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RESUMO

O Monitoramento Acustico Passivo (MAP) € uma técnica amplamente utilizada para o estudo de
mamiferos marinhos; entretanto, sua aplicacdo em larga escala apresenta desafios significativos
devido a necessidade de classificacio manual por especialistas — um processo demorado e labo-
rioso. Com os avangos em inteligéncia artificial, modelos de aprendizado de maquina tornaram-
se ferramentas promissoras para automatizar essa tarefa. Este estudo propde uma abordagem
baseada em aprendizado de maquin para andlise de dados actsticos coletados durante cam-
panhas de prospec¢do sismica, onde o monitoramento ocorre em condi¢Oes de baixa relacdo
sinal-ruido para detecc¢do de cetidceos. Os dados foram obtidos dessas campanhas realizadas
no Brasil, seguindo regulamentagdes do Instituto Brasileiro do Meio Ambiente e dos Recursos
Naturais Renovaveis que exigem o arquivamento de registros acusticos quando fontes sismicas
sdo desativadas devido a presencga de espécies protegidas na zona de exclusdo. Construiu-se um
conjunto de dados para classificacdo bindria, discriminando cliques de ecolocalizacdo de golfi-
nhos de ruido de fundo. Geraram-se espectrogramas a partir dos dudios, divididos em conjuntos
de treinamento, validagdo e teste. Para abordar o desbalanceamento de classes, empregaram-se
técnicas de subamostragem. Avaliou-se o desempenho de oito arquiteturas de redes neurais con-
volucionais (MobileNetV1, MobileNetV2, AlexNet, VGG16, VGG19, EfficientNetB0, Dense-
Netl21 e ResNet18), pré-treinadas no ImageNet e adaptadas para esta tarefa. A MobileNetV2
obteve os melhores resultados, com acuracia de 0,9159, recall de 0,9230, AUC de 0,9188 e F1-
score de 0,7878 no conjunto de teste. Demonstrou-se ainda como o ruido da embarcacgao afeta
0 MAP de cetdceos, destacando-se a importancia do posicionamento dos hidrofones em relagdo
a popa do navio. Este trabalho contribui com um conjunto de dados robusto e comprova o po-
tencial de modelos de inteligéncia artificial para aprimorar processos de auditoria ambiental. A
abordagem desenvolvida possibilita maior fiscalizagdo do MAP durante atividades de pesquisa
sismica, apoiando esforcos na conservacao marinha.

Palavras-chave: Mamiferos Marinhos, Aprendizado de Méquina, Levantamentos Sismicos,

Monitoramento Acustico Passivo de Delfinideos



ABSTRACT

Passive Acoustic Monitoring (PAM) is a widely used technique for studying marine
mammals; however, its large-scale application presents significant challenges due to the need
for manual classification by specialists, a time-consuming and labor-intensive process. With
advances in artificial intelligence, machine learning models have emerged as promising tools to
automate this task. This study proposes a machine learning-based approach for analyzing acous-
tic data collected during seismic surveys, where monitoring occurs under low signal-to-noise
conditions for cetacean detection. Data were obtained from seismic surveys conducted in Brazil,
following regulations from the Instituto Brasileiro do Meio Ambiente e dos Recursos Naturais
Renovdveis that require archiving acoustic records when sound sources are deactivated due to
the presence of protected species in exclusion zones. A binary classification dataset was cons-
tructed to distinguish dolphin echolocation clicks from background noise. Spectrograms were
generated from audio recordings and divided into training, validation, and test sets. Class im-
balance was addressed through undersampling techniques. Eight convolutional neural network
architectures (MobileNetV1, MobileNetV2, AlexNet, VGG16, VGG19, EfficientNetB0O, Den-
seNetl121, and ResNet18) were evaluated, using ImageNet pre-trained models fine-tuned for
this specific task. MobileNetV?2 achieved the best performance, with 0.9159 accuracy, 0.9230
recall, 0.9188 AUC, and 0.7878 F1-score on the test set. The analysis further demonstrated
how vessel noise affects cetacean PAM, highlighting the importance of hydrophone positioning
relative to the ship’s stern. This work contributes a robust dataset and demonstrates the potential
of deep learning models to enhance environmental auditing processes. The developed approach
enables improved PAM oversight during seismic research activities, supporting marine conser-
vation efforts.

