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ABSTRACT
Animal vocalization is an area of research with great 
potential. As a noninvasive method to study animals, 
bioacoustics can teach us a lot about vocalizing ani-
mals, in the different aspects of their life. The big-
gest issue of bioacoustics is handling large datasets 
of audio recordings (long as well as heavy). With the 
extensive growth of artificial intelligence (AI) in other 
fields, like image processing and speech recognition, 
with slight adjustments, we are now able to apply it in 
bioacoustics and successfully tackle some of its main 
issues. In this review paper, I am offering a short over-
view of AI development, the types of it in use today, and 
the general concept of its use, mostly concentrating on 
how it is applied in the area of bioacoustics. I will dis-
cuss the challenges and limitations of this approach 
and further offer several examples of studies that tried 
to tackle these particular issues. Finally, the review will 
be concluded with a discussion on ethical issues and 
challenges that follow the use of AI in the early stages 
of its development.
Keywords: Bioacoustics, Animal vocalization, Artificial 
intelligence, Machine learning, Deep learning

Methodology
The studies selected for this review were chosen based 
on standard literature screening criteria.1 The research 
questions and objectives were derived from the title, 
subtitle, and keywords of the studies. Publications were 
included based on their authenticity, relevance, and 
contribution to the field. Additional criteria for inclu-
sion involved considering key works from the earliest 
research in the topic area up to the most recent trends, 
as well as ensuring that the latest data was reviewed to 
create a comprehensive and up-to-date review. The se-
lection of specific taxa and species for inclusion in the 
review was guided by the level of research attention 
given to them. Various databases such as ResearchGate, 
Google Scholar, ScienceDirect, and PubMed were uti-
lized to gather relevant studies for this review.

Certain sections of this paper were drafted and 
proofread with the help of AI.

Introduction
The breakthrough of artificial intelligence (AI) in ev-
eryday human applications has sparked an interest 
in exploring new ways to apply this technology. Con-
sequently, an interest in applying AI in conservation 
followed, particularly in subdisciplines such as animal 
communication.

Animals can send signals and communicate in var-
ious ways: visually, acoustically, tactilely, chemically, 

exchanging electrical signals. More often than not, ani-
mals tend to combine different signal types, and some-
times even beyond human perceptual capabilities (e.g., 
ultrasounds).2 To decode and better understand their 
behavior, good practice includes taking the entire con-
text of the signal—including all the other signals the 
one of interest was expressed with—into account when 
trying to annotate it with potential meaning.3 There are 
several big challenges following research at this stage: 
gathering enough data, being able to distinguish sep-
arate signals from a noisy recording (so-called cock-
tail party problem, chorus or vocalizing animals, or 
extracting a voice from the background noise),4 being 
able to connect them back together when looking into 
the context, having each of them in focus (one at a 
time), and finally, making sure the least bias possible 
was implemented throughout the entire process.5,6

Not being able to “see the forest for the trees”, a pru-
dent approach was to take a step back and initially try 
to resolve each of the signal types separately, and only 
afterward putting them into context, and maybe one 
day, being able to understand their meaning.

Out of all the signal types we can expect animals 
to express, and considering their adaptations to the 
environment they live in, maybe the most universal 
one is the acoustic signal, across the animal kingdom, 
including us humans. Although some decades ago it 
was not considered of such importance—as our tools, 
knowledge, and the prevailing trends in scientific com-
munity were not favorable of this idea—now we know 
animals spend considerable time vocalizing, in various 
forms. A vivid example of how far humans have come 
in a short period in understanding the world around 
them is an example of humpback whales. These ma-
jestic, now we know, very vocal animals were once 
considered mute, for one specific reason: lack of vocal 
cords. As our knowledge, back in the day, was vastly 
anthropocentric (at least, more than today), whales’ 
lack of anatomical structures our species use to 
vocalize—vocal cords—inevitably led to the conclusion 
their species does not produce sounds. Although it 
took several decades to truly understand and describe 
how whales produce vocal cues,7 now we understand 
there is more than one way an animal can produce 
sounds and vocally communicate.

The research discipline looking into animal commu-
nication—bioacoustics—is rapidly growing in parallel 
with the technical development we are witnessing. 
Smaller, but more durable and with higher capacities, 
equipment used to record and store sounds are open-
ing new doors for the scientists in this field. These 
technical advances dealt well with the challenges of 
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mounting recorders to animals (e.g., collars), being in 
their proximity (e.g., robotic bees), long-lasting batter-
ies for autonomous recorders, or in-field storage ca-
pacity issues. Crossing these obstacles, new ones were 
already seen on the horizon: enormous data sets, stor-
age of heavy acoustic recordings, and lack of trained 
workforce for labeling and validating.

