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1.  INTRODUCTION

Marine environments are notoriously difficult to
study over extended time frames, but long-term
monitoring is an effective means to evaluate changes
in ecosystem status. Passive acoustic monitoring

(PAM) allows for cost-effective, protracted environ-
mental sampling that can be used to monitor ecosys-
tem health and species diversity. PAM complements
other techniques by sampling marine en vironments
at night, in low-visibility conditions, and over longer
temporal scales. Specifically, PAM provides some
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ad vantages over visual assessments and can provide
information to inform more holistic conservation ef -
forts and marine park management.

Within the marine environment, the teleosts (bony
fishes) are excellent candidates for using PAM to
understand behavior and evaluate the effects of envi-
ronmental change. Teleosts have the most diverse
mechanisms for sound generation among all verte-
brates (Ladich et al. 2006), and the abundance of
sound production presents an opportunity to exam-
ine how sound production behaviors respond to ex -
ternal pressures (Mann & Lobel 1998). An important
step in PAM analysis for teleost sound production is
the development of automated analytical techniques
capable of efficiently processing the vast quantity of
acoustic data produced during long-term PAM de -
ployments. Starting with a well-studied, acoustically
active group of fishes, like pomacentrids, is the best
way to facilitate the development of these techniques.

Pomacentrids play an important ecological role in
coral reef systems, and healthy populations are often
as sociated with healthy reefs that have high coral cover,
habitat complexity, and functional diversity (Noonan
et al. 2012, Darling et al. 2017). This group of fishes is
important in reef trophic dynamics as prey for meso-
and top predators (Emslie et al. 2019). The poma cen -
trids are also one of the most thoroughly studied groups
of acoustically active fishes (Cole 2010). By grinding
their pharyngeal teeth, pomacentrids create pops,
clicks, and chirps that are generally associated with
aggressive behavior and nest defense, or a series of
pulses, called a pulse train, that is associated with the
courtship display of males (Weimann et al. 2018). Sound
generation is associated with these different behaviors
and can vary between species. There can even be dis-
tinctive variation in sound production at the individual
level (Vieira et al. 2015). The combination of an abun-
dance of previous acoustic studies, their ecological
importance, and the diversity of sounds produced
make pomacentrids ideal candidates for the develop-
ment of automated PAM analytical techniques.

Machine learning techniques can be used to auto-
mate processing of the extensive amount of data col-
lected by PAM recorders, which can continuously
sample for multiple years (Allen et al. 2021). Machine
learning techniques have been used to detect acoustic
signals from birds and bats, with more recent appli-
cations to marine mammals (Bergler et al. 2019, Ber -
mant et al. 2019, Shiu et al. 2020, Zhong et al. 2020).
Some initial research with machine learning and fish
sound production has also been done (Vieira et al.
2015, Noda et al. 2016, Sattar et al. 2016, Lin et al.
2018, Malfante et al. 2018).

A convolutional neural network (CNN) is a class of
deep neural networks commonly applied to image
recognition tasks. CNNs offer a useful methodology
for datasets by leveraging state-of-the-art image re -
cognition architectures and training techniques such
as transfer learning. Transfer learning uses a given
dataset to fine-tune the pretrained weights of an
existing model, as opposed to training a model from
scratch. Transfer learning accelerates the model
training process and improves performance, but more
importantly, it allows researchers to train from a much
smaller dataset. In the speech recognition realm,
CNNs have outperformed more traditional machine
learning systems that use Gaussian mixture and hid-
den Markov models (Hinton et al. 2012). Combining
passive acoustic data collection with CNN techniques
offers minimally invasive, inexpensive solutions to
help understand how the marine environment is
changing over time due to climate change and other
anthropogenic influences.

