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A quatic ecosy stems are constantly changing due to anthropic stressors, which can lead to biodiversity loss. Ocean sound is considered an 
essential ocean variable, with the potential to impro v e our understanding of its impact on marine life. Fish produce a variety of sounds and their 
c horuses of ten dominate underw ater soundscapes. T hese sounds ha v e been used to assess communication, beha viour, spa wning location, 
and biodiversity. Artificial intelligence can provide a robust solution to detect and classify fish sounds. However, the main challenge in applying 
artificial intelligence to recognize fish sounds is the lack of validated sound data for individual species. This review provides an overview of recent 
publications on the use of machine learning, including deep learning, for fish sound detection, classification, and identification. K e y challenges 
and limitations are discussed, and some points to guide future studies are also provided. 
Keywords: artificial intelligence, bioacoustics, fish calls, passive acoustic monitoring, sound classification. 
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Introduction 

Aquatic ecosystems have been under constant changes due to 

anthropic stressors, such as overfishing, habitat degradation,
and climate change, including ocean acidification (Halpern 

et al ., 2008 ). Noise pollution is also a threat to marine ecosys- 
tems and has increased significantly in recent years (Duarte 
et al ., 2021 ). These changes can lead to biodiversity loss and 

affect critical processes of their resilience and functioning 
(Oliver et al ., 2015 ). Fish biodiversity is of particular concern,
as they are key components with critical ecological functions 
and help to regulate the trophic structure, which contributes 
to system resilience (Holmlund and Hammer, 1999 ). 

Different destructive methods are employed to determine 
fish composition and abundance, including many fishing gears 
and ichthyocides (e.g. rotenone, quinaldine, and clove oil) 
(Munday and Wilson, 1997 ; Robertson and Smith-Vanis,
2010 ). However, non-destructive methods, including under- 
water visual census (UVC), remote videos (baited remote un- 
derwater videos—BRUVs), and diver-operated stereo-video 

systems (DOVs), are more widely used as fish monitoring tools 
(Murphy and Jenkins, 2010 ; Osgood et al ., 2019 ; Hellmrich 

et al ., 2023 ). While all of these methods present limitations 
for different specific targets and many robust comparisons are 
available (Willis, 2001 ; Ackerman and Bellwood, 2002 ; Har- 
vey et al ., 2004 ; Watson et al ., 2005 ; Galaiduk et al ., 2017 ; 
French et al ., 2021 ; Rolim et al ., 2022 ), successful long-term 

monitoring programmes use them as complementary methods 
(Mallet et al ., 2014 ; Cheal et al ., 2021 ). Environmental DNA 

(eDNA) appears as a prospective non-destructive, easily repli- 
cable monitoring tool for marine biodiversity (Lamy et al .,
2021 ; Juhel et al., 2022 ); however, it is still limited by many 
constraints, such as the influence of environmental conditions 
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reuse, distribution, and reproduction in any medium, provided the original work 
n its concentration in water samples (Lacoursière-Roussel 
t al ., 2016 ). 

Passive acoustic approaches, on the other hand, have the 
dvantage of being remote, low-cost, and providing wider spa- 
iotemporal coverage (Gannon, 2008 ). While human-made 
oise in the ocean is a major stressor, the use of sound through
assive techniques can be a tool to assess and monitor bio-
iversity for conservation purposes. Since sound travels effi- 
iently underwater, and because over a thousand fish species 
se sound to communicate (Looby et al ., 2022a ; Rice et al.,
022 ), passive acoustic monitoring (PAM) is a feasible alter-
ative to traditional methods for assessing fish communities.
t is worth mentioning that ocean sound is recognized as an
ssential ocean variable (EOV), with the potential to improve 
he understanding of soundscapes, its impacts on marine or- 
anisms, and its use in assessing biodiversity and ecosystem 

ealth (Miksis-Olds et al ., 2018 ). 
Fish communication sounds can provide information on 

heir behaviour, distribution, reproduction, and spawning (Lo- 
el, 2002 ; Mann, 2012 ; Ladich, 2019 ). Furthermore, these
ounds can be used as proxies to infer taxonomic diversity and
elative abundance (Desiderà et al ., 2019 ). Nonetheless, man- 
al analysis of acoustic data to identify fish sounds is a chal-
enging and time-consuming task due to the large amount of
ata collected in a complex and dynamic environment. More- 
ver, acoustic signals produced by fish vary in temporal and
pectral characteristics (Amorim, 2006 ), and these signals are 
mbedded in ambient noise (Hildebrand, 2009 ). Thus, there 
s a need for reliable automatic detection, identification, and 

lassification of fish sounds. Recent advances in artificial in- 
elligence (AI) provide fast and robust techniques for these 
asks with promising results (Bianco et al ., 2019 ). Once some
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hallenges have been overcome, AI applied to PAM data may
epresent the future of fish monitoring, complementing more
sual techniques. 
Due to the increasing attention that passive acoustics has

eceived, some literature reviews on this topic have emerged
n the last few years (Mellinger et al ., 2007 ; Van Parijs et al .,
009 ; Lindseth and Lobel, 2018 ; Mooney et al ., 2020 ). How-
ver, none of them focused on the use of artificial intelligence
or fish sound identification and characterization. Motivated
y the significant amount of recent work using AI to detect,
lassify, and identify fish sounds, here we review the machine
earning and deep learning techniques for the assessment of
ounds produced by fish. This review does not focus on all
pplications of PAM, but on how machine learning, including
eep learning, can aid the characterization of fish sounds and
heir use to provide estimates of fish acoustic diversity. 

ish sounds 

ish are an important component of aquatic biophony, as they
roduce a wide variety of sounds. Nearly all fish species can
etect sounds, and > 900 species from 133 families are known
o produce communication sounds (Looby et al ., 2022a ), out
f ∼35000 documented fish species (Froese and Pauly, 2022 ).
Sound production involves different structures that con-

ribute to fish biophony in different ways. The most com-
on mechanism is the vibration of the swim bladder by the

ontraction of sonic muscles, which produces low-frequency
nd often harmonic sounds (Ladich, 2014 ). Another common
echanism is known as stridulation, in which bony parts such

s teeth, spine, and fin rays rub against others (Tavolga, 1971 ).
his mechanism produces broadband pulsed sounds with fre-
uencies on the order of a few thousand hertz (Hz) (Ladich,
014 ). Recently, Rice et al . (2022) have mapped sound pro-
uction in the Actinopterygii clade and, based on morpholog-
cal characteristics, found 60 families with muscles attached to
he swim bladder, 39 families that use the movement of bony
lates to produce sound (stridulation mechanism), and 18 of
hese families with both mechanisms. 