One common process was able to tackle all the is-
sues named above: digitization. In the present mo-
ment, the research field of bioacoustics has grown into 
an updated version of itself: digital/computational 
bioacoustics. More than just working with digital in-
stead of analog audio signals, what makes it digital 
is its increasing reliance each day on automated pro-
cesses, such as AI, machine learning (ML), and deep 
learning (DL) tools to process vocal recordings and try 
to understand them better.

What Is AI?
AI is considered a phenomenon when a machine or a 
computer simulates behavior or decision-making that 
of humans. This was the initial idea of the concept, 
which has its origins back in the 1940s.8 Today, there 
are plenty of publications talking about the develop-
ment of this area of research (e.g.,8–10). At present, 
thanks to the vast data libraries, this approach had 
a steep leap, overflowing to its branch of ML, which 
in turn further developed its core concept of DL and 
neural networks (constructed of neural nodes). These 
gave birth to models that are of great use today, such 
as image processing or natural language processing of 
AI (Figure 1).

What Is ML?
Bermant et al.11 in their paper from 2019 dealt well 
with explaining the general issue of ML: “(ML) en-
tails the design and develops self-learning algorithms 
that allow computers to evolve behaviors based on 
empirical data, such as from sensors and databases.” 
As they further explain, ML problems can be divided 
into three major subcategories: unsupervised learn-
ing, supervised learning, and reinforcement learning. 
Today, we can include a new one, recently developed -  
self-supervised learning (SSL).10

ML subcategories:

a.	 Unsupervised learning, as expected, relies on its 
own capabilities to discover the structure and 

meaning in the dataset, about which the model of-
ten has no prior knowledge.12

b.	 Supervised learning, on the other hand, is given an 
example—training dataset—based on which it will 
learn and further be able to predict the outcomes 
in the brand-new dataset.12 Training datasets are 
comprised of prelabeled data, with known meaning 
or values, based on which the model is “learning” 
ground values and what is expected of it.11

c.	 SSL, a newly developed model, relies on learning 
from the labels in the input dataset it generates 
itself. It is particularly convenient for natural lan-
guage processing and computer vision.13

d.	 Reinforcement learning involves mimicking the hu-
man training process, trial-and-error and experi-
ence-based learning, to train models on their own 
how to make decisions in a given environment. It is 
a way of learning from interaction.14,15

Representation learning acts as a bridge between ML 
and DL. This approach includes a set of methods that 
prepare a computer to process raw data in a way that 
allows it to automatically understand representations 
needed to proceed with the detection or classification 
of data.

Now, the DL method, as a basic paradigm of ML, is 
a complex representation-learning method, composed 
of several levels of representations of nonlinear, but 
simple modules. DL leverages neural networks with 
many layers (hence deep) to process and learn from 
large amounts of data. With each level, the acquired 
information becomes more complex and abstract. In 
such an approach, the machine can comprehend dif-
ferent layers of important information and understand 
complex systems, while disregarding less important 
factors. Consequently, it learns discrimination, classi-
fication, and detection tasks. There are different types 
of neural networks, designed for different tasks10,13,16 
(Figure 2).

Finally, DL is a piece of the puzzle scientists need 
to manipulate the language, in the form of the natural 
language processing discipline (Figure 3). Simply put, 
this approach allows machines to “read” or “under-
stand” human text or speech. With additional tuning, 
bioacousticians are now able to apply these models 
to nonhuman vocal cues and train them to decipher 
whale, elephant, bee, or even plant vocal communica-
tion.17–20

As Stowell5 explains, “Deep learning is flexible and 
can be applied to many different tasks, from classifi-
cation/regression through to signal enhancement and 
even synthesis of new data.” Hence, there is a gener-
al “recipe” for applying DL in most subfields of bio-
acoustics, which was constructed by Stowell5 in the 
same publication, including literature available at 
the time (please consult that source for further de-
tails). The final observation is that computational 
bioacoustics is not a single task, but an umbrella cov-
ering multiple small-scale efforts needed for a com-
plete depiction.21Fig 1 | Relations of AI, ML, and DL
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Potential of SSL Models in Bioacoustics
Instead of using specifically annotated instructions, 
SSL learns similarly to humans—based on experience. 
These models create a surrogate training set by defining 
it themselves. The model is fed with a large, unlabeled 
dataset, from which SSL picks up signals it can repeat-
edly recognize and sources metadata from them.22 In 
this sense, when applied to bioacoustics, SSL can be 
used to extract specific vocalizations, pinpoint the call-
er, determine the species, or even distinguish between 
different call types of the same species—such as alarm 
vs. mating calls.23–27