In 2015, the National Oceanic and Atmospheric
Administration (NOAA) and the National Park Serv-
ice (NPS) collaborated to establish the Ocean Noise
Reference Station (NRS) Network. The NRS is a US-
wide long-term PAM array specifically designed to
monitor baseline conditions and long-term trends in
underwater soundscapes in marine environments,
in  cluding anthropogenic and biological drivers of
underwater sound (Haver et al. 2018). This multi-
year effort to collect underwater passive acoustic
data includes monitoring in the National Park of
American Samoa (NPSA), which presents a unique
opportunity to develop bioacoustic detection and
analytical techniques used to survey ecologically
important indicator species (such as pomacentrids)
and explore the relationships between acoustic con-
ditions and animal behavior in a remote ocean area.
Haver et al. (2019) examined the underwater acoustic
environment at NPSA, focusing on ambient sound
levels and humpback whale calls to document
acoustic conditions, and compared those features to
other marine protected area monitoring sites in
waters less than 100 m depth. The findings suggest
that acoustic metrics shift with time, reflecting envi-
ronmental factors. Fish bioacoustics in American
Samoa remain unexplored, but these data can be
leveraged with minimal additional effort to charac-
terize the relationship between the sound production
behaviors of fish and environmental variates, some of
which, like sea surface temperature (SST), are closely
tied to climate change (Doney et al. 2012).

The goal of our work was to (1) determine the via-
bility of training a CNN to detect pomacentrid sounds,
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(2) utilize the CNN to determine the temporal dis-
tribution of sound production behaviors in NPSA
over a 4 yr period, and (3) explore potential connec-
tions between pomacentrid sounds and environ-
mental cues such as wind speed, water tempera-
ture, tidal amplitude, and sound pressure level
(SPL). Our re search demonstrates the applicability of
CNN machine learning techniques to PAM data to
detect and classify pomacentrid sounds. Determin-
ing a baseline archive of pomacentrid sound produc-
tion contributes to the understanding of changes in
occurrence re lated to shifts in the marine environ-
ment and the possible effects of changing acoustic
environments on fishes.

2.  MATERIALS AND METHODS

2.1.  Location and site description

American Samoa is a small archipelago in the
South Pacific Ocean region of Polynesia. It is geo-
graphically isolated and not in proximity to any
major ports. NPSA is a 54 km2 national park in the US
territory of American Samoa established in 1988 and
distributed across 3 islands: Tutuila, Ofu, and Ta’ū.
The park preserves and protects coral reefs, tropical
rainforests, fruit bats, and the Samoan culture. The

Coral Reef Ecosystem Division (CRED) of NOAA’s
Pacific Islands Fisheries Science Center (PIFSC) has
previously monitored fish abundance at the study
site via towed-diver and rapid ecological assessment
techniques. These studies were conducted biannu-
ally from 2002 to 2010 (PIFSC 2011). CRED was also
in volved in the PAM of humpback whales in Ameri-
can Samoa (Munger et al. 2012). The NRS autonomous
underwater hydrophone (AUH) recorder was de -
ployed within a marine protected area managed by
NPSA to monitor the acoustic environment and as -
sess the impacts of noise on marine mammals, fish,
and other marine resources in the park. The hydro -
phone recorded more than 18 000 h of acoustic data
(616 GB) over 39 mo.

2.2.  Instrumentation

The AUH was designed and built by the NOAA
Pacific Marine Environmental Laboratory, and de -
ployed by NPSA-based NPS dive staff in sandy sub-
strate at a depth of 33 m off the northern coast of
Tutuila Island (−14.27°, −170.72°), approximately
60− 100 m from the nearest coral reef (Fig. 1). The
AUH was recovered annually to download data and
refurbish equipment. The in-water deployment dates
were from 14 June 2015 to 5 April 2016; 18 August to

Fig. 1. Location of the autonomous underwater hydrophone (NRS10) in the National Park of American Samoa (−14.27°, 
−170.72°) in relation to nearby coral reef and hardbottom substrate
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12 November 2016; and 28 July 2017 to 1 September
2018. The AUH contained a single hydrophone with
a sensitivity of −192 dB re 1 V/m Pa and it was pro-
grammed to continuously sample at a rate of 5 kHz.
Raw binary data were conditioned by a calibrated pre-
amplifier and pre-whitening filter before conversion
to .WAV format for analysis (Haver et al. 2019).

2.3.  Analysis of patterns in fish sound production

2.3.1.  Temporal variation and patterns in 
sound production

We wanted to examine the variation in pomacentrid
sound production across years. Because the numbers
of pomacentrid calls were zero-inflated and non-nor-
mal (Fig. S1 in the Supplement at www. int-res. com/
articles/ suppl/ 681 p197 _ supp .pdf), a Kruskal-Wallis
non- parametric test was performed to determine if
there was a statistically significant difference in the
number of subsamples that contained pomacentrid
calls across all 4 study years. Additionally, to evalu-
ate the 6 pairwise differences between the years, a
pairwise Wilcoxon rank sum test was performed with
a Bonferroni correction to account for multiple com-
parisons. All computations were run in R (version
4.0.4; R Core Team 2021).