The diversity of sound production mechanisms, which is
he greatest among vertebrates (Ladich, 2014 ), contributes to
he production of different sound types, with significant vari-
tion between species (Gannon, 2008 ). These sound types are
ommonly named after their temporal and spectral charac-
eristics, such as “pulse series”, “fast pulse train”, and “long
onal call”, among others (Desiderà et al ., 2019 ). According
o Amorim (2006) , variations in the temporal characteristics
f fish sounds are the most common, with a diversity of tonal
ound patterns and pulses. Thus, different sound types are, not
nly important to detect different behaviours, but are also fun-
amental acoustic features for detection, identification, and
lassification algorithms. Besides, fish sounds are often repet-
tive and distinct, which makes species identification feasible
Wall et al ., 2013 ; Putland et al ., 2018 ). 

lassical approaches 

lassical approaches consist of analysing audio files gener-
ted by in situ recordings to detect fish calls. PAM in the
arine environment employs different platforms equipped
ith hydrophones, such as mobile platforms or fixed au-

onomous recorders (Merchant et al ., 2015 ). The basic tech-
ique consists of extracting acoustic metrics by inspecting
pectrograms (Mann et al ., 2008 ; Lin et al ., 2018 ), which
re computed using Fourier transforms to determine the pres-
nce of target species and to identify biological sounds at
 specific level. Acoustic metrics of fish communication sig-
als can include frequency, fundamental frequency, peak fre-
uency, sound pressure level (SPL), and duration, among oth-
rs (Fine and Lenhardt, 1983 ; Tellechea et al ., 2010 ; Di Io-
io et al ., 2018 ). As fish often produce sequences of pulses
Amorim, 2006 ; Gannon, 2008 ), other acoustic features re-
ated to the temporal structure of signals and rhythm can be
ncluded. Examples of these features are call duration, call
ate, pulse duration, number of pulses, pulse rate (Gannon,
008 ; Ruppé et al ., 2015 ; Di Iorio et al ., 2018 ), repetition rate,
nter-pulse interval (IPI) (Tellechea et al ., 2010 ; Carriço et al .,
020a ), and inter-onset interval (IOI) (Burchardt et al ., 2021 ).
PAM has been widely applied to fish population studies in

 variety of contexts and environments. One example is the
ubstantial work that has been done to locate and monitor
pawning sites and to characterize sounds produced during
pawning periods (Rowell et al ., 2017 ; Jublier et al ., 2020 ;

ilson et al ., 2022 ). However, few studies have focused ex-
lusively on quantifying biodiversity metrics (e.g. abundance,
pecies richness, density, or biomass). This can be explained
y the low correlation between bioacoustic diversity and tax-
nomic diversity in the marine environment (Desiderà et al .,
019 ). In addition, there are limitations in relating sound lev-
ls to measurements of abundance and biomass (Rowell et al .,
017 ). Nevertheless, some studies have used passive acoustics
o estimate relative abundances (Rowell et al ., 2012 ; Schärer
t al ., 2012 ; Desiderà et al ., 2019 ). Some authors suggest that
n order to estimate fish abundance, it is necessary to know
he soniferous species of a given population, the daily and
easonal changes in individual call rates, and the relation-
hips between acoustic parameters and fish abundance (Roun-
ree et al ., 2006 ; Gannon, 2008 ). According to Desiderà et al.
2019) , a careful analysis of the occurrence of different sound
ypes and relative abundance is needed to understand the re-
ationship between acoustic and taxonomic diversity. 

Some studies have found a correlation between biodiver-
ity metrics and acoustic diversity, by applying indices. For
xample, Desiderá et al . (2019) , although employing a short
ecording period, found a strong positive relationship between
axonomic diversity and acoustic diversity by applying indices
f richness, diversity, and similarity (indices that were not
coacoustic). Harris et al . (2016) found that two ecoacoustic
ndices (acoustic complex index—ACI, and acoustic entropy
ndex—H) may be related to biodiversity in temperate reefs.
eck et al . ( 2021 ) found a correlation between abundance and
pecies richness using ecoacoustic indices. Rice et al . (2017)
ested three ecoacoustic indices (H, ACI, and acoustic diversity
ndex—ADI) to compare the diurnal and nocturnal acoustic
abits of fish. Their results showed a correspondence between
CI and the choruses and a negative correlation between H,
DI, and the choruses. However, they claim that indices are a
romising tool for exploring diel or seasonal patterns of fish
ounds. Despite being a promising tool, the use of acoustic
ndices in marine environments is at an early stage and needs
urther studies, as highlighted in recent reviews (Mooney et al.,
020 ; Pieretti and Danovaro, 2020 ; Minello et al ., 2021 ).
t is worth noting that these indices were developed for ter-
estrial environments and then, directly applied to marine
cosystems (Pieretti and Danovaro, 2020 ). One challenge con-
erns their ability to discriminate the contribution of specific
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acoustic events in large datasets (Rice et al ., 2017 ) and to dis- 
tinguish between different biological sounds with similar pat- 
terns (Mancusi et al ., 2022 ). 

Assessment of fish sound diversity is essential for mapping 
the spatial and temporal patterns of soniferous fish (Di Io- 
rio et al ., 2021 ). Understanding and monitoring the daily and 

seasonal variation of biological sounds and their relationship 

with the environment is fundamental for assessing the health 

and status of an ecosystem (Ruppé et al ., 2015 ; Carriço et al .,
2020b ; Pieretti and Danovaro, 2020 ). Long-term recordings 
also provide insights into important ecological information 

about species, such as acoustic social interactions and the ef- 
fects of environmental parameters and anthropophony (Vieira 
et al ., 2015 ). 

Machine learning 

Due to the rapid development of passive acoustic techniques,
recording systems are now capable of storing large amounts 
of data and with higher sampling frequencies, making man- 
ual analysis unfeasible (Mooney et al ., 2020 ; Waddell et al .,
2021 ; Parsons et al ., 2022 ). Therefore, data processing of large 
datasets requires robust computational methods (Bianco et al .,
2019 ; Munger et al ., 2022 ). Artificial intelligence techniques 
are equally developing, and they offer a solution for automat- 
ing tasks such as the detection, classification, and identifica- 
tion of biological acoustic signals. 

Machine learning (ML), including deep learning (DL), is 
rapidly developing with significant results in different fields,
including ecology (Tuia et al ., 2022 ; Pichler and Harting,
2023 ). Applications in acoustics include source localization 