Keywords: Marine Mammals, Machine Learning, Seismic Surveys, Passive Acoustic Monito-

ring of Delphinids
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1 Introducao

A industria petrolifera desempenha um papel estratégico na economia brasileira, res-
pondendo por 13% do Produto Interno Bruto (PIB) nacional e 50% da matriz energética primaria
(PETROLEO, 2023), com operacdes distribuidas ao longo de toda a costa do pais. Con-
tudo, essas regides costeiras abrigam ecossistemas marinhos biodiversos, incluindo mamiferos
aquéticos que exercem fungdes ecoldgicas criticas, como a ciclagem de nutrientes via whale
pump (ROMAN; MCCARTHY, 2010), mecanismo que incrementa a produtividade primaria
oceanica. Essa coexisténcia gera conflitos socioambientais, nos quais as atividades antropicas
podem comprometer a conservagao da biodiversidade marinha.

A prospeccdo de hidrocarbonetos offshore utiliza métodos geofisicos baseados em le-
vantamentos sismicos, empregando arranjos de canhdes de ar comprimido como fontes actsticas.
Esses equipamentos emitem pulsos sonoros de alta intensidade em intervalos regulares (tipica-
mente a cada 4-10 segundos (ICMBIO, 2020)), os quais sdo refletidos pelas camadas geolégicas
e captados por hidrofones (rebocados ou fixos no leito marinho). Os dados adquiridos permi-
tem a caracterizagdo da estratigrafia submarina e a identificacio de reservatorios de dleo e gis
economicamente viaveis.

Essas operacdes, que se estendem por meses, ou mesmo anos, constituem uma das
principais fontes de poluicdo sonora antropogénica em ambientes marinhos. Estudos demons-
tram que os pulsos sismicos podem induzir desde alteragdes comportamentais até danos fi-
siol6gicos em organismos aquaticos, incluindo desorientagdo espacial, perda auditiva temporaria
ou permanente e em casos extremos, 6bito (WRIGHT; COSENTINO, 2015; CARROLL et al.,
2017; MCCAULEY et al., 2017; STONE et al., 2017; MERCHANT, 2019; SOUTHALL et al.,
2019; SARNOCINSKA et al., 2020).

Diversos paises possuem diretrizes proprias visando mitigar os efeitos da atividade
de pesquisa sismica, como Estados Unidos, Inglaterra, Canada, Russia entre outros (COMP-
TON et al., 2008), sendo que cada um possui especificidades. Entretanto, uma diretriz comum
entre certos paises € 0 monitoramento acustico passivo prévio ao inicio das operacdes das fon-
tes sismicas para minimizar as chances de acionar as fontes com alguma espécie protegida de
cetdceo dentro da area de impacto. Esse monitoramento € chamado de varredura.

O contexto regulatério brasileiro para pesquisas sismicas marinhas foi estabelecido
pela Resolucio CONAMA n° 350/2004 e consolidado pelo Guia de Monitoramento da Bi-

ota Marinha, cuja primeira edi¢do foi publicada em 2005 pelo Instituto Brasileiro do Meio

13



Ambiente e dos Recursos Naturais Renovaveis Instituto Brasileiro do Meio Ambiente e dos
Recursos Naturais Renovaveis (IBAMA). Este marco normativo tem evoluido mediante suces-
sivas atualizagdes, sendo a versdo mais recente datada de 2018. O guia determina a obrigato-
riedade de equipes de monitoramento ambiental a bordo de navios sismicos, compostas por:
(1) observadores visuais capacitados para monitoramento diurno de aves, mamiferos e tartaru-
gas marinhas por meio de métodos diretos (bindculos), e (2) especialistas em Monitoramento
Actstico Passivo Monitoramento Acustico Passivo (MAP) responséveis pela detecc@o continua
de cetdceos com equipes especializadas realizando vigilancia 24 horas/dia por meio de hidrofo-
nes especificos para esta atividade.

