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Coral reefs host diverse fish communities, many of which produce sounds.
Passive acoustic monitoring (PAM) has become an essential tool for studying
these ecosystems, yet the variability in fish calls across regions remains poorly
understood. In this study, we analysed 144 h of underwater recordings collected
from six coral reef locations around the world, automatically detecting more than
120,000 fish calls. Using Geometric Morphometrics Methods (GMM), Principal
Component Analysis (PCA) and Uniform Manifold Approximation and Projection
(UMAP), we examined both the three-dimensional shape and spectro-temporal
properties of these sounds. The GMM analysis revealed that fish calls showed
remarkable acoustic similarity across geographical areas, with the first two
principal components explaining 33% of the total variance. Typical fish calls
consisted of short (<1 s), low-frequency sounds (~500 Hz). The UMAP
embedding, based on five key acoustic parameters, revealed a largely
homogeneous distribution of fish calls across geographical locations. These
results suggest that coral reef fish calls exhibit a level of global consistency,
potentially reflecting the conserved structure of fish communities across different
biogeographic realms. This study emphasises the potential of unknown fish call
analyses as a non-invasive tool to explore fish diversity and assemblages, with
future work required to extend these findings to other marine ecosystems and
integrate automated species identification systems.
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1 Introduction

Passive acoustic monitoring (PAM) of underwater soundscapes is a growing practice to
investigate and monitor marine ecosystems non-invasively, and thus aid in their
conservation (Mooney et al, 2020; Ross et al., 2023). PAM is now producing large
datasets from diverse locations around the globe, including a wide variety of unknown
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sounds emitted by unidentified fish species (Looby et al., 2022;
Parsons et al., 2022). Undetermined species calls make the task of
describing acoustic diversity and comparing acoustic metrics
between locations challenging. Fish calls can be particularly
due to a poorly
documented repository and their apparent similarity between
taxa (Parsons et al., 2022). Furthermore, PAM datasets exhibit
large variation in recording quality and background noise, due to
different local conditions and recorder deployments.

challenging to identify to the species,

The wide variety of sounds produced by fish, inter- and intra-
specifically (Amorim, 2006), combined with the fact that fewer than
1000 species of fish calls are identified to the species (Looby et al.,
2022), still represents a large challenge to classification systems.
Most classification methods used for fish sounds have been applied
to recognise call types of known species (Vieira et al., 2015; 2019;
Sattar et al., 2016). However, state-of-the art statistical tools and
machine learning algorithms are offering a new opportunity to
tackle the detection and characterisation of fish vocal repertoires,
including unknown fish calls (Barroso et al., 2023; Jarriel et al., 2024;
Mouy et al,, 2024; Noble et al., 2024). Automated acoustic indices
(such as acoustic complexity, acoustic richness and acoustic
diversity) have been shown to correlate with taxonomic diversity
and acoustic diversity (Harris et al., 2016; Desidera et al., 2019),
although the use of acoustic indices in marine environments has
been shown not to correlate with fish diversity in coral reefs (Raick
et al, 2023) and needs further investigation to prove a robust
analysis in other diverse ecosystems (Mooney et al, 2020;
Minello et al.,, 2021).

Machine learning and deep learning are becoming increasingly
powerful as a methodology to detect fish calls and to classify them to
species (Lin et al., 2018; Malfante et al., 2018; Mahale et al., 2023).
Unsupervised algorithms do not require annotations (or labels),
which means that they can work with datasets where labeling is
costly, time-consuming or impractical. They are typically used to
investigate the structure and variability of a dataset, while reducing
its dimensionality. For example, clustering approaches have been
applied to identify different sources (Lin et al., 2017; Mahale et al.,
2023). By learning from the temporal variability, such as the diurnal
pattern of soundscapes, unsupervised learning also enables the
separation of diverse fish choruses from long-duration recordings
(Lin et al., 2021; Lin and Kawagucci, 2024). While these methods do
not take into account taxonomic classifications, they can be used to
detect patterns in the data and investigate acoustic variability of the
acoustic assemblages studied. Extracting information from the
spectro-temporal patterns and the diversity of the calls can assist
in understanding the ecology of the species involved (Radford et al.,
20105 2014) and the conservation of the whole ecosystem (Lamont
et al., 2022b; Stratoudakis et al., 2024).

Despite the rapid expansion of PAM, the field still lacks robust,
transferable approaches to consistently detect fish sounds across
diverse datasets. Most existing methods have been developed for
specific, well-studied species, leaving the majority of unknown fish
calls, which dominate reef soundscapes, unexamined. This gap
limits our ability to compare acoustic communities across sites
and hampers efforts to establish global baselines for fish acoustic
diversity. Equally important is the need to characterise the acoustic
structure of calls, since doing so can reveal whether fish vocalisations
are shaped by conserved anatomical and ecological constraints, or
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whether they diverge in response to local community and habitat
differences. Addressing these questions will not only advance
fundamental understanding of the role of sound in reef fish
ecology but also provide the ecoacoustic community with
practical tools to monitor biodiversity and ecosystem health
across regions.