(Niu et al ., 2017 ; Liu et al ., 2020 ), sonar target recogni- 
tion (Kamal et al ., 2013 ), geoacoustic inversion problems 
(Smaragdakis and Taroudakis, 2020 ), environmental sounds 
(Wang et al ., 2006 ; Bountourakis et al ., 2015 ), human speech 

analysis (Riccardi and Hakkani-Tur, 2005 ; Gaikwad et al .,
2010 ), and music classification (Herrera-Boyer et al ., 2003 ; 
Lee et al ., 2009 ). In the field of bioacoustics, these methods 
have been successfully applied in terrestrial environments for 
animal sound classification, such as insects (Silva et al ., 2013 ),
frogs (Huang et al ., 2009 ), birds (Bravo-Sanchez et al ., 2021 ; 
Mehyadin et al ., 2021 ), bats (Parsons and Jones, 2000 ), and 

other mammals (Pandeya and Lee, 2018 ; Clink and Klinck,
2021 ). These techniques have also been used to analyse the 
vocalizations of farm livestock species, with the potential to 

monitor animal welfare (McLoughlin et al ., 2019 ). 
In the marine environment, artificial intelligence has been 

used to detect and classify cetacean sounds (Esfahanian et al .,
2014a , b ; Barkley et al ., 2019 ; Zhang et al ., 2019 ; Shiu et al .,
2020 ; Usman et al ., 2020 ; Frasier, 2021 ; Allen et al ., 2021 ).
Recently, several studies have emerged using machine learn- 
ing and deep learning for fish sound detection and classifica- 
tion (Ruiz-Blaiz et al ., 2012 ; Vieira et al ., 2015 ; Kottege et al.,
2015 ; Noda et al ., 2016 ; Sattar et al ., 2016 ; Demertzis et al .,
2017 ; Harakawa et al ., 2018 ; Ibrahim et al ., 2018a , b ; Lin 

et al ., 2018 ; Malfante et al ., 2018a , b ; Kumar and Jose, 2019 ; 
Monczak et al ., 2019 ; Vieira et al ., 2019 ; Chérubin et al .,
2020 ; Ibrahim et al ., 2020 ; Guyot et al ., 2021 ; Waddell et al .,
2021 ; Laplante et al ., 2022 ; Mancusi et al ., 2022 ; Munger 
et al ., 2022 ; Mahale et al ., 2023 ) ( Table 1 ). 

The fundamentals of ML consist of learning to recognize 
patterns and identify relationships between measured data 
(features), commonly using statistics, and generating an out- 
ut of interest (target). A crucial step in machine learning is to
ivide the dataset into a training set and a test set. In general,
he larger the training dataset with a greater number of sound
xamples, the higher the recognition accuracy of the model 
Vieira et al ., 2015 ). The two main groups of machine learn-
ng methods are unsupervised and supervised learning, with 

he latter category being the most widely used (Bianco et al .,
019 ). 
Supervised learning can solve regression or classification 

roblems. Models are trained using labelled data, where ob- 
ervations are separated into classes of interest to find spe-
ific relations or structures in the input data, and correct out-
uts are generated by the trained data (Malfante et al ., 2018a ;
ianco et al ., 2019 ). Although the labelling step is sometimes
erformed manually by experts, training algorithms with la- 
elled data helps to reduce classification errors and improve 
he performance of the classification model (Malfante et al .,
018a ). Common supervised algorithms include linear regres- 
ion, logistic regression, naive Bayes, support vector machine 
SVM), K-nearest neighbour (KNN), and random forest (RF) 
Caruana and Niculescu-Mizil, 2006 ; Goodfellow et al., 2016 ;
ianco et al ., 2019 ). 
Supervised algorithms have been used to detect and clas- 

ify fish sounds. For instance, Noda et al . (2016) have used
NN, RF, and SVM to identify 102 fish species with an aver-
ge accuracy of 95.24, 93.56, and 95.58%, respectively. Mal-
ante et al . (2018a) used RF and SVM on a dataset of 913 ex-
mples to identify four different fish sound types, achieving a
lassification performance of 96.9%. Harakawa et al . (2018) 
resented a hybrid approach that performs multi-stage clas- 
ification. In this approach, novel logistic regression (NRL) 
erformed adaptive feature weighting and provided comple- 
entary results, focusing on the accuracy of SVM and KNN

lassifiers. 
Unsupervised learning consists of training models using un- 

abelled datasets to cluster or associate data samples based 

n their similarities and without supervision. The main goal 
f this approach is to learn the natural structure of a
ataset. Unsupervised algorithms have been used to reduce 
he dataset dimensionality while keeping its structure (Roch 

t al ., 2021 ). Common unsupervised algorithms are Gaussian
ixture Models (GMMs), Hidden Markov Models (HMMs),
 -means, hierarchical clustering analysis, and principal com- 
onent analysis (PCA) (Bianco et al ., 2019 ; Roch et al ., 2021 ).
Clustering approaches have been applied to identify differ- 

nt biological sources without labels (Lin et al ., 2017 ). These
lgorithms are also employed in long-term recordings to in- 
estigate the variability in the soundscape, by identifying tem- 
oral and spectral patterns in the dataset. However, their per-
ormance can be affected by overlapping sounds or due to the
ow signal-to-noise ratio (SNR) recordings (Lin et al ., 2018 ;
in and Tsao, 2020 ). Ozanich et al . (2021) compared GMMs,
onventional clustering, and deep embedded clustering for the 
ask of discriminating fish calls from whale songs. In their
pproach, deep embedded clustering was able to distinguish 

imulated fish calls and whale songs, even when these signals
verlapped. This method combines deep learning and cluster- 
ng, and its performance is superior to conventional clustering 
Huang et al ., 2023 ). Mahale et al . (2023) used an unsuper-
ised approach employing PCA (for dimensionality reduction) 
nd K -means (to detect patterns in the dataset). The overall
lassification performance of four fish sounds was 89.84%.

alfante et al. (2018a) suggest that unsupervised learning is



4 V. R. Barroso et al. 

Table 1. Publications using machine learning and deep learning techniques for fish sound detection, classification, and identification. 

Task Fish Sound types Technique Features References 

Detection Cynoscion 
squamipinnis , 

Sciaenidae 

Stridulation trains Unsupervised 
algorithms 

Drumming 
frequency, STPL, 

LTPL, and Timbral 
features a 

Ruiz et al . ( 2012 ) 

Detection and 
Identification 

Halobatrachus 
didactylus , 

Batrachoididae 

Boatwhistles, croaks, 
double croaks, and grunts 

HHM b Vieira et al . ( 2015 ) 

Detection and 
Classification 

Tilapia mariae , 
Cichlidae 

Clicks DA, LR STFs and TTFs Kottege et al . ( 2015 ) 

Identification Porichthys notatus , 
Batrachoididae 

Grunts and growls SVM MFCCs and LPCCs Sattar et al . ( 2016 ) 

Identification Unknown fish c KNN, RF, SVM MFCCs, LFCCs, SE, 
and SL 

Noda et al . ( 2016 ) 

Identification Unknown fish c SCNNs Features from 

spectral domain 
Demertzis et al . 