O arranjo de hidrofones empregado no MAP obedece as exigéncias do Guia de Mo-
nitoramento da Biota Marinha, que determina a utiliza¢do de quatro hidrofones distribuidos em
dois pares. Cada par mantém uma distancia fixa de 100 metros do outro, sendo rebocados em
configuragdo linear a pelo menos 200 metros da popa do navio e em profundidades superiores
a 20 metros durante toda a operagao sismica.

Ao detectarem a aproximacao de cetidceos da zona de exclusdo, definida com um raio
de um quilémetro ao redor das fontes sismicas, as mesmas devem ser imediatamente desativa-
das, sendo permitido seu religamento apenas apds 30 minutos de auséncia de deteccdes. As
varreduras realizadas sdo submetidas ao IBAMA como comprovante de conformidade operaci-
onal.

Entretanto, estudos indicam que apenas uma pequena fragcao desses registros sao audi-
tados oficialmente (SIMOES, 2022; DALBEN; AVILA, 2021), criando lacunas na fiscalizacao
que podem facilitar ndo conformidades (SCHMITT, 2016) e ampliar pressdes sobre espécies
ameacadas (PARENTE; ARAUJO, 2011b). Nesse cendrio, a automacdo da andlise acustica
por meio de técnicas de inteligéncia artificial emerge como solug@o promissora para escalar a
capacidade de fiscalizagdo governamental.

A classificagdo automdtica de sinais bioacusticos apresenta desafios técnicos signi-
ficativos, decorrentes da variabilidade intrinseca dos sinais (em frequéncia, duragdo e padrao
espectral) e da interferéncia de ruidos ambientais e operacionais. Avangos recentes em ma-
chine learning, particularmente em redes neurais convolucionais aplicadas a espectrogramas,
tém demonstrado eficdcia superior em tarefas andlogas de classificagao de sinais bioacusticos.

Este estudo propde uma metodologia baseada em visdo computacional para deteccao

automatizada de cliques de delfinideos em registros de MAP, com trés contribui¢des princi-
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pais: (1) criacdo de um dataset anotado de vocalizagdes, (2) desenvolvimento de um pipeline
de treinamento de modelos, e (3) avaliacdo comparativa de arquiteturas de redes neurais. O fra-
mework desenvolvido visa subsidiar auditorias ambientais pelo IBAMA, aumentando a eficicia

fiscalizatéria com métodos computacionais reprodutiveis.

1.1 Perguntas de Pesquisa

Este trabalho busca responder as seguintes questdes cientificas:

* Modelos de classificacdo baseados em redes neurais convolucionais podem ser operacio-
nalizados como ferramentas de triagem automatica de cliques de delfinideos para audito-

rias de conformidade em levantamentos sismicos?

* Quais arquiteturas de redes neurais apresentam melhor desempenho na identificacdo de
cliques de delfinideos em ambientes ruidosos, e quais caracteristicas estruturais explicam

sua eficacia diferencial?

1.2 Objetivos
1.2.1 Objetivo Geral

Avaliar o desempenho comparativo de arquiteturas de redes neurais convolucionais
(CNN) na classificacdo automadtica de cliques de delfinideos em registros de monitoramento

acustico passivo oriundos de projetos sismicos maritimos.

1.2.2 Objetivos Especificos

* Curar e anotar um conjunto de dados acusticos, provenientes de pesquisa de prospeccao
sismica, representativo das condi¢Oes operacionais da costa brasileira referente a del-

finideos.