2.3.2.  Relationship of sound production to 
environmental parameters

We investigated the relationship between wind
speed, water temperature, tidal amplitude, and SPL
and the number of subsamples where pomacentrid
sounds were present using a zero-inflated negative
binomial (ZINB) regression analysis with the ‘pscl’
package in R (Zeileis et al. 2008). The ZINB model ac-
counts for an excess of zero values and non-Gaussian
data (Blasco-Moreno et al. 2019). The results for ZINB
models are reported in 2 parts. The zero-inflated por-
tion indicates if the covariates are significant predic-
tors of false zeros. A false zero is defined as the ab-
sence of calls due to experimental design or observer
error. The count portion of the model in dicates if the
covariates are significant predictors of the number of
subsamples containing pomacentrid sounds. Each
part of the ZINB model is reported as an odds ratio, a
measure of association between an exposure (to the
environmental variables) and an outcome (a poma-
centrid call). It is not possible to calculate probability
in a case-control study. Both the zero-inflated and

count portions of the model included all environmen-
tal variables (tidal amplitude, wind speed, SST, and
SPL) with year, month, and hour as factors (Table S1).

SST and wind speed data were obtained from
NOAA National Ocean Service Buoy Station NS TP6
- 1770000 - Pago Pago, American Samoa (−14.28°,
−170.69°; NOAA National Ocean Service 1971).
Tidal amplitude was calculated in MATLAB® (ver-
sion 2018b; MATLAB 2018) software using Oregon
State University’s Tidal Model Driver model. Ambient
SPLs were calculated in 5 min segments with MAT-
LAB® software from the original 10 Hz to 2 kHz data
files (.DAT binary format) using long-term spectral av-
erages summarized in 1 Hz/5 min bins. We chose am-
bient SPL measured as the root mean square (RMS) of
the time series within the 50 Hz to 1.5 kHz frequency
band (SPL RMS 50 Hz – 1.5 kHz) because it contains the domi-
nant frequency range of pomacentrid sound produc-
tion (Frédérich & Parmentier 2016).

2.3.3.  Estimating detection range

Sound propagation is influenced by a suite of envi-
ronmental factors, so we used conservative propaga-
tion estimates in the absence of specifics about how
particular types of substrate and environmental con-
ditions would impact the sound propagation. To esti-
mate the detection range of pomacentrid calls for the
acoustic sensor, we assumed that the study environ-
ment (i.e. water temperature, salinity, and benthic sub-
strate) was consistent at the stationary AUH. We also
assumed simple spherical spreading of underwater
sound (i.e. sound propagates uniformly in all directions)
with transmission (energy) loss, relating only to the
distance from the sources [10 × log(range2)]. Trans-
mission loss of pomacentrid sounds between the reef
and the AUH (approximately 100 m minimum at 33 m
depth) was calculated in the MATLAB® Phased Array
System Toolbox assuming a fundamental frequency
of 400 Hz (Frédérich & Parmentier 2016) and sound
production source levels of green damselfish Abudef-
duf adominalis at 105−130 dBRMS re 1 μPa at 1 m
(Maruska et al. 2007). In general, source levels of reef
fish are reported to be 144−157 dBRMS re 1 μPa at
1 m (Tolimieri et al. 2004), indicating that the source
levels of A. abdominalis are lower and represent a
conservative estimate. To approximate the range of
distances that the fish calls could be detected at the
acoustic sensor, we subtracted the transmission loss
and daily mean ambient noise (dBRMS re 1 μPa 355 Hz
[center frequency 400 Hz]; Haver et al. 2019) from the
source levels of the fish calls.
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2.4.  CNN

2.4.1.  Background and general approach

The artificial intelligence (AI) strategy is 1 of 6 key
areas of the NOAA 2020 Science & Technology Strat-
egy where NOAA plans to expand efforts in transfor-
mative advancement (NOAA Research Council no
date). NOAA has already been working collabora-
tively with Google on innovative applications of
machine learning such as the acoustic monitoring of
humpback whales (Allen 2018, Harvey 2018, Allen et
al. 2021). However, automatic detection of the sound
production of fishes is a relatively new and under-
explored area of science, and one that supports the
ambition of the NOAA AI Strategy (NOAA 2020).