As recently noted by Sarkar and Magimai-Doss,28 
pretrained models used for speech recognition showed 
an extraordinary capacity for application in animal 
bioacoustics. This finding was pivotal regarding data 
availability for model training. Human voice record-
ings, as a data source, are practically limitless, and 
so are the potential for model training. These authors 

further observed that fine-tuning for a specific species, 
rather than humans, does not substantially improve 
results and model performance. Thus, on one hand, 
this is excellent news, as it means we can use speech 
recognition models trained on human voices and ap-
ply them directly to animal bioacoustics. On the other 
hand, it demonstrates the robustness of SSL and the 
comprehensive nature of the information it learns 
from—it recognizes one human from another and ap-
plies the same principles to distinguish one bird from 
another.

Key points of the section:

ML
•	 ML involves designing and developing self-learning 

algorithms that enable computers to evolve behav-
iors based on empirical data (e.g., from sensors and 
databases).

Subcategories of ML Unsupervised Learning
•	 Relies on its own capabilities to discover the struc-

ture and meaning in datasets.
•	 Model often has no prior knowledge of the data.

Supervised Learning
•	 Given a training dataset with prelabeled data.
•	 Learns to predict outcomes in new datasets based 

on the training data.
•	 Models learn ground values and expected outcomes 

from the labeled data.

SSL
•	 Newly developed model.
•	 Learns from labels in the input dataset that it cre-

ates itself.
•	 Useful for natural language processing and comput-

er vision.

Reinforcement Learning
•	 Mimics human training processes (trial-and-error 

and experience-based learning).
•	 Models learn to make decisions in a given environ-

ment through interaction.

Representation Learning
•	 Acts as a bridge between ML and DL.
•	 Includes methods that prepare a computer to pro-

cess raw data.
•	 Enables the automatic understanding of represen-

tations needed for data detection or classification.

DL
•	 Basic paradigm of ML with complex representa-

tion-learning methods.
•	 Composed of multiple levels of nonlinear represen-

tations.
•	 Leverages neural networks with many layers to pro-

cess and learn from large amounts of data.
•	 Each level makes information more complex and 

abstract.

Fig 2 | Different approaches in applying ML and different types of neural networks for 
deep learning, as a branch of supervised learning

Fig 3 | Natural language processing
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•	 Understands complex systems and learns discrimi-
nation, classification, and detection tasks.

•	 Different types of neural networks are designed for 
different tasks.

Natural Language Processing
•	 Aims to enable machines to “read” or “understand” 

human text or speech.
•	 Bioacousticians apply models to decipher nonhu-

man vocal communication (e.g., whale, elephant, 
bee, or plant vocal communication).

Stowell’s Observations
•	 DL is flexible and can be applied to various tasks 

(classification, regression, signal enhancement, 
data synthesis).

•	 Computational bioacoustics encompasses multiple 
small-scale efforts needed for a complete depiction 
of vocal communication.

Challenges and Limitations
Although still in its development, general challeng-
es applying AI to process vocal cues of animals are 
already visible, and some were anticipated. Most of 
them are of a technical nature, but as important are the 
ones dealing with data processing and interpretation, 
which is the main concern of this review.

Following the natural form of scientific research, 
deploying recording devices can, on its own, be chal-
lenging. Whether it is an autonomous recorder or a 
manual, this process is often very labor-intensive and 
costly. A good example of the influence of this element 
is the development of bird acoustic research, which is 
the most advanced one,29 probably due to the ease of 
data collection.

Next to question is battery life and on-site storage 
capacity, to follow the in-lab storage. This directly in-
fluences the ability of data sharing, as for the largest 
data sets, only the physical sharing of recordings is an 
option, on an external hard disk or such.

The overarching issue is the question of funds. Re-
cording equipment and the following accessories are 
pricey and require specific storage conditions. These 
directly influence certain parts of the world to be less 
explored, due to the economic constraints faced by 
countries governing those areas. More on this topic 
will be explored in the section on Ethics below.