( 2017 ) 

Detection and 
Classification 

Four grouper species, 
Epinephelidae d 

Tonal calls, and pulse trains KNN, SVM, Sparse 
classification 

MRAF and MFCCs Ibrahim et al . 
( 2018a ) 

Classification Unknown fish e Impulsions, drums, roars, 
and quacks 

RF, SVM 84 features from 

time, frequency, and 
cepstral domais 

Malfante et al . 
( 2018a ) 

Detection and 
Classification 

Unknown fish e Impulsions, drums, roars, 
and quacks 

CNN 84 features from 

time, frequency, and 
cepstral domais 

Malfante et al . 
( 2018b ) 

Classification Four grouper species, 
Epinephelidae d 

Tonal calls and pulse trains CNN, LSTM Ibrahim et al . 
( 2018b ) 

Detection Unknown fish e Pulses PC-NMF, GMM Features from 

spectral domain 
Lin et al . ( 2018 ) 

Detection and 
Classification 

Penahia argentata , 
Nibea mitsukurii , 

Sciaenidae 

Pulses NLR, SVM, KNN f Harakawa et al . 
( 2018 ) 

Detection and 
Classification 

Four Sciaenidae 
species g 

h SPL Monczak et al . 
( 2019 ) 

Classification i Croaks, clicks, and grunts DA, KNN, SVM LWAP and AC Kumar and Jose 
( 2019 ) 

Detection and 
Classification 

Argyrosomus regis , 
Sciaenidae 

Grunts and knocks HMM MFCCs, peak 
frequency, features 
from time domain 

Vieira et al . ( 2019 ) 

Detection Three grouper 
species j 

Tonal calls and pulse trains CNN, LSTM MFCCs Chérubin et al . 
( 2020 ) 

Classification Four grouper species, 
Epinephelidae d 

Tonal calls and pulse trains TL Ibrahim et al . ( 2020 ) 

Detection Species from genus 
Alosa , Clupeidae 

“Bull” sounds k CNN Guyot et al . ( 2021 ) 

Detection and 
classification 

Unknown fish e Beats, buzz, croak, 
downsweep, pulse train, 

and jetski 

NN Features from time 
and frequency 

domains 

Waddell et al . ( 2021 ) 

Identification Pomacentridae Pulse trains and chirps CNN, TL l Munger et al . ( 2022 ) 

Detection Unknown fish c DL Mancusi et al . ( 2022 ) 

Detection and 
classification 

Sciaena umbra DL Laplante et al. ( 2022 ) 

Classification Ter apon ther aps, 
Sciaenidae species, 

and plactivorous fish 

Four fish sound types and 
an unknown “buzz” sound 

PCA, K -means m Mahale et al . ( 2023 ) 

STPL, short-term partial loudness; LTPL, long-term partial loudness; HMM, hidden Markov models; DA, discriminant analysis; LR, logistic regression; 
STFs, spectro-temporal features; TTFs, timbral texture features; SVM, support vector machine; MFCCs, mel frequency cepstral coefficients; LPCC, linear 
prediction cepstral coefficients; KNN, K-nearest neighbours; RF, random forest; LFCCs, linear frequency cepstral coefficients; SE, Shannon entropy; SL, 
syllable length; SCNN, spiking convolutional neural networks; MRAF, multi-resolution acoustic features; CNN, convolutional neural networks; LSTM, long 
short-term memory; PC-NMF, periodicity-coded non-negative matrix factorization; GMM, gaussian mixture models; NLR, novel logistic regression; LWAP, 
local wavelet acoustic pattern; AC, approximation coefficients; TL, transfer learning; NN, neural networks; DL, deep learning; PCA, principal component 
analysis. 
a, Spectral centroid, cesptral coefficient, zero-crossing rate; b, energy, cepstrum, mel-frequency cepstral (MFC), perceptual linear predictive (PLP), delta co- 
efficient, acceleration coefficient; c, fish sounds collected from internet databases; d, Epinephelus guttatus , Epinephelus striatus, Mycteroperca venenosa , 
Mycteroperca bonaci ; e, dataset composed of sounds collected by the authors; f, frequency centroid, frequency band width, spectral rolloff, zero-crossing 
rate, RMS energy, MFCCs, polynomial features, auto correlation, RMS of amplitude, statistics of peaks, statistics of amplitude; g, Pogonias cromis , Bairdiella 
chrysoura , Cynoscion nebulosus , Sciaenops ocellatus ; h, feature-based signal detector designed by the authors; i, sounds of three fish species collected from 

internet sound bases: Micropogonias undulatus ( Sciaenidae), Hippocampus erectus (Syngnathidae), Epinephelus adscensionis (Epinephelidae); j , Epinephelus 
guttatus, Epinephelus striatus , Mycteroperca venenosa ; k, sounds made with caudal fin during spawning; l, frequency bandwidth, spectral peak frequency, 
pulse repetition frequency, pulse number, inter-pulse-interval, call duration; m, twelve parameters, including features from time domain (call duration, num- 
ber of pulses per call, inter-call durations), features from spectral domain (peak frequency and dominant peak PSDs), and other acoustic metrics (Acoustic 
Evenness Index—AEI, ACI, and SPLrms). 
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Figure 1. Workflow for a generic fish sound classifier using machine learning (a) and deep learning (b). The main characteristic of deep learning is 
automatic feature extraction. More commonly in deep learning approaches, a data augmentation step can be included. 

 

o  

s
m  

f  

s  

2

i  

2
i
d
i  

a  

n  

T
s  

t
f  

t  

a

t
a
a  

t  

o
f  

fi  

a
s  

t  

s
p  

I
v  

o  

fi  

2

F

B  

n  

D
ow

nloaded from
 https://academ

ic.oup.com
/icesjm

s/advance-article/doi/10.1093/icesjm
s/fsad126/7246570 by guest on 21 August 2023
a means to inspect the variability within a class of sounds, as 
a class may have subclasses that could be related species or in- 
dividuals. Lin et al . (2018) suggest a multi-method approach 

to address the variability in the datasets, applying supervised 

algorithms as a first step to detect fish calls, and then unsuper- 
vised algorithms to identify potential errors. 

The recognition of biological sounds through machine 
learning techniques involves some basic steps ( Figure 1 ). Raw 

acoustic data must first be pre-processed by filtering the 
dataset to select the frequencies of interest. Low-frequency 
bands are often used to detect fish sounds. For instance, Mal- 
fante et al . (2018a) used frequency-filtered signals with band- 
widths of 50–450 Hz and 500–900 Hz. To compute biodiver- 
sity and classify fish sounds, Mahale et al . (2023) categorized 

three frequency bands: “full band” (50–22050 Hz), “low- 
frequency fish band” (100–2000 Hz), and “high-frequency 
shrimp band” (2000–20000 Hz). Pre-processing is also im- 
portant for establishing detection thresholds (Malfante et al .,
2018a ). Methods such as matched filter and spectrogram cor- 
relation or energy thresholds can be applied to detect and ex- 
tract fish calls in the dataset (Rowell et al ., 2017 ). The next 
step is feature extraction, to extract temporal and spectral pat- 
terns of the detected sounds (Malfante et al ., 2018a ; Waddell 
et al ., 2021 ). Some studies also used a segmentation phase be- 
fore feature extraction, with the automatic splitting of signals 
into syllables (Noda et al ., 2016 ; Mahale et al ., 2023 ). 