Here, we use coral reef recordings collected from different
bioregions around the tropics, and in different recording
conditions (i.e., with different recording devices, signal-to-noise
ratios, water depths), targeting diverse fish communities to
investigate unidentified fish calls. Our first objective was to
develop a consistent and automated approach to detect fish
sounds across datasets. Our second objective was to characterise
the acoustic structure of these calls, using dimensionality reduction
techniques. We examine the results with respects to different
geographical, temporal and spectral variables.

2 Methods
2.1 Sound recordings

Soundscape recordings were collected between 2018 and 2023 in
six different coral reef areas around the world: Xcalak in Mexico,
Moorea in French Polynesia, Sulawesi in Indonesia, Lakshadweep in
India, Lizard Island in Australia and Fulhadhoo in the Maldives
(Figure 1). Different autonomous underwater recording units
(HydroMoths, Open Acoustic Devices, United Kingdom; and
SoundTraps, Ocean Instruments, NZ) were deployed by scuba
diving or snorkelling, at a depth of 2-15 m. The dates of the
recordings, their sample rate and durations are detailed in
Table 1. Prior to the analysis, all the recordings were down-
sampled to a common sampling rate of 16 kHz.

2.2 Fish call detection

The analytic workflow is summarized in Figure 2.

2.2.1 Training and test datasets

For each of the six coral reef locations, we developed a separate
source separation model to accommodate site-specific noise
characteristics. Training datasets were curated from short
snippets of soundscapes manually verified to be free of fish calls,
based on both aural inspection and spectrogram review. These
snippets represented approximately 2%-3% of each site’s data,
except for Lakshadweep (24%), which required more extensive
training due to the presence of diverse boat noise (Table 2).

To address false detection of snapping shrimp snaps as fish calls
in preliminary analyses, we compiled a secondary training dataset
comprising 80-150 manually extracted shrimp snaps per site. These
were combined with the ambient noise samples to create a unified
training set for each model. These inputs were used to generate
distinct basis functions for background and snapping shrimp
sources during the model’s learning phase. In addition to
snapping shrimps, seasonal whale songs can also occur in some
reef environments. During manual listening checks, we did not
detect any whale songs, which are typically recorded in deeper
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FIGURE 1

Locations (indicated by red dots) from which the six datasets were recorded: Xcalak in Mexico, Moorea in French Polynesia, Sulawesi in Indonesia,
Lizard Island in Australia, Lakshadweep in India, and Fulhadhoo in the Maldives.

waters and during specific seasons (e.g., Lin et al., 2021). Even if
present, the long tonal units of whale song differ markedly from the
short, pulsed fish calls targeted here, and would not have been
retained by our detection workflow. We therefore consider whale
song an unlikely source of bias in our analyses.

2.2.2 Source separation: NMF and UMAP

We used the open-source Python package soundscape_IR (Sun
et al, 2022) to perform feature learning via non-negative matrix
factorization (NMF). Spectrograms were generated using an FFT
size of 512 samples, with a time resolution of 0.01 s, a prewhitening
0f 75%, and a frequency range of 100-3000 Hz, chosen to capture the
majority of know fish call frequencies (Looby et al., 2022).
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For each recording in the training dataset, the model learned
15 basis functions representing characteristic spectral patterns of the
background and snapping shrimp sounds. To optimise model
efficiency and reduce redundancy, we applied Uniform Manifold
Approximation and Projection (UMAP) (Mclnnes et al.,, 2018)
which clustered similar basis functions. The resulting model
retained between 40-42 representative spectral features per dataset.

2.2.3 Prediction phase and fish call detection
During the prediction phase, models applied semi-supervised
learning with an adaptive learning rate (a = 0.05) and three
additional basis functions allowed for real-time adaptation to
novel noise conditions. The system used an energy thresholding
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TABLE 1 Summary of the six underwater soundscapes datasets collected from different locations around the world between 2018 and 2023.

Recorder

Recording

Deployment

dates depth (m)

Audio
depth (bit)

Size of full
dataset (hours)

Sample
rate (kHz)

Duty
cycle (%)

Australia Oct - December Soundtraps 2-10 48 100 8.33 16
2018 300 STD

French Jan - March 2021 Hydromoths 2-15 48 95 133 16

polynesia

Indonesia Aug - September Soundtraps 2-5 48 100 98.6 16
2018 300 STD

India Jan - March 2023 Hydromoth 10-15 44 100 29 16

Maldives Oct - November Hydromoths 2-5 32 50 83 16
2021

Mexico June 2023 Hydromoths 2-5 16 50 13.0 16

Total 16 - 144.4

algorithm to extract regions of interest from the spectrograms,
identifying potential fish calls. After source separation using
NMF, we reconstructed a spectrogram that isolated the predicted
fish call components. To detect fish calls, we then applied a region-
growing energy thresholding algorithm to this reconstructed
spectrogram. The threshold was defined as a dataset-specific
amplitude value (Table 2) applied in dB to identify contiguous
regions of elevated energy. These regions of interest were further
filtered by temporal characteristics: minimum duration (0.05 s),
maximum duration (1.5 s), minimum interval between calls (0.01 s),
and pad size (0.02 s). These parameters were selected to encompass
most of the known fish calls (Looby et al., 2022). To accommodate
varying signal-to-noise ratios across sites, energy thresholds were
dataset-specific (Table 2).