Finally, once the data are in the lab, next to think 
about is the methodology of data processing.

Until roughly 2017, the only option for processing 
audio data was manual analysis. It is time-consuming, 
heavy manual work, that first requires rigorous training 
of individual researchers to become experienced with 
the vocalizations in question and prepared to tackle 
the challenges in data that could appear. Additional-
ly, in some areas of research (e.g., humpback whale 
songs), there are no agreed methods by which sound 
units should be labeled (e.g., frequency range the la-
bel should contain), or even the vocalization structure 

(hierarchical level) the analysis should focus on (unit, 
phrase, theme).30 This further complicates the sharing 
of datasets for generalized AI model training.

For the same animal, variability in repertoire from 
year to year, and between populations is an addition-
al challenge for labeling, but also for model training, 
as it is virtually impossible to grasp all the sounds the 
species uses.31–33 For this particular reason, options as 
unsupervised models for ML are a fantastic opportuni-
ty to tackle issues of large sound repertoires of certain 
species.

Undoubtedly, AI and ML opened great possibilities 
for bioacousticians, firstly reflected in the amount of 
data that could be processed much faster. Important 
to stress is that nowadays, for most of the models in 
use, initial training set data labeling still needs to be 
handled manually, plus, final validation of the model 
performance needs to be checked as well by hand.

Still, it is creating possibilities of vast prospects, 
identifying patterns and structures in vocalizations 
researchers were incapable of perceiving so far. One 
example of pattern recognition done without AI is the 
work of Malige et al. from 2021,34 who visually repre-
sented the structure of the humpback whale song, and 
how it differs between individuals of the same stock. 
Nowadays, the same research could be done by apply-
ing DL in recurrence plots for multivariate nonlinear 
time series forecasting.35

We can now identify general challenges expect-
ed when working with AI methods in bioacoustics, 
based on data, optimization, model, and evaluation 
(DOME).36 In the section to follow, readers can find 
a few bright examples of novel research that tried to 
solve some of the issues, pawing the path toward more 
efficient and accessible AI applications in animal vo-
calization research.

AI processing challenges (DOME, as recommended 
by contemporary literature:2,5,36–40

Data: Dataset quality and quantity → Optimization: 
Model’s ability to generalize → Model: Model complex-
ity → Evaluation: Lack of standardized metrics

AI-Enabled Discoveries
We can track the intense boost of computational bio-
acoustics only in the last 7 or 8 years.5,41 As such a young 
discipline, rather than providing a historical overview, 
I would like to offer several examples of research prom-
ising to open doors of human understanding of natu-
ral communication, wider than earlier expected. These 
studies cover different groups of organisms, but what 
they have in common is their importance in exposing 
holes in our knowledge of understanding the nature of 
vocal communication, whether of sending or receiving 
information. Moreover, these works shed light on a 
long road in front, giving a glimpse of the great poten-
tial of AI applications in bioacoustics. The following 
examples were picked particularly because of the way 
they tackled issues of using AI (DOME) in bioacoustics, 
as drafted earlier.

https://doi.org/10.70389/PJAI.100017
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Data Quality: How to (Conveniently) Train Your 
Model21

One of the greatest challenges in applying AI in bio-
acoustics is, on one hand, the enormous amount of 
good-quality data needed to train the model, or the 
other, extensive manual labor needed to label the train-
ing data set. The following research offered a solution 
to this problem and tested their approach on several 
different animal species.

In particular, Nolasco et al.21 offer a practical solution 
to train a single system on several different datasets. 
In those, different sounds are labeled only on a single 
category: start and end time. The system is trained on 
an audio file using only the first five occurrences of the 
target sound event. This approach is called few-shot 
learning.42,43 Prepared in this way, the detector would 
not only be trained fast but also should be able to work 
on unforeseen data.44 In the analysis, a single detec-
tor was trained and run on 12 datasets, comprised of 
different recordings of similar backgrounds (e.g., West-
ern Mediterranean Wetlands Bird Dataset: 161 record-
ings of 12 endemic bird species), or the same species 
(Meerkats: 2 individuals). Considering the diversity of 
data sets—different species, sound quality, equipment 
used to record, etc.—the authors demonstrated gener-
alized models, and the sound event detection (SED) 
approach, with limited training data, can be effectively 
applied in transcribing animal sounds.