Our approach translated the sound detection and
classification problem into a supervised image recog-
nition task using spectrograms that allowed us to
leverage advances in CNN architectures. We utilized
the ResNet-50 neural network (Russakovsky et al.
2015, He et al. 2016) and transfer learning to produce
a state-of-the-art binary classification model (Fig. 2).

2.4.2.  Training data collection

The training dataset was comprised of known
pomacentrid pulse trains and chirps because they are

good indicators of pomacentrid acoustic activity.
Pomacentrid sounds were identified at the family
level by comparing acoustic attributes such as fre-
quency bandwidth, spectral peak frequency, pulse
repetition frequency, pulse number, inter-pulse inter-
val, and call duration (Maruska et al. 2007, Parmen-
tier et al. 2009, Weimann et al. 2018). Field record-
ings in .WAV format were analyzed visually and
aurally using the sound analysis software Raven Pro
(The Cornell Lab of Ornithology 2014; Fig. 3).

Training data samples were manually selected
using a systematic sampling strategy in Raven Pro by
scrolling spectrograms from 1 day from each of the
first 10 mo of data, every 2 h in 2 min segments.
These samples were used to build the initial poma-
centrid sound production training dataset (n = 223).
An initial dataset with approximately the same
number of samples was also collected to approxi-
mate noise, including non-pomacentrid fish calls,
whales, snapping shrimp, and ambient sound that
occurs when no pomacentrid sounds are present
(Fig. 2, Step 1).

The timestamps from the Raven Pro tables were
used to create 2 s long samples from the original
acoustic signal. These samples were then converted
into Mel spectrograms (Fig. 2, Step 2) using the
‘fastai_audio’ library (Blum & Bracco 2019) with the
following parameters: f_min = 200.0, f_max = 1000.0,
hop_length = 32, n_fft = 128, n_mels = 64, pad = 0,

201

Fig. 2. Machine learning process for detection of pomacentrid sound production from initial collection of data and model training 
to application over the entire dataset. Details are provided in Section 2. CNN: convolutionary neural network
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win_length = None. A Mel spectrogram uses the Mel
scale — a logarithmic conversion from hertz based on
pitch comparisons that reduces the dynamic range of
the audio, making the resulting spectrogram more
amenable to generalized image recognition. Mel
spectrograms led to higher accuracy rates over linear
spectrograms when fine-tuning the model, presum-
ably because they made the frequencies containing
pomacentrid calls more visually prominent.

2.4.3.  Training process

Using the pre-trained weights from the ResNet-50
architecture, we fine-tuned an image classifier with
our initial training dataset using the ‘fastai_audio’

library (Fig. 2, Step 3). The initial model was de -
ployed to infer candidate call segments within 4 h
recording segments that were not previously used to
populate the initial training set. In machine learning,
inference refers to the process of making predictions
based on your trained model. Candidate segments
containing pomacentrid sounds were evaluated by a
human and joined with the initial training dataset
(Fig. 2, Step 4). The training dataset was approxi-
mately doubled using this technique, improving the
accuracy of the model. Total samples collected for
training included 465 damselfish sounds and 472
examples of noise (Supplement, [https:// github.
com/ whoahbot/sonumator/tree/master/training_set]
for training and test datasets). The ‘fastai’ library uses
20% of the training dataset for validation (Fig. 4).
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Fig. 3. Representative (a) waveform and (b) spectrogram of pomacentrid sound production (Hanning window Fast Fourier
transform [FFT] = 128, overlap = 90%, Nonequispaced Fast Fourier Transform [NFFT] = 128, sampling frequency = 5000). Color
gradient (dark blue to yellow) indicates intensity of the sound in each frequency and time bin. The lowest intensity sound levels
are dark blue, while the highest intensity are orange to bright yellow). Sounds typically exhibit short duration (0.1 s), 400−1200 Hz 

clusters of pulses, with inter-pulse intervals of ~0.1−0.25 s

Fig. 4. Split of the data used to train the model (Train), evaluate the model during training (Validation), and evaluate the model 
with previously unseen data (Test)
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We began the training process again with the ini-
tial Resnet-50 weights and our expanded training
corpus. The ‘fastai’ weight decay default was in -
creased to 0.1 to avoid overfitting of the model. A
learning rate of 0.02 and 20 epochs yielded the high-
est accuracy (Fig. 2, Step 5). The newly trained model
was tested with novel recording segments, and clas-
sifications were both visually and aurally inspected
for accuracy (Fig. 2, Step 6).