2.2.4 Performance test

We ran a performance test to assess accuracy with a percentage
of recordings which were manually annotated in Raven Pro (v 1.6.5,
K. Lisa Yang Center for Conservation Bioacoustics at the Cornell
Lab of Ornithology, 2024). Between 20 and 30 min of randomly
selected recordings (cut in 30 s bouts) for each dataset were aurally
and visually investigated in Raven Pro, with a total of
10,238 annotated fish calls. The True Positive Rate (TPR) and
False Positive Rate (FPR) were calculated with the performance
evaluation functions from soundscape_IR (Sun et al., 2022). While
TPR measures the positives instances, FPR measures the proportion
of negative instances that are incorrectly classified as “fish calls” by
the model.

2.3 Geometric morphometrics and principal
component analysis

We used a Geometric Morphometrics Method (GMM) to
compare directly the fish calls detected in all locations. GMM is
the comparative analysis of shape, which is all the geometric
information contained in a configuration of points and
independent of differences in position, alignment and size. The R
package “SoundShape” was used to run an “eigensound” analysis,

which considers the graphical representation of a sound (i.e., a
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spectrogram) as a complex 3D surface described by a set of points in
space, which are topologically homologous to semi-landmarks in
GMM (Rocha and Romano, 2021). The eigensound function allows
conversion of a detected call into a dataset that can be analysed
similarly to coordinate sets from geometric morphometrics
methods, thus enabling the direct comparison between
stereotypical calls from different species (Rocha and Romano, 2021).

We followed the methods as per Rocha and Romano (2021). The
detected fish calls were first aligned at the beginning of a sound window
with the “align.wave” function of the ‘SoundShape’ package, with a
sound window of 1.5 s, and time gaps at the beginning and end of 0.5%.
A relative amplitude of —10 dB was used as a criterion for placement.
Sounds were excluded from the GMM analysis if the alignment step
failed to detect any significant energy contours within the defined
frequency range and dB threshold (e.g., due to poor signal-to-noise
ratio or ambiguous structure). These failures resulted in incomplete or
empty aligned clips (final number of calls used in the GMM shown in
Table 2). Across all datasets, these alignment failures accounted for
approximately 51% of total detections. We verified that these excluded
calls did not differ significantly from the retained sample in terms of
duration or dominant frequency (Supplementary Material),
supporting that the GMM analysis was not strongly biased toward
a particular subset of calls.

Before running the “eigensound” function, the sampling grid
was defined for semi-landmark acquisition: 97 x 23 cells per side
were chosen bearing a dimensionality reduction from the
dimensions of the spectrograms. Comparable semi-landmarks
then acquired
“eigensound” function, with a logarithmic scale on the time

coordinates  were using the 3D-analysis
(x-axis) to emphasise the short-duration calls whilst also
encompassing the long ones (Rocha and Romano, 2021). Finally,
a Principal Component Analysis (PCA) was performed for
dimensionality reduction on shape data. PCA was applied to the
aligned spectrogram semilandmark coordinates using the prcomp
function on the 2D matrix output of the geomorph package (Adams
and Otérola-Castillo, 2013) after shape extraction with the
eigensound function. Data were centered but not scaled prior to
PCA, using default settings. Five principal components were kept
that each explained more than 5% and together more than 50% of

the variance.
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FIGURE 2
Overview of the analytical workflow for fish call detection, extraction, and analysis. Coral reef soundscape recordings were first downsampled to

16 kHz and visualized as spectrograms. A non-negative matrix factorization (NMF) algorithm was used to train models with manually selected ambient
noise and snapping shrimp snaps to generate source-specific basis functions. Uniform Manifold Approximation and Projection (UMAP) was then used to
cluster similar basis functions and optimize the models. In the prediction phase, semi-supervised source separation was applied to isolate fish calls.
Extracted calls were analysed using two complementary approaches: (1) Geometric morphometric analysis (GMM) of the call shapes via principal
component analysis (PCA), and (2) spectral and temporal feature extraction followed by UMAP to explore patterns of variation across sites

2.4 Acoustic parameters an d UMAP “sounscape_IR” detection log files, based on the bounding box of the
signal in the spectrogram. Dominant frequency was estimated using

We calculated various acoustic features for each detected fish  the fpeaks function from the R package “seewave” (Sueur et al.,
call: lowest, highest and dominant frequency, duration and kurtosis. ~ 2012), which identifies spectral peaks in the frequency domain.
The lowest and highest frequency of each call was retrieved from the =~ Duration was computed using the duration function, which
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TABLE 2 Summary of training data and fish call detections for each dataset. The left panel shows the size of the training dataset used to build source
separation models (in hours and as a percentage of the full dataset), the energy threshold values applied to spectrograms for fish call detection, and the total
number of detected fish calls per dataset. These training sets were sound snippets free of any fish calls supplemented with additional selected snapping
shrimp snaps. The right panel reports the subset selected and aligned for geometric morphometric analysis (GMM), and the subset used for acoustic

parameter calculations.