Methodology
a.	 Few-Shot Learning Framework: Few-shot learning 

techniques were adapted to bioacoustics purposes. 
Prototypical networks were used to create a proto-
type representation for each class based only on a 
few examples.

b.	 Data Collection: Open datasets of various animal 
species sounds were designed to test the system’s 
ability to perform few-shot SED. The initial input in-
cluded labels of sound events’ start and end times.

c.	 Model Training and Testing: The model was trained 
on a small number of examples (as few as five few-
shot learning techniques). Testing its performance 
included its ability to detect the same sound events 
on long-duration audio recordings.

e.	 Evaluation: Evaluation of the model performance was 
checked through the public contest. Through it, it was 
demonstrated that prototypical networks, when en-
hanced with adaptations for the general characteris-
tics of animal sounds, performed strongly.

The study shows that few-shot learning can be effec-
tively applied to detect animal sounds with minimal 
training data. This is important, as a solution to the 
lack of robust, high-quality datasets, showing even a 
few good-quality recordings can serve as a solid train-
ing dataset.

Data Quantity: Community-Science-Based Method 
of Monitoring Populations45

Authors offered wingbeats specificities to detect differ-
ent species of mosquitos (as one of the most prominent 

insect disease vector groups).46 Moreover, they tested 
smartphones as sampling devices, as a practical and 
inexpensive, community-oriented approach to record 
sampling.

Methodology
a.	 Data sampling: Recordings were made with two 

brands of smartphones. In this way, the nonscien-
tific community was included in data sampling, 
which is fundamental for good ML training, be-
cause of a need for an extensive dataset.

b.	 DL models: Open-source, end-to-end ML platform 
was a base for a 48-layer convolutional neural net-
work (CNN), with a transfer-learning technique, 
previously trained on unrelated datasets. The mod-
el was also given metadata, as mosquito species.

c.	 Evaluation: The model performed well for the spe-
cies contained in the training dataset. However, it 
was not able to detect the new, unknown species.

In conclusion, this research sheds light on commu-
nity-based data sampling, and further processing on 
an open-source platform. The setbacks in distinguish-
ing new species (for a particular area) can be overcome 
by building diverse datasets, with recordings of various 
species around the world, in an open-access database. 
Altogether, community-based data sampling and col-
laborations can help with sanitary issues such as dis-
ease spreading by invasive species, by early detection 
of their presence in the local ecosystems.

Optimization: Fine-Tuning of Frequency Modulated 
Vocalizations Detection—Humpback Whale Study32

Humpback whales are a species well known for their 
complex, aberrant, and highly variable acoustic vocal-
izations. For this reason, even detecting their sounds 
in the cacophony of the oceans was a great challenge 
for machines. This phenomenon was confirmed when 
Allen et al.47 in collaboration with Google engineers de-
veloped a detector for this species, that worked rather 
well and was trained on the dataset collected by Allen 
et al.47 in the Pacific.48 Once this trained model was ap-
plied to the dataset of the population occurring in the 
Atlantic Ocean, its accuracy drastically dropped. Thus, 
although the same species, variability in the repertoire 
of sounds in use between populations is more than a 
trained detection model could handle. This year, Kath-
er et al.32 published a version of a tuned detector that 
works well on both populations, hoping to apply it to 
the rest of the world’s populations, with only slight ad-
justments. To make it easy to adjust and user-friendly, 
the authors developed a framework in Python named 
AcoDet (acoustic detector), which is publicly available 
online.

Methodology
a.	 Model Selection and Fine-Tuning: The researchers 

used a CNN, a type of DL model particularly effec-
tive for analyzing audio data. As a main novelty in 
this research, authors fine-tuned the already ex-
isting CNN model, previously used in a study for 

https://doi.org/10.70389/PJAI.100017
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North Pacific humpback whales, for the repertoire 
of North Atlantic humpbacks.32

b.	 Framework Development: A framework named 
AcoDet (acoustic detector) was developed. As 
an open-access tool, this framework is made us-
er-friendly, facilitating additional retraining of the 
model on new datasets.

c.	 Evaluation: The model proved reliable in detecting 
humpback whale vocalization while maintaining 
low false positive rates.

In conclusion, this approach gives a good-practice 
approach to handling the issue of enormous data vari-
ability in some species. Instead of developing models 
de novo, it is much more practical to develop adjusting 
methods, for fine-tuning and updating already trained 
models, using CNNs.