2.4.4.  Model application and inference

All recordings were binned into 2 s segments and
the model was used in a binary fashion to detect the
presence of sound production in each segment (Fig. 2,
Steps 7 & 8). One-Zero scoring methods were used to
determine the number of segments where pomacen-
trid sounds were detected by the model. The area
under the curve (AUC) was calculated at the default
‘fastai_ audio’ library decision threshold of 0.5 using
the ‘scikit-learn’ module (Pedregosa et al. 2011) in
Python.

3.  RESULTS

3.1.  Model performance

The accuracy of the trained CNN model based on
the validation dataset was 0.9421, suggesting that
94% of all 2 s segments were correctly classified as
containing either a pomacentrid sound or noise.
Cross-validation was measured using a previously
unseen test dataset, separate from training and vali-
dation data, of n = 182 recording segments (Fig. 4).
Accuracy of the model based on the test dataset was
0.8736. Sensitivity or recall, measured as the ability
of the model to correctly identify sound production,
was 1.00. Precision, the metric reporting the propor-
tion of correct positive identifications, was 0.7553.
The specificity (probability of no detection given
that there was no sound production) of the model
was 0.7928, and with the decision threshold of the
fastai library set at 0.5, we calculated the AUC at
0.9 (Fig. S2). Further explanation of the use of these
metrics can be found in Metz (1978).

3.2.  Detection range estimate

We calculated the approximate received sound
level of pomacentrid calls to be in excess of daily

mean ambient levels at ranges up to 200 m, which is
greater than the estimated distance (60−100 m, Fig. 1)
between the AUH and nearest reef system.

3.3.  Temporal distribution and patterns

At least 1 year was identified as having statistically
different call rates from the other years (2015−2018;
H (4) = 4386, 3 df, p < 0.0001). Upon further analysis,
each year was found to be significantly different from
all other years (p < 0.0001) with a Bonferroni cor-
rected significance level of α = 0.0083. The percent of
2 s segments where sound production was detected
declined from 3.3% in 2015 to 1.1% in 2017 (Table 1).
The interannual variation results suggest heteroge-
neous occurrence of sound production behaviors
between study years and a non-monotonic decline in
the presence of sounds over the first 3 yr of the study
(Table 1, Fig. 5). There was a slight increase in the
median number of segments where sound produc-
tion was detected from 2017 to 2018.

We also found notable variability in pomacentrid
sound production rate. For example, there was an
increase in the 1 wk rolling average number of seg-
ments in February 2018 and another peak in April
2018 (Fig. 6). Additionally, pomacentrids are more
sonically active during the day, following a diel cycle
of increased call activity between 06:00 and 18:00 h
local time (Fig. 7).

3.4.  Environmental parameters

3.4.1.  Zero-inflated portion of the model

Tidal amplitude and SPLRMS 50 Hz - 1.5 kHz were both
significant predictors in the logit model predicting
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2015 2016 2017 2018

Number of 2 s segments 19 242 17 280 14 976 23 401
with sounds detected

Percent of segments where 3.3 2.7 1.1 1.8
sounds were detected

Median number of segments 15 12 5 8
where sounds were detected

Standard deviation from 31.50 33.37 19.15 29.07
median

Table 1. Summary statistics for the number of 2 s segments
where sound production was detected in each 15 min interval
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false zeros (resulting from observer or experimental
design error). The odds of a sound not being present
in each 15 min recording interval decreased by 0.80 for
each unit increase in tidal amplitude and increased by
1.10 for each unit increase (1 dB) in SPLRMS 50 Hz - 1.5 kHz,
holding other variables constant. Wind speed and wa-
ter temperature were not significant predictors of the
absence of sound production (Table 2). Occurrence of
increased tidal amplitude was associated with fewer
false zeros, while increased SPLRMS 50 Hz - 1.5 kHz was as-
sociated with more false zeros.