Dataset Fish call detection

Size of training
set (hours and %
of full dataset)

Energy threshold
used for spectrogram
detection

Number of
detected fish
calls

Geometric morphometrics and spectral
EREIVSH

Number of selected fish
calls for acoustic
parameter calculation

Number of
selected and
aligned fish calls

for GMM

Australia 0.23 (3%) 5 10,221 4,827 10,221
French 0.45 (3%) 5 22,819 4,278 22,819
polynesia

Indonesia 2.21 (2%) 6 71,854 5,321 23,015
India 0.7 (24%) 5 1,995 534 1,995
Maldives 0.13 (2%) 5 13,756 6,762 13,756
Mexico 0.23 (2%) 5 9,188 3,900 9,188
Total - - 120,634 25,622 80,994

calculates the time difference between the start and end points of the
signal envelope. Kurtosis was computed with kurtosis function of
the R package “e1071” (Meyer et al., 2023). To reduce the risk of
inaccurate extraction of these parameters in complex recordings, we
applied strict inclusion criteria. We removed any calls where the
dominant frequency or duration could not be reliably estimated
(i.e., no peak frequencies or envelope detected and algorithms
failed). In total, only 45 calls were excluded on this basis,
representing a negligible fraction of the total calls detected, and
thus unlikely to have biased our dataset. We also visually and aurally
validated a representative subset (~100 detected calls) of the data to
confirm the accuracy of this parameter extraction.

For the next analysis (UMAP), the number of Indonesian calls
was reduced from 71,854 to 23,015 by random subsampling, to
mitigate the risk of overrepresentation and ensure a more balanced
contribution from each region. The Indonesian dataset contained an
order of magnitude more calls than others, which could otherwise
dominate the variance structure of the UMAP. The number of calls
parametrised for each dataset is shown in Table 2.

A UMAP was then computed with the following variables for
each of the 80,994 calls: dominant frequency, duration, kurtosis,
highest frequency and lowest frequency. These features were then
standardised using z-score transformation (mean = 0, SD = 1). The
goal of this dimension reduction was to explore whether variation in
fish call acoustic characteristics (e.g., frequency, duration, kurtosis)
was structured by environmental and temporal factors, including
dataset origin, time of day, and lunar cycle. UMAP was selected for
its ability to preserve local and global structure in high-dimensional
data and applied to the scaled dataset (number of neighbours = 20,
minimum distance = 0.1). The resulting two-dimensional
embedding was used to visualise acoustic variation among
recordings. In addition to standard scatterplots of the UMAP
embedding, we generated 1D histograms and density plots of
UMAPI and UMAP2 dimensions to compare the distributions of
embedded points across sites (referred to here as “datasets”). This
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approach highlights similarities or differences in acoustic structure
between locations, even when scatterplots show visual overlap.
We also plotted the UMAP embedding in relation to the moon
phase and the time of the day of each call. Moon phase was
calculated with the python library “skyfield” (Rhodes, 2019)
which issued the phase of the moon in degree (0° is new moon
and 180° is full moon) for the date and time of each call. The time of
the day (local time) was categorised into dawn (04:00-07:00),
midday (07:00-16:00), dusk (16:00-19:00), and night (19:00-04:00).
In summary, we conducted two distinct analyses to explore
variation in fish calls at different levels. The PCA was based solely on
geometric morphometric data extracted from spectrogram shapes,
allowing us to investigate variation in call form independently of
recording context. The UMAP combined acoustic parameters with
environmental and temporal metadata to explore broader
multivariate patterns in call structure and occurrence. Together,
these two approaches provided a complimentary perspective on the
drivers of call diversity across the sampled reef soundscapes.

3 Results
3.1 Fish call detections

From the 144 h of recordings, a total of 120,634 fish calls were
detected (Table 2), showcasing the wide diversity in vocalisations
(examples in Figure 3). The performance test showed a FPR lower
than 4% for all models (Table 3). The TPR was poor (<35%) for all
datasets, likely due to the complexity of coral reef soundscapes,
highlighting that the current source separation models only
captured a portion of fish calls. In our semi-supervised
framework, we prioritised a low FPR over a high TPR. The high
energy thresholds employed minimised false positives but inevitably
reduced the TPR. This trade-off ensured that the subset of calls
retained for downstream analyses consisted of high-SNR fish
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FIGURE 3

Example spectrograms and waveforms from fish calls automatically detected at each location (Australia, French Polynesia, India, Indonesia, Maldives,
Mexico). Spectrograms computed with a 512 sample window and 70% overlap, sampling rate 16 kHz. Generated with R package seewave (Sueur
et al, 2012).