Model Complexity: Wildlife Monitoring, by Acoustic 
Cues Set in a Context3

Jeantet et al. in this work offered a parallel solution 
for the initial challenge of how to approach an acous-
tic recording and did so by treating it as an image. In 
detail, instead of working on audio files, the model 
was trained based on spectrograms, that is, visual 
representations—frequency per time—of sounds on 
those audio files. The primary novelty of their work 
incorporates some contextual information—metadata, 
like location or time—into the model, improving its 
performance. They tested their model on two different 
groups of animals: birds and monkeys. For birds, con-
text information included the geographic location of 
specific species distributions, while monkeys (Hainan 
gibbon) were specifically chosen as a study model be-
cause of their vocal activity connected solely to morn-
ings. As such, convenient metadata used was the time 
of vocalizations.

Methodology
a.	 Contextual Data: As an additional layer of acoustic 

classification model training, this work included 
context information—metadata: time of day, weath-
er conditions, and habitat type. These pieces of in-
formation were added as an additional help for the 
model in distinguishing between similar sounds.

b.	 DL Models: As a complex ML model that was used 
in this research, it incorporated CNNs and recurrent 
neural networks, to process both the acoustic sig-
nals and metadata.

c.	 Data Collection: The dataset included two groups 
of animals, picked for their metadata specificities, 
that could be collected together with the acoustic 
recordings of the animal vocalization.

d.	 Evaluation: Evaluation was assessed by standard 
metrics such as accuracy, precision, and recall. The 
performance of the enriched dataset was compared 
to the baseline models, which did not use an extra 
layer of contextual information.

The addition of contextual information strongly im-
proved the performance of the acoustic classifiers. This 

approach helps in reducing false positives and nega-
tives, leading to a more reliable output. These results 
underline the strong potential of complex models, 
enriched with additional contextual information—all 
sorts of metadata—to improve performance and help 
the model in its precision.

Evaluation: African Elephants and Name-Like Calls49

By now, we knew that next to humans, few other spe-
cies, such as dolphins, for example, exhibit sounds 
resembling a name-like quality.50 Pardo et al. conduct-
ed a playback experiment to confirm that African ele-
phants are also a part of this group of animals. Namely, 
after recording the social rumbles (specific call types 
picked because of their acoustic properties, probable 
to carry complex information), scientists marked sev-
eral acoustic characteristics of these calls and fed it to 
an ML model, which was further able to assign each 
call to a specific elephant. These predictions were fi-
nally confirmed by an on-field playback experiment.

Methodology
a.	 Data: Researchers measured acoustic properties—

like frequency, amplitude, and duration—of social 
rumbles of different individuals. Further, these val-
ues were manually decoded into numerical values 
for the ease of data processing for the machine.

b.	 Training: The model was explicitly trained to find 
patterns in the expressed social rumbles, and make 
predictions of the intended receiver of the call.

c.	 Model: Mel Frequency Cepstral Coefficients mod-
els were used, which is a common methodology in 
voice recognition.41 It is on a logarithmic scale, and, 
although developed for human sound reception, it 
can be applied for any other mammal species).51

d.	 Validation: The accuracy of the model’s prediction 
of the intended receiver of each rumble call was 
checked in-field, and the results were quantified by 
measuring the response rate and intensity of each 
intended receiver. Results confirm the model’s ac-
curacy, as elephants responded more quickly and 
vocally to calls addressed to them.

In conclusion, this research potentially brought a 
Rosetta stone for elephant communication, giving just 
a glimpse into the potential of ML and what it can teach 
us about other communication systems around us.

Recommendations for the Future and the Ethics Issue
Next to numerous ethical issues in using AI general-
ly, as well as in science, which are well documented 
in recent publications,38, 52–55 here I would like to focus 
on discussing the issues that are solely connected and 
applicable to bioacoustics.

One of the definitions of intelligence is an organ-
ism’s ability to adapt to novel circumstances.56 If we 
look at AI from this perspective, at this point in time, 
AI is far from it. What ML was trained well for is solv-
ing specific problems.38,57 Similar to mimicking organic 
intelligence, the development of the artificial version 
should follow the same recipe—it should hold the tools 
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and means that are generalized enough to solve prob-
lems that were not met before, learning from these and 
other previous experiences. One good example of this 
issue was elaborated in the previous section, a work 
of Kather et al. from 2023,32 where they fine-tuned an 
earlier model, to be applicable to different populations 
of the same species, making the detection model more 
generalized.