The performance of the ML models is crucial for detection 

and classification problems.Some nontrivial problems may oc- 
cur, such as bias (when a learner is unable to learn distribu- 
tions or separate boundaries) and variance (error due to a 
specific training set) (Roch et al ., 2021 ). There are also other 
challenges in machine learning, such as underfitting and over- 
fitting. Underfitting occurs when the model is unable to find 

relationships between variables in the training set, leading to a 
large error. Overfitting means that the model has a small error 
in the training set and a large error in the test set, resulting in a 
decrease in the generalization properties of the model (e.g. the 
ability to perform well in the presence of novel inputs) (Good- 
fellow et al ., 2016 ; Jabbar and Khan, 2015 ). Therefore, ML 

algorithms require evaluation and validation tasks, using met- 
rics such as accuracy, precision, and recall. Cross-validation is 
used to evaluate the performance of the model by checking its 
accuracy multiple times, which can lead to a higher reliability 
s  
f the results (Ramezan et al ., 2019 ). Most of the studies pre-
ented here had an average detection or classification perfor- 
ance between ∼80 and 95%. Accuracy can be influenced by

actors such as the technique adopted, the size of the training
et, datasets with low SNR, and fish call types (Usman et al .,
020 ; Waddell et al ., 2021 ). 
The use of machine learning for fish sound classification 

s very recent and faces some limitations (Malfante et al .,
018a ). Currently, machine learning has contributed signif- 
cantly to the automation of processes and improving the 
etection, classification, and identification of fish calls, even 

n noisy recordings. However, this has only been done for
 few target species within a dataset, and most species do
ot have their repertoire documented (Parsons et al ., 2022 ).
o effectively apply automatic fish species identification by 
ound, it is necessary to characterize the vocal repertoire of
he species. One approach is to perform unsupervised learning 
or call repertoire analysis. By applying clustering algorithms,
he dataset can be grouped into clusters with similar temporal
nd spectral characteristics (Lin et al ., 2018 ). 

Nevertheless, machine learning has shown advantages over 
he manual analysis of sounds, with promising results and 

pplications in fish sound identification, even under varying 
coustic conditions (Munger et al ., 2022 ). Some of the sys-
ems developed can be applied to larger datasets of continu-
us recordings, performing real-time analysis of sounds (Mal- 
ante et al ., 2018a ), and can be adapted for multiclass identi-
cation with different call types (Sattar et al ., 2016 ). ML has
lso demonstrated the potential to detect and validate novel 
ounds from the same species, thus contributing to the descrip-
ion of vocal repertoires. For instance, Vieira et al . (2019) have
hown that Argyrosomus regius has a wider repertoire than 

reviously known, with variability of “grunts” and ‘knocks”.
n addition, artificial intelligence techniques are rapidly de- 
eloping, and deep learning has shown potential in a variety
f fields (Stowell, 2022 ), making it a promising approach for
sh sound identification (Ibrahim et al ., 2020 ; Munger et al .,
022 ). 

eature selection 

ecause audio signals have high dimensionality, there is a
eed for reduction and feature extraction, which is a key
tep in sound analysis (Abayomi-Alli et al ., 2022 ). Different
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coustic features can be selected from spectrograms to as-
ess the acoustic activity and behaviour of soniferous fish. The
ain goal of this step is to obtain temporal and spectral pat-

erns to characterize the target sounds (Noda et al ., 2016 ).
hese characteristics contain information that allows the dis-
rimination between the sound types and species (Mooney
t al ., 2020 ). Thus, classical approaches rely on the analysis
f a time series of temporal and spectral patterns of spectro-
rams to infer which species are present in the dataset. 

In machine learning approaches, any algorithm requires
he transformation of the data into features (Roch et al .,
021 ). The way in which acoustic signals are represented is
undamental to sound analysis using ML (Malfante et al.,
018a ). Feature extraction is one of the most important
teps in the ML process since the algorithms depend on the
eatures for training and test data (Sharma et al ., 2020 ). Cur-
ently, there are several methods for feature extraction, which
erform various transformations on the data to extract rel-
vant measures. The most popular transformations are the
iscrete Fourier Transform (DFT) and the Fast Fourier Trans-

orm (FFT). These algorithms are applied to transform a sig-
al from the time domain to the time-frequency domain or
requency domain, respectively (McLoughlin et al ., 2019 ). 

In order to detect and classify different types of biological
ounds, researchers often employ multiple acoustic features as
nputs to the learning algorithms. Common features include
etrics from the time, frequency, and cepstral domains. Fea-

ures from the cepstral domain consist of obtaining cepstral
oefficients from sound (Malfante et al ., 2018a ; Kumar and
ose, 2019 ). Mel frequency cepstral coefficients (MFFCs) are
idely used in sound classification, especially in the field of

peech recognition (McLoughlin et al ., 2019 ). This feature is
ased on the sensitivity of human perception to frequency dif-
erences since it is derived from a psychoacoustic scale, the mel
cale (Sarangi and Saha, 2012 ). 

Besides MFCCs, other features were found in recent work,
uch as linear prediction cepstral coefficients (LPCCs), short-
erm partial loudness (STPL), long-term partial loudness
L TPL), timbral features, energy , cepstrum, spectro-temporal
eatures (STFs), and timbral texture features (TTFs), among
any others ( Table 1 ). For example, Ruiz-Blais et al . (2012)
btained timbre measures by using features such as cepstrum,
pectral centroid, and zero crossings to detect sciaenid calls.
oda et al . (2016) used MFCCs to identify fish species. The

uthors state that MFCCs outperformed LFCCs because fish
roduce sounds mainly at lower frequencies, and MFCCs have
 higher resolution in these frequency bands. Malfante et al .
2018) used 84 features (from time, frequency, and cepstral
omains) and found four different classes of fish sounds. This
arge feature set was used to capture different signal proper-
ies and was inspired by works from different fields, such as
peech recognition, music genre and instrument classification,
nd sonar sound classification. 

The process of feature selection can be considered a re-
earch task itself (McLoughlin et al ., 2019 ). There is a myriad
f acoustic features to be explored; however, most of them
ere designed for different audio domains. Thus, there is a
eed to select appropriate features for fish acoustic signals,
aking into account their specificities. The process of choos-
ng which features are more adequate for modelling these
ounds can be enhanced by using feature importance, which
anks features according to their contribution of each one to
he model. Some supervised algorithms, such as random for-
st and extra trees can estimate feature importance (Ahmad
t al ., 2018 ). Besides, the feature selection and the classifica-
ion method can determine the accuracy of the systems (Jasim
t al ., 2021 ). 