TABLE 3 Performance evaluation of fish call detection models across six datasets. Manual annotations were used to assess the accuracy of model
predictions, with total annotated duration, number of manually detected calls, and number of model-detected calls reported per site. The energy threshold
used for each site’s detection is indicated. Detection accuracy is summarised using the False Positive Rate (FPR) and True Positive Rate (TPR).

Dataset Total Number of fish Energy threshold Total fish calls False True
recordings calls manually used for spectrogram detected by positive positive
annotated detected and detection (dB) models rate (FPR) % rate (TPR) %
(min) annotated

Australia 29.5 1,154 5 622 1.58 20.76

French 215 1,850 5 609 248 14.58

polynesia

India 19.6 764 5 195 1.01 7.09

Indonesia 20.0 4,302 6 726 3.44 13.42

Maldives 20.0 608 5 550 258 34.48

Mexico 22,0 1,560 5 256 0.74 635
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TABLE 4 Summary of the first five principal components from the PCA,
conducted on 25,622 fish calls using geometric morphometric data derived
from spectrogram outlines. The table reports the standard deviation of each
component, the proportion of variance explained, and the cumulative
variance across components. PCA was performed on extracted 2D
semilandmark coordinates, with no contextual or environmental variables
included in this analysis.

Principal

components

Standard deviation 34.41 30.64 25.66 22.05 17.04

Proportion of variance ‘ 18.18% | 14.42%  10.11% = 7.47% ‘ 4.46%

Cumulative proportion 50.17% | 54.63%

‘18.18% 32.60% @ 42.70%

sounds, providing a reliable basis for comparative analyses
across datasets.

To assess whether the detection model introduced bias by
selectively identifying certain types of calls, we compared the
acoustic characteristics of true positives (TP) and false negatives
(FN) in the test set. This analysis, detailed in Supplementary
Material, showed that while FN calls had significantly lower
signal-to-noise ratios, their durations and spectral features (low
and high frequency bounds) did not differ significantly from TP
calls. This suggests that the model predominantly missed quieter
calls but did not systematically exclude specific call types, supporting
the representativeness of the detected calls for downstream diversity
analyses. In summary, the source separation models achieved low
FPR, capturing only a subset of all fish calls present. The detected
calls are predominantly those with high energy, tonal structure, and

limited spectral overlap with background noise (e.g., snapping
shrimp, boat engines). As such, the dataset likely underrepresents
low-amplitude, broadband, or irregular call types. Our findings

200

100

Dim2 (14.4%)

Dim1 (18.2%)

FIGURE 4

10.3389/frsen.2025.1522641

therefore reflect patterns within this detectable subset of calls,
and we interpreted the results with this detection bias in mind.

3.2 Geometric morphometrics method

The summary of the GMM PCA is shown in Table 4. Of the
25,622 components, five were selected to run the analysis (Table 4),
and the two major components used for data visualisation. The
resulting ordination plot represents 33% of the whole variance in the
dataset. Figure 4 shows the ordination analysis acquired for the
different datasets.

Visualisations of the hypothetical consensus sound shape were
designed to represent the variation embedded in each PC axis which
are equivalent to warp grids in shade space from GMM studies
(Figure 5). The mean plot shape represents the ‘consensus’; i.e., the
mean deformations. The mean fish call detected (Figure 5a) was
made of two short bursts at low frequencies (around 500-900 Hz)
separated by about 0.5 s, with possible harmonics showing at higher
frequencies (~1500 Hz). The minimum deformations along PCl
(Figure 5b) illustrate the sound surface at one end of the PCI axis,
i.e, one extreme of shape variation. In contrast, the maximum
deformations along PC1 show the shape at the opposite end of the
same axis, i.e., representing the opposite extreme.

3.3 Acoustic parameters

Using the calculated acoustic parameters for each dataset
(Table 5), UMAP was used to explore patterns across the different
locations. The UMAP projection revealed that acoustic features of fish

|®] Australia

1®| French Polynesia
1®| India

1®| Indonesia

1©| Maldives

1®| Mexico

Principal Component Analysis (PCA) ordination plot of fish calls (n = 25,622) based on the 3D shape of their spectrogram. Points are color-coded by
dataset (location). Due to high point density and overlap, dataset centroids are displayed with larger labelled points to summarize the central tendency of
each location in PCA space. The plot shows the first two principal components (Dim1 and Dim2), which explain 33% of the total variance in the dataset.