As descriptively explained by Mitchell,58 and further 
reminded of by Bossert et al.,38 “.the mind cannot be 
separated from its body. Intelligence cannot be repro-
duced by disembodied computers. This is why more 
and more AI researchers argue in favor of the embod-
iment hypothesis, stressing that machine intelligence 
needs some kind of body that interacts with the world 
and makes experiences,” the issue of accessing solely 
thinking processes without paying attention to the ex-
periences that developed the processes or the momen-
tary situation in which the certain thinking process 
happening is unlikely to give full information to the 
observer. In other words, focusing only on intelligence 
as a separate entity of the organism it belongs to, or 
in our case, sounds that are created as a product, will 
not teach us much about the animals we would like to 
observe. How this works well in nature—to the context 
of the caller and the receiver—was pivotal information 
for discovering elephant “signature” calls, for exam-
ple.19,49

If we choose to ignore the context, on the other 
hand, a dilemma arises—can AI in this form of “dis-
embodied intelligence” be trustworthy in making con-
clusions, and in parallel, to what level of information 
gathered solely on a single existing approach—thus, 
context-free—should be taken into account? This 
approach of cherry-picking data—gathering only the 
specific, focused data type—leans toward the emotion-
ally detached treatment of animals, which is a burning 
question of the use of AI in biology, as it reduces hu-
mans to animals, potentially leading to the complete 
dehumanization of the human-animal connection in 
research.

However, despite the concerns animals are too often 
considered automata and machine-like,38 which is in-
dubitably the case, what needs to be acknowledged is 
that the AI approach operates on identifying patterns 
and systems lying behind all of life. A great example 
was deciphering human languages, without directly re-
ferring to particular vocabularies (an approach named 
word embedding, which treats words as vectors in a 
coordinate system).59 Before this AI discovery, linguists 
had not had the slightest idea this general pattern of all 
human languages exists, no matter how distant they 
are, in a linguistic sense. Although this was a paradigm 
from the beginning of the development of AI, the dis-
covery in question was a mind-setting point toward the 
idea of ever-existing patterns behind all life. Consid-
ering how repeatable life needs to be (in its different 
aspects: anatomy, physiology, genesis, behavior, etc.), 
it seems practical to have blueprints that are reproduc-
ible with a certain level of discretion. A recent exciting 
discovery with this mindset brought us information 

that humpback whale songs show language-like statis-
tical structure.60

Who Owns Collected Data, and How Should It Be 
Used Responsibly?
This is a question worth exploring,61 as beyond au-
thorship rights of the institution standing behind 
data collecting, the general idea, as in human soci-
eties of metadata ownership, is who has the right to 
collect these data, and how to limit their misuse by 
mal-intended parties. This further raises the question 
of, specifically, misuse of data or, more accurately, the 
findings. These findings could be used for poaching, 
disturbing animals, or, slightly less harmful, as incorrect 
and misleading conclusions of their behavior and biolo-
gy. As a domino effect, this can further lead to misguid-
ed conservation efforts and interventions29 (e.g., some 
notable historical examples of misleading conclusions 
leading to disastrous conservation efforts are connect-
ed to the intentional introduction of nonnative species 
as a means of “pest” control).62 A similar effect can be 
caused even when the intervention is not so direct and 
concrete. An important example would be tampering 
with the culture of humpback whales—in particular, 
humpback males are known to learn the songs of con-
specifics from the same stock and are also highly re-
ceptive to novel songs. They pick up new songs of other 
stocks on feeding grounds30,31,63 and bring them back to 
their breeding ground—this is how the song revolutions 
are passed down in this species. The scenario where hu-
mans would try to interact with humpback whales by 
playing an AI-created artificial song could influence the 
local whale culture in unforeseen ways, interfere with 
natural processes, and have long-term consequences 
potentially on the entire species.64

The final remark regarding discussing ethical issues 
in using AI in bioacoustics is a subject that spreads 
across different means of scientific necessities: equity 
and access. The same as for open-access publishing, 
scientific dissemination, and access to equipment and 
tools applies to bioacoustics in developing areas of the 
world. In the case of bioacoustics, the issue goes in 
both directions—these communities should be able to 
record their nature but also have access to the records 
made in their territories. A common kind of collabora-
tion situation, geographically, is the polarity between 
north and south, in terms of economic development, 
and inversely, richness in biodiversity, privileged in-
stitutions collaborate with the underprivileged in the 
quest for data gathering. The latter is in need of collab-
orator because of a lack of funds for the equipment and 
data dissemination (e.g., fees for open-access journals, 
attending conferences, etc.), and the former are sim-
ply in a position to choose, with no constraints, their 
sphere of interest for the research. Needless to say is 
equality in decision-making and discussion positions 
in these types of collaborations, which are often unfair-
ly polarized. Moreover, this overflows to the situation 
where instead of being peers in a position to comple-
ment and review each other’s work and methods, hav-
ing one powerful institution exerting its influence of 
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different kinds globally, makes a dangerous, monopo-
ly-like situation in certain fields of research, bioacous-
tics included.