3.4.2.  Count portion of the model

The odds of a pomacentrid sound being present in
each 15 min recording interval increased by 1.05 for
each unit increase in tidal amplitude (m), by 1.04 for
each unit increase in wind speed (m s−1), and by 1.08 for
each unit increase (1 dB) in SPLRMS 50 Hz - 1.5 kHz, holding
other variables constant. The odds of pomacentrid
sound being present decreased by 0.77 for each unit
increase in SST (°C), holding other variables constant
(Table 2). In creased tidal amplitude, wind speed, and
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Fig. 5. Symmetrical log number of 2 s segments where sound production was detected in each 15 min interval by year for
pomacentrids in the National Park of American Samoa. Median values, represented by central tendency lines, are provided
in Table 1. Interquartile ranges are represented by the box limits. Error bars extend to the smallest and largest observations 

that are not outliers. Data (represented by points) outside of the error bars are considered outliers
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Fig. 6. Variability in the number of pomacentrid sounds produced over time at the National Park of American Samoa. Data are
displayed as the number of 2 s segments where sound production was detected for each 15 min interval and a 1 wk rolling 

mean between August 2017 and July 2018
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SPLRMS 50 Hz - 1.5 kHz was associated with more poma-
centrid sounds being present. Occurrence of increased
SST was associated with fewer sounds being present.

4.  DISCUSSION

4.1.  CNN for pomacentrid sounds

Deep learning techniques continue to advance the
image recognition and object recognition domains,

each of which has broad applicability to a range of
classification problems in biology. In this study, we
demonstrate that the development of CNNs within
the context of fish bioacoustics provides a useful tool
for the extraction of relevant ecological information
from PAM. Our CNN model performed at 94% accu-
racy — a promising result considering the variation in
acoustic conditions at this site over the 4 yr period.

The methodology presented in this study is an ex -
ample of efficient means for processing PAM data
with relatively little effort put into training a model
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Fig. 7. Number of 2 s segments where
sound production was detected for
each 15 min interval in pomacentrids
at the National Park of American
Samoa showing a diel cycle by (a)
number of segments over a represen-
tative 1 wk period (7−13 May 2018),
and (b) symmetrical log number of
segments by hour pooled over all
years. Box plot parameters as in Fig. 5.
Note that the number of 2 s segments 

in a 15 min interval is 450

Count model Zero inflation model
Coefficient SE p Coefficient SE p

Intercept 4.8129 1.6074 0.0009* 0 7.4932 <0.0001*
Tidal amplitude (m) 1.0524 1.0155 0.0009* 0.7971 1.0664 <0.0001*
Wind speed (m s−1) 1.0420 1.0024 <0.0001* 0.9994 1.0095 0.5636
Sea surface temperature (°C) 0.7728 1.0081 <0.0001* 0.9852 1.0434 0.6572
SPLRMS 50 Hz - 1.5 kHz 1.0775 1.0038 <0.0001* 1.0997 1.0149 <0.0001*

Table 2. Zero-inflated negative binomial results for environmental parameters. Coefficients have been scaled exponentially. 
Asterisk (*) indicates statistical significance at α = 0.05. SPL: sound pressure level; RMS: root mean square
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and no need for complex feature engineering. Specif-
ically, leveraging transfer learning techniques and
using the pre-trained weights of the ResNet-50 archi-
tecture allowed us to train a binary classification
model to a high level of accuracy with a relatively
small training dataset. When compared to a manual
sound identification procedure, this is a considerable
improvement in terms of the investment of time to
achieve this level of ecological inference. It is impor-
tant to point out that although we had access to a
large dataset for this study, we only needed a small
number of samples to train a model that performed
well. Once the model was trained, we were then able
to apply the model for inference over the entire 4 yr
period to gain insight on ecological patterns.

4.2.  Temporal distribution and patterns of poma-
centrid sound production

Pomacentrids in NPSA are more acoustically active
during daylight hours (Fig. 7), which is in line with
their diurnal feeding and spawning behaviors, with
some variation by species (Robertson 1984, Zemke-
White et al. 2002). While the results of this study
do not distinguish between feeding and spawning
acoustic behaviors, they provide initial insight for
how patterns in calling relate to feeding activity. Fur-
ther, herbivorous pomacentrids are algal mat gar-
deners, and when feeding they are likely producing
territorial call displays and having agonistic interac-
tions with other fishes. Therefore, our diurnal call
result suggests that the feeding pattern may be re -
lated to changes in the nutritional quality of the algae
throughout the day (Randazzo Eisemann et al. 2019),
with more agonistic interactions as food becomes
scarce.