* Implementar um fluxo de trabalho (pipeline) para pré-processamento e treinamento de

modelos de aprendizado de maquina.

* Quantificar métricas de desempenho (AUC-ROC, F1-score, recall) de diferentes estrutu-

ras de Convolutional Neural Network (CNN).
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1.2.3 Formato de Dissertacao

Esta dissertacdo organiza-se como um artigo expandido, submetido ao periédico Eco-
logical Informatics (Qualis A1 na drea de Computacao), intitulado ”Automated Delphinid Click
Identification in Seismic Acoustic Surveys for Environmental Impact Assessment”. A estru-
tura compreende: (i) contextualizagdo tedrica e revisao bibliografica; (i) delineamento meto-
dolégico; (iii) andlise de resultados; e (iv) discussdo de implicacdes para politicas ambientais e

direcdes futuras de pesquisa.
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2 Automated Delphinid Click Identification in Seismic Acous-

tic Surveys for Environmental Impact Assessment.

2.1 Abstract

Passive Acoustic Monitoring (PAM) is a important technique for studying marine
mammal behavior; however, it presents significant challenges due to the need for trained speci-
alists to manually classify audio recordings—a process that is both time-consuming and labor-
intensive. With the advancement of artificial intelligence, machine learning models have emer-
ged as powerful tools to automate this task. In this study, we propose a machine learning-based
approach tailored to analyze audio data collected during seismic surveys, where environmental
conditions result in a low signal-to-noise ratio when considering cetacean signals. Our goal
was to develop an algorithm capable of detecting delphinid echolocation clicks within acous-
tic pre-watches—a mandatory procedure in seismic surveys for environmental protection. The
data were obtained from seismic research campaigns conducted in Brazil, which follow strict
regulations defined by IBAMA and include four-channel audio recordings. To address these
challenges, we constructed a dataset for binary classification, distinguishing dolphin echoloca-
tion clicks from background noise. Spectrograms were generated from the audio recordings
and subsequently split into training, validation, and test sets. To deal with class imbalance,
we employed various techniques, including undersampling. We evaluated the performance
of eight well-established convolutional neural network architectures—MobileNetV1, Mobile-
NetV2, AlexNet, VGG16, VGG19, EfficientNetB0O, DenseNet121, and ResNet18—pretrained
on ImageNet and fine-tuned for our specific task. Among them, MobileNetV2 achieved the best
results, with an accuracy of 0.9159, recall of 0.9230, AUC of 0.9188, and F1-score of 0.7878
on the final test set. Our analysis also highlights how seismic equipment can affect PAM ope-
rations carried out onboard by environmental monitoring teams, due to the proximity of the
PAM hydrophones to the vessel and the noise caused by cavitation. This study contributes to
the development of a robust dataset and demonstrates the potential of deep learning models
to improve environmental auditing processes. By automating the analysis of passive acoustic
data, our approach enhances oversight of cetacean PAM during seismic research activities and

supports broader conservation efforts.
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2.2 Introduction

Machine learning techniques for classifying marine mammal acoustic signals have
advanced considerably. Numerous studies have explored multiclass classification approaches to
identify species or acoustic signals, demonstrating the potential of deep learning in bioacoustics
(WHITE et al., 2022; SEYDI et al., 2022; MURPHY et al., 2022). Acoustic signal classification
is inherently complex due to variability in intensity, duration, timbre, and frequency, which is
further compounded by background noise. Machine learning techniques offer robust solutions
for handling such variability in large datasets (BIANCO et al., 2019). Notably, many of these
studies utilize data collected via hydrophones in passive acoustic monitoring (PAM) systems,
often deployed in controlled, low-noise environments such as marine reserves or small vessels
(e.g., sailboats).