Scaling AI Applications in Resource-Limited Settings
In addition to well-known strategies mentioned above, 
such as centralized data banks for unlimited data shar-
ing and collaborations between countries and institu-
tions, as well as citizen-science data gathering, there 
are several practical guidelines that can be implement-
ed when resources are limited, specifically helpful in 
the context of bioacoustics. The top solution would be 
to use pretrained models, which can be instantly put 
to use. These models are readily available and do not 
require extensive training, offering a quick and effi-
cient way to analyze bioacoustic data, particularly in 
resource-constrained environments.

Moreover, open-source frameworks like acoupi65 
play a pivotal role. Acoupi integrates audio recording, 
AI-based data processing, and data management, 
thereby allowing for real-time data analysis in the 
field. This framework is accessible on GitHub, pro-
viding researchers with the tools needed to perform 
instant data analysis, saving both time and resources.

Low-cost, small-sized hardware such as 
mini-computers like Raspberry Pi66 also proves to be 
highly beneficial. When equipped with a microphone, 
a Raspberry Pi can record and process data in real-time 
in the field.66,67 These devices can be powered by ex-
ternal sources, such as solar panels, and can even be 
outfitted with wireless messaging capabilities to send 
results to a centralized base.65,68 These features make 
Raspberry Pi an ideal solution for bioacoustic research 
in remote locations.

The impact of these low-budget, user-friendly AI 
solutions is particularly significant in developing coun-
tries. These solutions democratize access to advanced 
research tools and methodologies, reducing the re-
quired resources (both financial and human) and low-
ering the level of expertise needed to process data and 
access the information within it. As a result, they can 
be utilized as a monitoring system, providing real-time 
information and facilitating quick decision-making. 
Such advancements have the potential to greatly influ-
ence the entire field of bioacoustics, empowering re-
searchers with innovative and cost-effective solutions.

Challenges of Legislations
The first challenge is defining “AI.” Different stake-
holders depict its usage and capabilities differently,69 
raising questions about the authority and scope of any 
legislation. Additionally, there’s a lack of uniformity in 
AI regulations worldwide, which affects international 
cooperation and the synchronization of regulations 
and development (for example, while the European 
Union enacted an AI act in 2024,70 in the USA, to date, 
there are no comprehensive federal legislation or regu-
lations in the USA that regulate the development of AI 
or specifically prohibit or restrict their use—no overar-
ching AI act).71 Lastly, legislative bodies responsible 
for creating these laws, along with their scope and 

operational intensity, need to be established at nation-
al levels and globally.69,71 While debates have begun, 
they often struggle to keep pace with the rapid devel-
opment and implementation of AI.

Conclusion
We are witnessing a technological revolution, and a 
big part of it is the development of AI. A big leap hap-
pened recently, and since then, the development has 
been in steady growth. However, we need to acknowl-
edge this process in its beginnings, still relying heavily 
on human manual input. The same goes for bioacous-
tics, and, although it will not be able to fully automate 
the entire research process, what bioacousticians are 
focused on is the amount of data the machines can 
process incomparably quicker. That is a big burden 
taken off our backs. One big chunk of work remains—
data labeling, but we can see how AI engineers are 
going forward with this approach in the shape of 
self-supervised models, for example.13

This area evolves at a breakneck pace, and in some 
concepts, we are not able to keep up. This applies 
mostly to legislation on the use of AI, and further, to 
data collected in this way. This is a very important is-
sue, and I believe the use should be cautious and re-
stricted, until the general code of conduct is assembled 
and applied. With the development of the technology, 
the recommendations of use should be constantly dis-
cussed and periodically revised, as technology chang-
es and our use of it.

Finally, the most exciting part is bridging the gap be-
tween the scientific and civil communities, where each 
can contribute to the development of this method, 
which has the potential to influence life on this planet, 
on a scale parallel to the invention of electricity.72
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