Longer-term variability in call patterns may pro-
vide insight into courtship activities and reproduc-
tion (Fig. 6). Reproduction in some pomacentrids is
cued by lunar and tidal cycles, presumably to syn-
chronize spawning with water conditions that are
favorable for larval survival (Doherty 1983, Foster
1987). The interannual variation in call rates sug-
gests heterogeneous occurrence of sound production
behaviors across study years, with a slight decline in
sound production rates over the first 3 yr of the study
(Fig. 5, Table 1). Understanding the biological signif-
icance of these differences requires either separation
of calling by behavioral state or integrating PAM
methods with observational data. These results offer
a promising method for detecting changes in the
temporal occurrence of sound production related to

reproduction to ultimately provide key information
for conservation management planning and actions.

Pomacentrids have been used as indicator species
because of their influence on nutrient cycling and
their important role as prey for commercially har-
vested fishes (Pinnegar 2018). Our work creates a
baseline for the presence and seasonal patterns of
pomacentrid sound production in NPSA, useful for
ongoing monitoring and the detection of trends for
the purposes of conservation (Teixeira et al. 2019).
Building on the strong relationship between sound
production behaviors and environmental variates,
further research is recommended to determine po -
tential ties between long-term patterns of sound
occurrence and reef conditions, fishing pressure,
noise pollution, water quality, and other anthropo -
genic influences. These data can supplement current
monitoring efforts by the NPS for the key indicators
of long-term impacts of climate change (National Park
Service, date unknown.

4.3.  Environmental parameters influencing sound
occurrence

The relationship between sound occurrence and
all environmental parameters was analyzed using
the ZINB regression analysis described in Section
2.3.2. The results for the count portion of the model
will be discussed separately for each parameter.

We found that the presence of pomacentrid sound
increases as tidal amplitude increases. High tidal
amplitude is associated with high flow velocity, which
is important to planktivorous species of fishes (Eggert-
sen et al. 2016). Planktivorous species of pomacen-
trids may be more likely to elicit territorial calls while
feeding on prey being brought in by the current.
Additionally, because the lunar cycle influences both
tidal amplitude and pomacentrid reproductive activ-
ities (Doherty 1983), there could be a more complex,
multivariate influence on pomacentrid call rates.
Using the methods developed in this study, future
studies could explore this relationship in more detail
using a hydrophone array for localization and cam-
eras to capture behaviors.

Like tidal amplitude, the presence of pomacentrid
sound increases in the recording as wind speed in -
creases. Although ambient sound levels increase as
wind speed increases (Wenz 1962, Haver et al. 2019),
creating the potential for ambient noise to mask call
detections, we found an increase in call presence,
suggesting that these fish — similar to other species —
increase sound production in noisy conditions (Picci-

206



Munger et al.: Pomacentrid call analysis

ulin et al. 2012, Holt & Johnston 2014). More parsimo-
niously, the correlation between higher wind speed
and increased sound production rates in this study is
likely attributable to the co-occurrence of diel pat-
terns of increased wind speed and fish sound produc-
tion. A continued line of inquiry between high wind
speed events and sound production may inform this
question and provide a general inference related to
other types of noise such as vessel traffic.

The presence of pomacentrid sound decreases as
water temperature increases. Temperature affects the
physiological process of sound production and be -
haviors associated with calling activity. In general,
increases in water temperatures are correlated with
increased frequency of sound production in several
species of fishes (Ladich 2018). The exact role played
by temperature in fish communication as described
by Ladich (2018) is unclear, varies by species, and is
confounded by seasonal effects. Tracking changes in
sound production frequency may provide a supple-
mental tool for understanding the long-term impacts
of increasing water temperatures on fishes.

The presence of pomacentrid sound increases with
increased acoustic energy in SPLRMS 50 Hz - 1.5 kHz. As
the sound production behavior of the fish increases,
the contribution to the soundscape results in an in -
crease in overall soundscape energy. There are other
contributors to the soundscape, including vessel
traffic, which also influence the sound production
be haviors of fish. This research does not address
those relationships directly, but it allows us to estab-
lish baselines enabling research on the impacts of
vessel noise on fishes.

The absence of sounds in the zero-inflated portion
of the model could be due to the lack of fish pres-
ence, the receiver or model not detecting a sound, or
misclassifying a pomacentrid sound as noise.