Ellipses represent 95% confidence intervals.
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Hypothetical sound surfaces generated from geometric morphometric analysis of fish calls: (a) Mean shape (consensus) configuration across all
calls; (b) minimum deformations (representing one extreme of shape variation); and (c) maximum deformations (representing the opposite extreme)
along principal component 1. The surfaces were produced using the hypo.surf function from the R SoundShape package.

sounds formed a continuous, largely overlapping cloud in the reduced
two-dimensional space (Figure 6a). No distinct clusters corresponding
to specific datasets were observed in the UMAP scatterplot, suggesting
broadly similar acoustic structures across sites. The UMAP projection
revealed a main cluster encompassing the majority of calls, along with
smaller, more discrete “islands” of points. These peripheral clusters
may represent distinct call types, potentially associated with specific
taxa or behavioural contexts. While our unlabelled dataset does not
allow taxonomic assignment, the presence of these groupings suggests
acoustic differentiation that warrants targeted annotation in
future studies.

To further explore potential site-level differences, we compared
the distribution of embedded points along each UMAP dimension.
Histograms and density plots for UMAP1 and UMAP2 revealed
broadly overlapping distributions among datasets, with overlapping
peak locations and spreads. These patterns further support the
quantitative analyses (PCA and geometric morphometrics), which
suggested convergence in acoustic structure across regions for the
detected calls. (Figures 6b,c). The moon phase (Figure 6d) or the
time of the day (Figure 6e) did not reveal any specific structures in
the projection either. This indicates limited separation in acoustic
structure and supports the hypothesis that certain coral reef fish
sounds share conserved acoustic traits across the spatial and
temporal scales investigated.

Frontiers in Remote Sensing

4 Discussion

In this study, we analysed a total of 144 h of recordings from six
different coral reef locations around the world, detecting a total of
120,634 fish calls. Using Geometric Morphometrics Methods
(GMM) and Principal Component Analysis (PCA), we captured
the 3D shape and spectro-temporal features of these calls. The first
two components of the 3D shape analysis (GMM) explained 33% of
the total variance, with calls from different geographical areas
showing substantial overlap in the PCA space. This may reflect a
combination of shared call features in coral reef fish soundscapes
in this study and
differentiation using the current shape descriptors. This analysis

sampled limitations in morphological
was conducted on a large set of putatively detected fish calls.
Validating these patterns using a large annotated dataset, and
with more biogeographical realms would be a valuable next step.

While the calls detected had a wide range of dominant frequencies
(100-3000 Hz) and durations (0.05-1.5 s) — that is, the limits imposed
by our detector-their three-dimensional spectro-temporal shape
(time x frequency x amplitude) remained conserved and strongly
overlapping across datasets. The consensus shape shown in the GMM
represents the average spectro-temporal configuration across all
aligned calls: it shows a unit composed of low-frequency
(bandwidth: ~ 500-700 Hz), short (0.1-0.2 s) pulses, potentially
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TABLE 5 Acoustic parameters for the calls for each dataset. SEM: standard
error of the mean; SD: standard deviation.

Principal component Mean Median SEM SD
Australia (n = 10,221)

Dominant frequency (Hz) 476 338 6 577
Duration (s) 0.078 0.074 0.001 0.019
Kurtosis 21.8 13.4 0.3 28.9
High frequency (Hz) 519 437 4.27 431
Low frequency (Hz) 397 343 4.15 419
French polynesia (n = 22,819)

Dominant frequency (Hz) 823 554 5 749
Duration (s) 0.081 0.074 0.001 0.038
Kurtosis 19.6 14.8 0.2 333
High frequency (Hz) 1179 812 6 836
Low frequency (Hz) 849 563 5 729
Indonesia (n = 23,015)

Dominant frequency (Hz) 379 208 4 576
Duration (s) 0.094 0.074 0.001 0.065
Kurtosis 27.1 13.9 0.3 50.9
High frequency (Hz) 299 281 1 145
Low frequency (Hz) 212 156 1 116
India (n = 1,995)

Dominant frequency (Hz) 341 243 7 332
Duration (s) 0.086 0.074 0.001 0.036
Kurtosis 9.7 5.0 0.4 17.5
High frequency (Hz) 439 344 8 368
Low frequency (Hz) 333 218 8 352
Maldives (n = 13,756)

Dominant frequency (Hz) 813 554 7 766
Duration (s) 0.0943 0.074 0.001 0.065
Kurtosis 18.9 9.9 0.3 35.3
High frequency (Hz) 996 688 7 846
Low frequency (Hz) 745 406 7 811
Mexico (n = 9,188)