eep learning 

eep learning (DL) contributes to the automation of tasks in
ifferent fields. In the acoustic field, it contributes to sound
vent detection and source localization (Bianco et al ., 2019 ).
L has promoted significant progress in audio event detec-

ion (Guyot et al ., 2021 ). The field of bioacoustics also ben-
fits from DL, as it helps to process large datasets from field
ecordings (Parsons et al ., 2022 ; Stowell, 2022 ). The DL algo-
ithms used in bioacoustics are derived from those used in the
udio domain, such as speech and music analysis; however,
ioacoustics has its own specificities and requirements (Stow-
ll, 2022 ). Nevertheless, these methods have proved to be ef-
ective for the detection and classification of animal vocaliza-
ions with high precision and recall (Shiu et al ., 2020 ). Fur-
hermore, DL has outperformed manual approaches to blue
hale calls, even with experienced analysts, with higher re-

all and fewer false positives (Miller et al ., 2023 ). Fish sound
etection and classification studies in the last two years have
sed mostly DL rather than ML approaches (Chérubin et al .,
020 ; Guyot et al ., 2021 ; Laplante et al ., 2022 ; Mancusi et al .,
022 ; Munger et al ., 2022 ). 
DL consists of a set of supervised and unsupervised ML

lgorithms that can perform tasks from large datasets (Good-
ellow et al ., 2016 ). It is considered to be synonymous with
eep neural networks (DNNs), as DL concerns neural net-
orks (NNs) with multiple layers, which include input, out-
ut, and more than one hidden layer (Goodwin et al ., 2022 ).
 key characteristic of DL approaches is the automatic fea-

ure extraction ( Figure 1 ). Whereas in ML the feature extrac-
ion is performed manually, DL can reduce the effort for this
ask since the models learn hierarchical features from raw
atasets (Goodfellow et al ., 2016 ; Goodwin et al ., 2022 ). An-
ther notable contribution of DL, which makes it popular in
ound analysis, is its good performance under noisy conditions
Mooney et al ., 2020 ). DL can also reduce computational ef-
orts required for sound classification using supervised ap-
roaches, such as SVM. Recent developments in DL can over-
ome these limitations by learning a non-linear mapping of
he inputs from the data (Bianco et al ., 2019 ). These advances
llow DL algorithms to use complex non-linear functions to
earn features at different levels in both supervised and un-
upervised approaches (Goodwin et al ., 2022 ). DNNs have
lso reduced classification errors and overfitting in NNs, and
hey are being used to detect patterns in the bioacoustics field
Bianco et al ., 2019 ). 

As well as in ML, DL presents different architectures. One
opular architecture for supervised learning is convolutional
eural networks (CNNs). This architecture was first intro-
uced for image processing, and it has achieved the state-of-
he-art tasks such as image and speech recognition, semantic
mage segmentation, and natural language processing, among
thers (Ahmad et al ., 2019 ). It consists of self-learning signif-
cant features from the training dataset through convolution
ayers by using filters and tuning their coefficients during the
raining step. It learns basic features in the lower layers, and
he more complex ones as the data propagate to the deeper
ayers (Ahmad et al ., 2019 ). The advantage of this architecture
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is the reduction in data pre-processing and the parameters of 
the model, which diminishes computational burden (Bianco 

et al ., 2019 ; Saleh et al ., 2022 ). 
CNNs have recently been used for underwater sound classi- 

fication. For example, Mishachandar and Vairamuthu (2021) 
applied them to classify ocean sounds within a wide frequency 
range. They found six classes of sounds: anthropogenic and 

natural sounds; vocalizations of cetaceans, fish, and inverte- 
brates; and unidentified sounds. CNNs have also been used 

to detect and classify cetacean sounds (Bermant et al ., 2019 ; 
Jiang et al ., 2019 ; Shiu et al ., 2020 ; Allen et al ., 2021 ). A
common approach to audio classification is to convert spec- 
trograms into a visual representation and use image classifi- 
cation, as CNNs are effective at learning patterns from im- 
ages (Ibrahim et al ., 2018b ; Mishachandar and Vairamuthu,
2021 ). In the computer vision domain, the models can di- 
rectly extract features from images (Zhao et al ., 2018 ). Re- 
cent studies on fish sound detection and classification have 
used CNNs (Demertzis et al ., 2017 ; Ibrahim et al ., 2018b ; 
Malfante et al ., 2018b ; Chérubin et al ., 2020 ; Munger et al .,
2022 ). Most of them used image classification in the spectro- 
grams. For instance, Munger et al . (2022) converted sound 

detection and classification tasks into a supervised approach 

for image recognition. 
One limitation of CNNs is the need for a large labelled 

dataset to train the networks (Zhuang et al., 2020 ). As in 

many situations, labelled data are not available; an alternative 
is transfer learning (TL). This is another popular DL archi- 
tecture, consisting of DNNs previously trained, that transfers 
the knowledge learnt to a new dataset (Ahmad et al ., 2019 ; 
Zhuang et al ., 2020 ). It uses the previously trained weights of 
a model to initiate the parameters of new models, adjusting 
them to the new domain (Ahmad et al ., 2019 ). This makes 
model training processes faster, with the benefit of improv- 
ing their performance and requiring smaller datasets (Munger 
et al ., 2022 ). With the goal of classifying grouper species and 

vessel sounds, Ibrahim et al . (2020) applied TL to extract 
fish sound features from spectrograms and scalograms (time–
frequency representations of a signal by wavelet transform),
by using DNNs as feature extractors. Their results show that 
TL outperformed the manually identified features approach,
demonstrating the effectiveness of this approach. 

Challenges and limitations 

Machine learning and deep learning techniques are rapidly 
evolving, making it possible to process the increasing amount 
of PAM data. While these techniques are comparatively ad- 
vanced in the field of speech recognition, they are still in their 
infancy in the field of fish sound recognition (Malfante et al .,
2018a ). Currently, none of the acoustic methods can be con- 
sidered as an ideal tool for taxonomic fish recognition, with 

applications to biodiversity estimation (Noda et al ., 2016 ; 
Mancusi et al ., 2022 ). However, other methods also have dis- 
advantages and limitations, as discussed in the previous sec- 
tions of this manuscript. 

The remarkable diversity of sounds produced by fish and 

the complexity of the underwater acoustic environment pose 
a challenge to automatic detection and classification systems.
However, the main barrier to fish sound recognition through 

artificial intelligence is clearly the lack of species-specific vali- 
dated sound data and the fact that very few species have their 
vocal repertoires fully characterized. ML and DL have shown 
otential in the acoustics field; however, it is necessary a pre-
ious knowledge of the sound sources and data for training
Mooney et al ., Stowell et al., 2019a ), with different exam-
les for the same species. Most of the studies presented here
ucceed in detecting and classifying fish sounds with high ac-
uracy. Nevertheless, the attribution of these sounds to specific 
pecies is still challenging, due to the lack of data to compare
he detected sounds. 

In addition to the lack of validated sounds, the intraspecific
ariability of fish acoustic signals also complicates the classifi- 
ation and identification tasks. Variability in spectral and tem- 
oral patterns of the same species and individuals can occur
s a function of size (Myrberg et al., 1993 ; Lobel and Mann,
995 ; Connaughton et al ., 2000 ), ontogeny, and sexual dimor-
hism (Amorim, 2006 ; Kasumyan, 2009 ). Variation due to
eographic localization (Fine, 1978 ; Mann and Lobel, 1998 ;
armentier et al ., 2005 ; Philips and Johnston, 2008 ), season-
lity, and reproductive contexts are also reported (Amorim,
006 ; Verzijden et al ., 2010 ; Vieira et al ., 2019 ). 
Other factors that may influence fish sound detection 

re related to changes in abiotic factors, such as temper-
ture (Ladich, 2018 ), which affect fish sound production.
or instance, Sattar et al . (2016) demonstrated a relation-
hip between ocean temperature and classification accuracy 
f Porichthys notatus , as the call frequency of this species is
orrelated with temperature. Vieira et al . (2019) reported sea-
onal and diel changes in sound production, and variations in
coustic features (pulse period, fundamental frequency, and 

eak frequency), due to changes in temperature. Monczak 

t al . (2019) found that the call rates of black drum, silver
eatrout, and spotted seatrout increased with increasing tem- 
erature while call rates of red drum increased with decreas-
ng temperature. Chérubin et al . (2020) found no significant
orrelation between calling rate patterns and environmental 
arameters. However, temperature and salinity were uniform 

uring their study, which was conducted in a well-mixed envi-
onment. Munger et al . (2022) found that an increase in tidal
mplitude was associated with an increase in the presence of
amselfish sounds, as the lunar cycle influences both tides and
he reproductive activities of this group of fish. 

