existing workflows, numerous pipelines are provided to 
work with varying levels of underlying processing. This way users can 
run a pipeline that will process audio folders for 1. all specified models, 
2. a single specified model or 3. a single audio file for a given model. A 
selection of API functions along with descriptions are provided in the 
Appendix (see Table A1).

The lower level workflow of bacpipe divides the main tasks of 
path-handling, audio-handling, model-handling and classifier-handling 
into the four classes: Loader, AudioHandler, Embedder and 
Classifier. To initialize the processing, bacpipe uses the Loader 
class, which organizes the loading of audio files and embedding files (if 
already processed). The AudioHandler class handles loading of audio 
files itself, along with resampling to model-specific sampling rates, pad-
ding audio and segmenting it into batches. The batched file segments 
then get passed on to the Embedder class, which handles loading the 
model and generating embeddings. Finally, the Classifier class re-
ceives embeddings and generates class predictions. As the Loader 
class handles all paths, the object generated from it can be used to load 
all embeddings, predictions and metadata after processing. 4https://​bacpi​pe.​readt​hedocs.​io.
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A large number of functions are provided to facilitate the inte-
gration into the different bacpipe pipelines. These functions can be 
used to extract date-time information from audio files, generate ar-
rays of ground truth labels fitted to the model-specific timestamps, 
list all processable audio files in directories and more. Higher level 
functions allow users to generate clustering, train and evaluate 
probes and visualize their results. Finally, a benchmarking function 
allows users to evaluate single or multi-label model predictions in 
respect to a provided annotation file (see Section 2.5).

5  |  PERSPECTIVES

The field of computational bioacoustics is experiencing an acceler-
ated development, fuelled by advancements in deep learning and in-
terest in questions of ecology and evolution. The previous decades 
have seen the creation of massive corpora of recordings being col-
lected by researchers, conservationists and citizen scientists all over 
the world. However, evaluating datasets of very large proportions 
without computational tools is extremely time-consuming. In prac-
tice, for this reason, evaluations are often restricted to small portions 
of the datasets.

Here, we presented bacpipe, a collection of bioacoustic pipelines 
consisting of state-of-the-art deep learning models and evaluation 
techniques, made accessible through a graphical and a programming 
interface. Bacpipe is inspired by and builds on the variety of tools, which 
have been developed and published for the processing of bioacoustic 
data (mentioned in Section 1). However, it is the first tool to include 
all the state-of-the-art models in bioacoustics and make them acces-
sible to both computer scientists and ecologists. Its modular setup 
is designed to integrate with existing tools and workflows to ensure 
researchers can compare models for their specific hypotheses. Tools 
like OpenSoundscape (Lapp et al., 2023) and avex (Miron et al., 2025) 
have proposed workflows of processing audio recordings using deep 
learning models. Bacpipe is another contribution in this field focusing 
on integrating a wide range of deep learning models and making them 
accessible through functionalities and a GUI. A next step for the field 
could be trying to converge on common entry points to enable users to 
combine different packages' capabilities.

With the accelerated pace of deep learning developments and 
models being released, accessibility of these methods will be in-
creasingly important. At the same time, archives of acoustic data-
sets all over the world span millions of hours and contain valuable 
ecological and evolutionary information. By harnessing the full po-
tential of deep learning models, this information can be organized. If 
combined with interactive tools, these datasets can be explored and 
isolated events and vocalizations can be discovered.

While recent review papers show that scores are improving for 
bird song classification, noisy and polyphonic soundscape record-
ings still lead to poor classifier performance (Miron et  al.,  2025; 
Schwinger et al., 2025; van Merriënboer et al., 2025). We argue that 
the usage of deep learning models in bioacoustics should not be lim-
ited to classifier predictions. Instead, using deep learning models as 

acoustic feature extractors to organize and reveal structure in large 
PAM datasets empowers users to explore and identify sounds of 
interest through interactivity. Figure  2 shows a case study of this 
workflow.

Computational bioacoustics is an interdisciplinary field that re-
quires interdisciplinary workflows to best combine people's expertise 
from their respective fields. Like many before it, the aim of bacpipe is to 
be a collaborative tool, shaped by and for the community. Contributions 
are very welcome, especially newly developed models by deep learn-
ing practitioners and evaluation workflows by ecologists. We refer to 
the GitHub repository for more detailed descriptions.5 We hope that 
this introduction and description will invite researchers to collaborate 
and design systems accessible to all audiences.
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bacpipe version corresponding to this manuscript is v1.3.5 and is 
available at [https://​doi.​org/​10.​5281/​zenodo.​22142045] (Kather 
et al., 2026).
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APPENDIX A

TABLE  A1 Selection of API functions of bacpipe. All pipelines can be used with the supported models or models that are passed during 
runtime. Extensive documentation available on GitHub (https://​github.​com/​bioac​oustic-​ai/​bacpipe), and readthedocs (https://​bacpi​pe.​readt​
hedocs.​io).

Name Brief description

config Most common configurations (paths, model names)

settings Optional advanced settings (device, thresholds, etc.)

supported_models List all supported models

Integrated pipelines

play Runs the entire bacpipe pipeline, for all specified models and evaluation 
tasks and launches interactive dashboard

benchmark Calculates precision, recall and f1 score for a classifier based on provided 
ground truth annotations

probing_pipeline Build, train and evaluate classifier on top of embeddings

Embedder Class to handle model loading and processing

Embedder.get_embeddings_from_model Returns a single embedding array from an audio file

generate_embeddings Generates embeddings and classifier predictions for all audio files in the 
specified directory

run_pipeline_for_models Generates embeddings, classifier predictions and dimension reduced 
embeddings from all specified models

ensure_models_exist Checks if the model files exist, if not downloads them

Functions for data handling

Loader Important class to handle all loading and saving

get_audio_files List all audio files in a directory with supported formats

Loader.embeddings Returns a Numpy array (or dictionary) of all embeddings

Loader.predictions Returns a Numpy array (or dictionary or dataframe) of all classifier 
predictions

AudioHandler Handles audio loading and preparing for models

AudioHandler.only_load_annotated_segments Load, resample and window only annotated segments

get_dt_filename Return array of datetimes corresponding to the time and date in each 
audio file name

ground_truth_by_model Returns dataframe with multi-label ground truth associated with the 
model specific input time length

metadata_labels Returns dataframe with automatically generated labels
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