Dominant frequency (Hz) 593 230 9 839
Duration (s) 0.090 0.074 0.001 0.042
Kurtosis 14.0 52 0.3 27.8
High frequency (Hz) 825 250 11 1077
Low frequency (Hz) 711 188 11 1025
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with harmonics. This could correspond to the typical knock, croak,
grunt or scrape sounds produced by a variety of resident coral reef fish
species (Lamont et al.,, 2022b), namely, low-frequency energy (typically
200-1000 Hz), short pulse durations, and in some cases, harmonic
components. These similarities suggest potential functional or
mechanistic convergence. For example, fishes from the families
Pomacentridae (damselfishes) and Chaetodontidae (butterflyfishes),
typical resident on tropical coral reefs, have been previously described
as producing such calls (Tricas and Boyle, 2014; 2021; Parmentier et al.,
2016; Tricas and Webb, 2016; Lobel et al., 2019). The convergence
observed in dominant frequency and call duration across locations
may reflect shared environmental and biological constraints.
Physically, shallow reef habitats promote the use of low-frequency
or broadband, short-duration pulses that propagate more effectively in
cluttered, reverberant environments where high frequencies attenuate
rapidly. Anatomically, many reef fish lineages rely on similar
drumming muscles, swimbladder mechanisms, or pectoral-based
stridulation systems that inherently produce low-frequency or
broadband pulses. Ecologically, communication in noisy reef
environments may select for brief, high-SNR pulse trains that
maximise detectability and minimise masking. Together, these
constraints could produce convergent acoustic properties even
among distantly related taxa and across widely separated regions.

This high degree of overlap in the features of sounds produced
by different fishes has already been described (Tricas and Boyle,
2014) and seems to characterise the sounds from sympatric
populations of hundreds of species that are concentrated in small
geographic areas defining coral reefs. While coral reef biodiversity
can globally display clear spatial patterns, fish species among families
are strongly conserved across the Indo-Pacific (Bellwood and
Hughes, 2001; Maxwell et al., 2022), a trend that our call dataset
confirms. Looking at biogeography at the realm scale (sensu
Kulbicki et al., 2013), the calls from our study all fall within the
Indo-Pacific realm, except for the Mexican dataset, which would
belong to the Atlantic realm. Further work exploring the global
distribution of coral reef calls should include more datasets from the
Atlantic and from the Tropical Eastern Pacific realms. Therefore,
although all studied regions would differ in overall species richness,
their reef fish communities include broadly comparable ecological
guilds and many shared dominant families (e.g., Pomacentridae,
Labridae, Acanthuridae and related herbivores,
planktivorous and nocturnal families). However, differences in
species composition and relative abundance among regions may
contribute to variation in acoustic assemblages. Because we lacked
standardised community survey data across all sites, we could not
directly associate specific acoustic clusters with local fish
assemblages. Incorporating ecological surveys alongside annotated
acoustic datasets represents an important future direction for
linking call structure to taxonomic identity.

various

The UMAP embedding, based on five key acoustic parameters,
revealed a largely homogeneous distribution of fish calls across
geographical locations, with minimal evidence of strong clustering
by region. While some datasets (e.g., French Polynesia and Mexico)
showed subtle shifts in their distributions, the majority of calls
overlapped substantially in reduced-dimensional space. This
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(a) Uniform Manifold Approximation and Projection (UMAP) projection of fish calls (n= 80,994) based on five different acoustic metrics, colour-
labelled by location. Density plots for UMAP1 (b) and UMAP2 (c) for each dataset (i.e., sites). UMAP projections colour-labelled by (d) moon phase (in
degrees, where 0° is new moon and 180° is full moon) and by (e) time of day (dawn, dusk, midday or night).

suggests, like the previously discussed PCA, that many coral reef fish
calls share similar acoustic properties regardless of origin. However,
the limited but visible structure in the UMAP plots may reflect
underlying variation in dominant, highest, or lowest frequencies
among locations, traits that could be shaped by both species
composition and environmental conditions. The subtle
separations (i.e., a few “islands”) observed in the UMAP space
could correspond to species- or family-specific call types that are
less widely distributed than the predominant acoustic forms
represented by the main cluster. These patterns may reflect
ecological or phylogenetic constraints on call structure, and
future work combining annotated call libraries with taxonomic
information will be essential to link acoustic diversity with
species identity. These small differences hint at potential
mechanisms ~ of partitioning, prompting further
exploration of the spectral niches occupied by reef fishes. The
importance of the frequency bandwidth of fish calls has been
highlighted in previous work, as well as their separation into

acoustic
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distinct “niches”. For example, Noble et al. (2024) used
unsupervised machine learning to cluster fish sounds from a US
Virgin Islands reef, and noted the stratification of the total frequency
range into clusters of different frequency bands. This clustering
likely promotes effective communication, probably enabling
individuals to identify conspecifics better and to communicate
concurrently with other species. Similar coral fish call spectral
separations were observed for the coral reef soundscapes of Goa
(Mahale et al., 2023) and French Polynesia (Nedelec et al., 2015).
Such acoustic niche partitioning has been observed in other taxa,
such as insects (Schmidt and Balakrishnan, 2015), bats (Salinas-
Ramos et al., 2020) and cetaceans (Filatova, 2024). The partitioning
may be spatial, where different species avoid acoustic interference by
spacing themselves apart, or temporal, by vocalising at different
times of the day or during different seasons.