Understanding the propagation conditions is crucial for ef- 
cient fish sound detection, as sound is attenuated as it travels
rom the source (fish) to the receiver (hydrophones).Some au- 
hors have considered the influence of propagation conditions 
n automatic detection and classification systems. Harakawa 
t al . (2018) have used multiple classifiers adapted accord-
ng to the underwater environment, as the performance of 
eatures and classifiers depends on the environmental condi- 
ions. Chérubin et al . (2020) estimated a detection threshold
sing the passive sonar equation. The transmission loss (TL) 
arameter of the equation was estimated using sound veloc- 
ty profiles. Munger et al . (2022) used conservative propaga-
ion estimates to calculate the detection range. In this context,
he propagation conditions can be useful parameters for au- 
omatic detection and classification systems. Acoustic prop- 
gation models can be applied to simulate complex physical 
rocesses as sound travels through the underwater environ- 
ent. An output of propagation models is the TL of a par-

icular frequency as a function of depth and distance from
ource to receiver (Etter, 2003 ). This is fundamental for under-
tanding which frequencies of sound emitted by fish would be
ttenuated in a particular area, hence estimating more accu- 
ate detection ranges. The use of specific training datasets that
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eflect the unique local acoustic conditions are also encour-
ged (Munger et al ., 2022 ). 

The complexity of underwater soundscapes can also af-
ect the robustness and generalization of ML and DL algo-
ithms due to overlap and masking effects from other bi-
logical sources, as well as geophonic and anthropophonic
ources (Stowell et al ., 2019b ; Munger et al ., 2022 ). Some
iotic sources that produce choruses, often dominate sound-
capes, which complicates separating target sounds. The dom-
nant frequencies of sounds from anthropogenic sources of-
en produce spectral overlapping in biological sounds (Crovo
t al ., 2022 ). Many fish species produce sounds in a fre-
uency range that comprises most anthropogenic and geo-
honic sources (Hawkins and Popper, 2018 ). Instead of mask-
ng, increases in SPL may occur in the presence of geophonic
ources (Munger et al ., 2022 ), and anthropogenic sources (e.g.
ombard effect, including changes in fish call patterns) (Holt
nd Johnston, 2014 ). Fish sound production may also be in-
ibited in the presence of predators (Ladich, 2022 ), which can

nfluence the detection problem. Feature extraction techniques
an also be affected by noise, reducing the classification ac-
uracy (Usman et al ., 2020 ). As soundscapes are highly dy-
amic and fish sound production follows diel and seasonal
atterns, long-term recordings are recommended to provide
atasets that capture the variability of target signals (Mal-
ante et al ., 2018a ; Vieira et al ., 2019 ; Stowell et al ., 2019a ;

ooney et al ., 2020 ). 

 uture st eps 

ish sound recognition via passive acoustics has been im-
roved by recent artificial intelligence techniques. Some fac-
ors can influence the performance of ML and DL algorithms.
he choice of the technique will depend on the characteristics
f fish acoustic signals and the available dataset. The robust-
ess of the algorithms can be increased by selecting an ap-
ropriate feature set. The increasingly strong performance of
utomatic detection and classification in the bioacoustics field
as benefited in part from large labelled datasets for train-
ng (Stowell et al ., 2019a ). However, although many fish are
oniferous, most sounds have not been associated to these
pecies (Mouy et al ., 2018 ). Furthermore, there is a lack of
nnotated data for training supervised methods and CNNs.
ne approach to address the lack of validated data is to use
nsupervised techniques to separate different sound sources
Mooney et al ., 2020 ). This can help identify groups of sounds
hat are similar, thus helping to identify new species based
n common acoustic patterns of known species. Here we
ighlight some points that would help design future studies
 Figure 2 ). 

ata augmentation 

he species-specific calls and the variability of intraspecific
ounds are crucial for the recognition of individual species
Vieira et al ., 2019 ). However, the lack of species-specific vali-
ated calls and repertoires fully characterized for most species
s a limitation for the identification of individual species in a
ulti-species dataset. Modifications to data samples, such as

requency shifting and warping in the frequency and time do-
ains, may change subtle characteristics such as those that

llow species discrimination (Stowell, 2022 ). Data augmenta-
ion is a technique that can artificially increase the size of train-
ng datasets by performing slight modifications in the sampled
ata and creating new examples (Stowell et al ., 2019a ). 
This technique is an approach to dealing with the scarcity

f labelled data for training machine learning and deep learn-
ng algorithms. Data augmentation helps with generalization,
nd makes the dataset more diverse (Shiu et al ., 2020 ; Stow-
ll, 2022 ). In the audio domain, the modifications can include
requency and time shifts, warping, and the addition of low-
mplitude noise, which can be directly applied to the raw data
r in the spectrograms (Lasseck, 2018 ; Nanni et al ., 2020 ;
bayomi-Alli et al ., 2022 ). Data augmentation can also be

mplemented in the image representations of the audio by ro-
ation, translation, scaling, or reflection (Nanni et al ., 2020 ). 

Besides improving the performance in training sound de-
ection and classification models for small datasets, data aug-
entation can enhance their robustness to the variation in

arget signals and the presence of noise and overlapping vo-
alizations (Kahl et al ., 2021 ; Shiu et al ., 2021; Abayomi-
lli et al ., 2022 ). Moreover, data augmentation applied to a
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specific problem domain can be helpful in dealing with unex- 
pected variations in data and enhance generalization to new 

recording conditions and habitats (Lasseck, 2018 ; Kahl et al .,
2021 ). Data augmentation also helps with the data imbal- 
ance, which affects the performance of deep learning algo- 
rithms (Abayomi-Alli et al ., 2022 ). As unbalanced data are 
common in the bioacoustics field (Stowell, 2022 ), the use of 
data augmentation has recently increased for the detection 

and classification of animal sounds in terrestrial (Lasseck,
2018 ; Stowell et al ., 2019a ; Nanni et al ., 2020 ; Kahl et al .,
2021 ) and in marine environments (Padovese et al ., 2021 ; 
Shiu et al ., 2021; Cai et al ., 2022 ). Among the reviewed pa- 
pers, two studies have used data augmentation. For the clas- 
sification of grouper species, Ibrahim et al . (2020) increased 

the number of samples of a particular species by applying ro- 
tation and scaling to the converted images of spectrograms.
Waddell et al . (2021) achieved a higher accuracy by adjust- 
ing the scaling and translation of the images of different fish 

call types. 