In contrast, this study focuses on acoustic data acquired in high-noise environments,
specifically during seismic surveys. Marine seismic surveys are geophysical methods that use
high-pressure compressed air to generate sound pulses and map potential oil and gas exploration
sites. The surveys are carried out using equipment known as air guns, which are towed behind
the stern of a vessel. As a way of mitigating the potential effects of seismic surveys on marine
mammals, several countries adopt a procedure known as pre-watch before starting the air guns.
The purpose of this procedure is to monitor a so-called exclusion area, centered on air guns,
where the presence of some species is not allowed at the start of activities. How this monito-
ring is carried out depends on the country (COMPTON et al., 2008). In Brazil, the guidelines
are described in the Guide for Monitoring Marine Biota in Marine Seismic Surveys (IBAMA,
2018) and determine that monitoring of the exclusion area should be done both through visual
observation and through passive acoustic monitoring. Recorded audios of these activities must
be delivered to the environmental agency for auditing purposes.

Given the volume of data collected, only a subset of submitted surveys undergoes
detailed review (SIMOES, 2022; DALBEN; AVILA, 2021). This limitation may hinder en-
forcement of environmental regulations (SCHMITT, 2016) and increase risks for endangered
species (PARENTE; ARAUJO, 2011a). Automating delphinid click identification in these re-

cordings could enable large-scale analysis and improve monitoring efficiency.
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2.2.1 Delphinid Clicks

Delphinids employ echolocation through the emission of a series of pulses, known as
click trains, which serve critical functions in navigation and foraging. These acoustic signals
are generated as discrete pulses, with each emitted click followed by an analysis period for
echo reception before subsequent pulse emission, thereby forming click sequences (ELLIOTT,
2011). The number of clicks per sequence exhibits considerable variability, with structural
characteristics dependent on behavioral context (AU, 1993).

In most delphinid species, the inter-click interval (ICI) is typically less than 0.1 se-
conds (AU; HASTINGS, 2008). This temporal parameter demonstrates adaptive flexibility,
varying according to target distance and being modulated to accommodate echo return times
prior to subsequent pulse emission (AU, 1993).

Delphinid clicks exhibit spectral energy concentrated within the 15-130 kHz fre-
quency band (MADSEN; WAHLBERG, 2007). These signals demonstrate pronounced directi-
onality, being emitted in highly focused beams that optimize both energy efficiency and spatial
resolution (Figure 2.2.1). This directional characteristic is quantified by the directivity index
(DI), representing an acoustic adaptation functionally analogous to the visual focal mechanisms

of terrestrial predators (AU; HASTINGS, 2008).

OdB

Figura 2.2.1: Far-field beam pattern of bottlenose dolphin echolocation clicks, adapted from
(AU, 1993)
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The propagation dynamics of these clicks through the marine environment are modu-
lated by multiple physicochemical parameters, including water temperature, salinity, depth, and
signal frequency (NUUTTILA et al., 2013). High-frequency signals such as delphinid clicks
experience significantly greater attenuation compared to lower-frequency sounds, resulting in
more limited effective ranges (ELLIOTT, 2011).

Empirical studies estimate maximum detection ranges for dolphin clicks under natu-
ral conditions spanning 600-1800 meters, with variation attributable to detection system cha-
racteristics and environmental conditions (REYES-ZAMUDIO, 2005). These empirical mea-
surements provide critical biological benchmarks for understanding the functional ecology of
delphinid echolocation.

The detection range of delphinid echolocation clicks can be modeled through the pas-
sive sonar equation:

SL—TL > NL+DT (2.2.1)

where SL is source level, TL is transmission loss, NL is ambient noise, and DT is detection th-
reshold. Studies by Parvin, Nedwell e Harland (2007) estimate maximum detection distances of
600-800 meters for small delphinids and 1,200-1,800 meters for larger species such as Stenella
dolphins under typical seismic survey conditions. These ranges are primarily influenced by dif-
ferences in source level and directional beam characteristics. For example, a large odontocete
emitting a 100 kHz echolocation pulse with a source level of 220 dB re 1 uPa @ 1 m (peak-to-
peak), an omnidirectional receiver, 2 kHz bandwidth, and ambient noise around 35 dB re 1 uPa/ VvHz
would achieve detection ranges up to approximately 1.5 km when facing the receiver, but below
500 meters when off-axis. In contrast, small odontocetes generally produce signals approxima-
tely 10 dB lower, resulting in maximum detection ranges around 1 km on-axis and approxima-
tely 300-500 meters off-axis. These biological detection limits directly inform the 1,000-meter

exclusion zone established in IBAMA’s marine fauna monitoring protocols.