We expected a larger contribution of time of day to some of the
UMAP structure, as other studies of fish communities highlighted a
strong temporal partitioning, especially between diurnal and
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nocturnal species (Ruppé et al., 2015; Bertucci et al., 2020). Even if
some species are more active during certain periods, there could be
significant overlap in calling activity across species throughout the
day. However, we acknowledge that our conservative detector was
most effective at capturing a predominant call type with limited
temporal variability, while other call types (i.e., potentially showing
stronger temporal partitioning) may have been missed. Our
conclusion of weak temporal structuring should therefore be
interpreted light of this methodological
Furthermore, our study did not account for different seasons,

in constraint.
which may also influence the frequency niche partitioning, as
observed in fishes from the Sciaenidae family (Luczkovich and
Sprague, 2011). Some other factors may be shaping the frequency
components of fish calls, like the ambient sound itself. Fish may
adapt their calling frequencies based on the acoustic properties of
their environment to maximise the range and clarity of their calls
under specific conditions. Environmental factors such as depth,
temperature or substrate type could then influence how different
frequencies propagate and each condition create a competition for
acoustic space. Including data from different environmental
conditions could help investigate diverse acoustic niche
partitioning elements.

Our fish call detection models yielded a low FPR (<4%), which met
our primary aim of characterising the range of fish calls in the
soundscape rather than achieving exhaustive detection. The TPR
was lower (16% on average), reflecting that many calls were missed,
primarily due to variable background noise and reduced detectability
of lower-SNR events. Importantly, supplementary analyses showed
that these missed calls did not differ systematically in spectral or
temporal features, supporting that the retained dataset remains
representative of the broader fish acoustic community. Nevertheless,
the similarity observed among calls should be interpreted in light of
these methodological constraints. Furthermore, TPR varied among
locations (from 6% to 35%), suggesting that the model performed
better in some soundscapes than others. While our analyses show that
this variation was primarily related to SNR rather than systematic
exclusion of certain call types, it may also reflect ecological differences
in call composition and background noise across sites.

It is important to note that our acoustic parameters and UMAP
analysis focused on broad acoustic descriptors (dominant frequency,
duration, kurtosis, band edges), which capture the overall
spectral-temporal envelope of calls but not the finer-scale
temporal organisation of pulse trains. Many reef fish calls consist
of structured sequences of pulses, where inter-pulse intervals, pulse
repetition rates, and amplitude-modulation envelopes carry species-
specific information and can underpin acoustic niche partitioning.
Our detection approach, optimised for extracting high-SNR
transients, isolates call bursts but does not resolve their internal
temporal architecture. This limitation likely contributes to the
convergence observed in the parameters analysed here, and
future methods capable of capturing fine temporal structure may
reveal additional axes of differentiation among taxa.

As calls from unidentified fish sounds are continuously recorded
and sampled, our methodology presents a new way to compare
between acoustic communities and explore the structure of these
acoustic assemblages in the general soundscape. However, given the
current detector’s limitations, we cannot claim to fully quantify
diversity among reefs. Future

heterogeneity or acoustic
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developments in detection algorithms will be essential to address
this. Future work should also include comparisons with calls from
different ecosystems to further examine the convergent acoustic
properties we found in coral reef fish communities. For example,
soundscapes from temperate reefs, mangroves, or deep coral reefs
could be compared with our results. The development of underwater
low-cost autonomous recording units will significantly increase the
availabilities of long-term recordings of underwater soundscapes
(Chapuis et al.,, 2021; Lamont et al., 2022a). More generally, our
methodology could be applied to other animal taxa, like birds and
bats, which benefit from more annotated datasets, trained detectors
and classifiers (e.g., Brooker et al., 2020; Roemer et al., 2021; Dierckx
et al., 2022). Similarly, with the evolution of AI and automated
species identification, a phylogenetic approach could be added to
our analysis. Adding phylogenetic signals to the geometric
morphometric analysis of the call shape would add valuable
additional power to our approach. Investigations of particular
interest on the evolution of calls in coral reef fishes, and further
studies on acoustic niche partitioning hypotheses will be then within
reach. The importance of factors like the moon phase and time of the
day may then become more prevalent, when weighted for the species
correlations.

In conclusion, our study provides preliminary evidence that
certain coral reef fish calls, despite geographic separation, may
exhibit notable acoustic and spectro-temporal similarities. While
these results are based on putatively detected signals and should be
interpreted with caution, they raise important questions about the
structure of coral reef soundscapes and the potential for using fish
call characteristics in non-invasive monitoring of reef health (Jarriel
et al, 2024). Our results also highlight the need for further
methodological development. Improving detector performance to
increase TPR and minimise potential biases will be essential for the
wider application of this approach. Future refinements, including
training on more diverse libraries of fish calls, will be critical to
extend the utility of the tool for examining acoustic diversity and
ecological patterns at broader scales. As technological advances
make long-term passive acoustic monitoring more accessible, the
integration of these methods with automatic detection (Mouy et al.,
2024) and species identification holds great promise for the future of
coral reef conservation. By further investigating the acoustic
behaviour of fish communities across different ecosystems, we
can continue to develop comprehensive soundscape-based health
indicators, providing a valuable addition to traditional biodiversity
assessments.
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