4.4.  Detection ranges and ecological inference

We found that even using conservative estimates,
the origin of pomacentrid sounds could be detected
above ambient conditions at ranges of up to 200 m,
indicating that PAM can be used to detect teleost
sound production across a substantial section of reef
tract. With this sound production detection range, the
sounds themselves could be generated from plank-
tivorous fish in the water column or residents of the
nearby coral reef. However, our sound production
analysis was at the family (pomacentrid) level, not at
the species level. Therefore, it should be noted that
while we have successfully developed a machine

learning approach to the detection of pomacentrid
sound production and we provide initial insight into
pomacentrid sound production, further ecological
inference requires different types of data. Future
work to pair behavioral observations of individual
species with PAM-derived acoustic recordings will
allow us to align PAM analysis with specific behav-
ioral activities and thereby infer ecological signifi-
cance based on sound type. Finally, it should be
noted that overlapping sounds or the masking effects
of other acoustic signals (abiotic, biotic, and anthro-
pogenic) could also potentially interfere with the
CNN analytic process. Additionally, our binary scor-
ing method is not a true reflection of the sound pro-
duction rate; rather, it is an estimation of the percent-
age of time in which the state of sound production is
present (Altmann 1974) and a dominant feature in
the soundscape.

5.  CONCLUSIONS

This research provides an efficient methodology
for characterizing the temporal distribution of poma-
centrid sound production over a 4 yr period through
the utilization of CNN techniques. Further, the re sults
provide a baseline of pomacentrid sound production
in a protected area (NPSA) — invaluable information
for future opportunities to connect sound production
occurrence with behavioral state and the detection of
changes in pomacentrid acoustic activity related to
environmental change. By creating the ability to rap-
idly and efficiently sample complete datasets col-
lected from multiple years of monitoring, we can now
generate a thorough and accurate picture of the nat-
ural scales of variation in sound production behaviors.
The creation of a bioacoustic archive for pomacen-
trids, as we have done here, is an important step in
identifying patterns of communication that shed light
on the various behaviors and ecological implications
related to sound production.

The connection between pomacentrids and reef
health means that our CNN analytical approach is a
viable monitoring tool with conservation and man-
agement implications. Healthy coral reefs have in -
trinsic value, but also provide services such as coastal
protection and food resources. Coral reefs are also a
source of rich biodiversity, making it for them easier
to re cover from repeated disturbances (Worm et al.
2006), but they are still susceptible to change. Our
CNN machine learning technique, in concert with
environmental monitoring, has the potential to pro-
vide an early warning system for perturbations in the
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reef ecosystem, giving managers time to react to
shifts in the environment.

As the adoption rate of machine learning grows in
the field of marine science (Chérubin et al. 2020,
Ibrahim et al. 2020, NOAA 2020), this momentum
should be harnessed to exploit large volumes of data
while improving the technology to increase effi-
ciency and accuracy. Researchers will need to create
a new training dataset for each application, which
should mirror the unique conditions of each novel re -
search problem to address the challenge of acoustic
variability at different locations in the ocean. Once
created, the CNN can efficiently map the acoustic
profiles for that location. Similarly, reuse of models as
acoustic conditions change over time is discouraged.
However, transfer learning techniques eliminate the
need for collecting extensive training datasets, re -
ducing the investment of time, and making it easier
to train new models with minimal effort. This re -
search provides new opportunities for the exploration
and monitoring of acoustic conditions, supporting the
collaborative efforts of NOAA and NPS.

Supplementing these results with visual data —
collected from camera traps, for example — would
strengthen the inference drawn between sound pro-
duction patterns and fish behavior, thereby enhancing
the use of this technology as an ecological assess-
ment and monitoring tool. By expanding this adapt-
able methodology to detect of other soniferous fishes
(especially rare and cryptic species), mammals, in -
vertebrates, and vessel noise signatures present in
the acoustic data, PAM holds potential to understand
interactions of acoustic features and changes in con-
ditions. Machine learning can benefit from coopera-
tion between the private and public sectors, leaving
it in the hands of scientists to build on the preexisting
framework and use the momentum to exploit big
data in marine science. Innovative solutions such as
the use of CNNs to detect fish sounds are urgently
needed to supplement the efforts of NOAA and NPS
to understand how conditions are changing over time
in re sponse to climate change and shifting practices
in resource management.
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