Sound libraries 

The lack of labelled data to train algorithms is a limitation 

to supervised approaches and CNNs (Parsons et al ., 2022 ),
as there is a great amount of unknown sounds that have not 
been matched to a particular species (Mouy et al ., 2018 ).
CNNs are capable of learning features, but they require pre- 
viously trained models. Even unsupervised approaches, such 

as HMMs, can be trained in a supervised manner. There- 
fore, it is often necessary to label, train, or compare the data 
(Tamposis et al ., 2019 ). Preparing large datasets for train- 
ing is a difficult and time-consuming task (Harakawa et al .,
2018 ), and finding these datasets is equally challenging. How- 
ever, the main limitation is the lack of data to compare 
and validate the calls detected and classified by automated 

systems. 
While there are many datasets for training in the human 

speech and music domains, there is a lack of a systematic fish 

sound database with different examples of fish calls for the 
same species (Mancusi et al ., 2022 ). Thus, there is a need for 
reliable and comprehensive databases (Mooney et al ., 2020 ; 
Usman et al ., 2020 ; Parsons et al ., 2022 ). Sound libraries can 

be an important tool for comparing sounds within and be- 
tween species, and for confirming whether a classified sound 

has already been identified. Some fish sound databases are 
available, such as the GSO Fish Sounds Collection, with ex- 
amples of fish sounds collected by Fish and Mowbray (1970) ,
and Fish Sounds (Looby et al ., 2022b ), and The Sound Table 
(of Fish Base) (Froese and Pauly, 2022 ), which are complemen- 
tary projects collaborating since 2021. However, most species 
are not catalogued and various sound types are not described 

in the existing libraries. 
Recently, Parsons et al . (2022) have highlighted the urgent 

need for a global sound repository that integrates and expands 
existing libraries. This comprehensive database would provide 
labelled data for training ML and DL algorithms, as well as 
a large amount of unanalysed data to help identify unknown 

sounds from different species rather than the target species.
Currently, it is not possible to know how many fish species are 
vocal, on a global scale (Parmentier et al ., 2021 ). A database 
containing unidentified sounds would help to identify and in- 
crease the number of known vocal fish species. The first step is 
to generate these validated data to feed this database, and an 
lternative could be applying integrative approaches. Com- 
ining video and acoustic recordings can help to develop a
atalogue of fish sounds (Mouy et al ., 2018 , 2023 ). 

ource separation 

lthough many studies focus on a few species of inter-
st, acoustic recordings contain several sounds from the lo- 
al soundscape (Parsons et al ., 2022 ), including many other
pecies and non-biological sounds. The presence of multiple 
nd simultaneous sources hampers the extraction of infor- 
ation about particular sounds. Thus, to analyse the target 

pecies sounds, it is necessary to reduce noise and separate
hese sounds from the soundscape. Traditional approaches 
o source separation in single-channel audio are generally 
ased on matrix decomposition methods (Tolkova and Klinck,
022 ). Filtering is typically the first step in separating the fre-
uency range of interest. However, despite knowing the repre- 
entative frequency bands of a particular species, other sounds 
ill surely interfere (Lin and Tsao, 2020 ). Wavelets can be

pplied to the denoising problem, improving SNR in envi- 
onments with a wide range of noise (Ibrahim et al ., 2018b ).
nother common approach is applying statistics-based tech- 
iques for noise reduction. Nonetheless, these techniques are 
ot appropriate for non-stationary noise (Lin and Tsao, 2020 ).
ome authors recommend blind source separation (BSS), an- 
ther class of denoising algorithms, widely used in speech and
usic applications (Lin et al ., 2018 ; Lin and Tsao, 2020 ). 
Sound detection and classification systems must be able to 

istinguish target sounds from background noise, hence pro- 
iding accurate classification (Parsons et al ., 2022 ). Source
eparation also facilitates the feature extraction task (Lin 

nd Tsao, 2020 ). The constraints in the identification of
sh sounds under noisy conditions are recurrent. However,
ombining supervised and unsupervised approaches can op- 
imize these tasks (Lin et al ., 2018 ). Lin et al . (2017) pro-
osed an unsupervised separation of biological sounds in 

ong-term recordings of terrestrial and marine datasets using 
 periodicity-coded non-negative matrix factorization (PC- 
MF). This approach enabled noise reduction and high- 

ighted biological choruses without training datasets in a su- 
ervised manner. 
A training approach employed in speech recognition is to 

se clean datasets and then add noise, so that the models can
earn the statistical difference between clean and noisy data 
Lu et al ., 2013 ). Mancusi et al . ( 2022 ) trained supervised net-
orks for separating fish sounds from background noise. In 

heir approach, the authors created a dataset for source sep-
ration by overlapping fish calls with recorded ambient noise 
rom different sites. Another approach for separating overlap- 
ing biological sounds (e.g. bird calls in terrestrial environ- 
ents) was proposed by Tolkova and Klinck (2022) , using an

coustic vector sensor (AVS). More recently, a toolbox for su-
ervised and unsupervised source separation based on NMF 

as been developed by Sun et al . (2022) , aiming to help ex-
lore the acoustic diversity within the soundscapes. Besides 
educing noise and improving the detection of sounds of in-
erest, the toolbox allows the identification of biotic and abi-
tic sounds and helps to investigate the repertoire of target
pecies. Kim et al . (2023) developed an automated tool for
eparating fish choruses from underwater soundscapes. Called 

oundScape Learning (SSL), it consists of an integrated un- 
upervised method employing randomized robust principal 
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omponent analysis (RRPCA), clustering, and an NN. Al-
hough the identification of the chorus to species level was not
ossible, the method is robust to long time scales and different
oundscapes, with potential for application to other marine
nd terrestrial datasets. 

onclusions 

his paper reviews the use of artificial intelligence for fish
ound identification and characterization. Machine learning,
ncluding deep learning, is producing increasingly accurate re-
ults for fish sound recognition. ML and DL algorithms have
een fundamental in processing long-term datasets and au-
omating the detection, classification, and identification of fish
ounds. The choice of the technique must consider the nature
f fish acoustic signals and the available datasets. Selecting an
ppropriate feature set can improve the performance of the
lgorithms. The main challenge in applying AI to recognize
sh sounds is the lack of validated sound data for individual
pecies and the fact that only a small number of species have
heir vocal repertoires thoroughly characterized. Other fac-
ors may affect the robustness of the algorithms include the
biotic factors that influence both fish acoustic behaviour and
ound propagation, and the characteristics and variability of
he soundscapes. The choice of a particular technique must
herefore take into account the specificities of each problem
nd reflect local conditions. In this review, we have highlighted
ome points to be explored in future research, including source
eparation as well as data augmentation and the need for a
ystematic fish sound library to address the lack of species-
pecific validated data of fish sounds. Once filling these knowl-
dge gaps, the combination of passive acoustics and artificial
ntelligence can help to make PAM an effective monitoring
ool with applications in the management and conservation
f fish communities. 
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