2.2.2 Data Acquisition of PAM in Seismic Surveys

Brazil maintains a comprehensive legal framework for protecting marine mammals
and sea turtles during seismic survey operations (COMPTON et al., 2008). The Marine Bi-
ota Monitoring Guide for Marine Seismic Surveys (IBAMA, 2018) specifically requires the
implementation of PAM systems aboard seismic vessels for cetacean detection. During seis-

mic operations, PAM operators are tasked with monitoring a one-kilometer exclusion zone
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(EZ) surrounding the air guns. Upon detection of marine mammals within this zone, opera-
tors must immediately cease air guns activity. Operations may recommence only following a
30-minute monitoring period (designated as acoustic pre-watch), provided no further detecti-
ons occur within the EZ. These pre-watch recordings constitute mandatory documentation for
IBAMA compliance audits IBAMA, 2018).

The PAM system configuration involves deploying an independent hydrophone array
into the water, consisting of two pairs, with 100 meters of separation between each one. The first
hydrophone is positioned 200 meters from the vessel’s stern at a minimum depth of 20 meters
to minimize vessel-generated noise. This setup complies with IBAMA regulations (IBAMA,
2018). Figure 2.2.2 illustrates the standard deployment configuration.

The most commonly used software for monitoring is Pamguard (GILLESPIE et al.,
2009), which provides real-time acoustic data visualization through spectrograms and automa-
ted detection algorithms.

However, the directional characteristics and high-frequency nature of delphinid echo-
location clicks frequently result in only a single hydrophone pair detection, reducing localiza-
tion precision. Consequently, the dolphins’ presence within the EZ is inferred through distance
estimation, with IBAMA protocols attributing detected dolphin clicks to animals within the

exclusion zone due to the signal’s limited propagation beyond 1 kilometer (IBAMA, 2018).

2.2.3 Machine Learning and Marine Mammals

Machine learning algorithms have become increasingly prevalent in marine mammal
acoustic detection and classification. In contrast to visual monitoring methods, which are cons-
trained by marine environmental conditions and water opacity, PAM provides an effective obser-
vational approach through underwater sound capture and analysis, even under adverse weather
conditions (VERFUSS et al., 2018). This methodology enables classification of both vocali-
zations and echolocation clicks, serving as a non-invasive and efficient alternative for studying
marine mammal presence and behavior. Conventional acoustic data analysis has relied on signal
processing techniques including power spectra, spectrograms, and Long Term Spectral Avera-
ges (LTSA), typically implemented through software platforms such as Triton (GRACIC; GUB-
NISKY; DIAMANT, 2024). Additional widely employed methods include time-frequency re-
presentations - encompassing Fourier Transform, Mel Frequency Cepstral Coefficients (MFCC)

(LICCIARDI; CARBONE, 2024), Hilbert-Huang Transform, and Weyl Transform - along with
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Figura 2.2.2: Schematic representation of the PAM hydrophone array configuration in seismic
surveys according to IBAMA guidelines. Green rectangles denote seismic hydrophones, which
capture the acoustic signals reflected from the seabed, illustrated as a red rectangle representing
the air guns, while brown circles indicate PAM hydrophones dedicated to marine mammal de-
tection.

Empirical Mode Decomposition techniques.

Recent years have witnessed a transition toward Machine Learning (ML) and Deep
Learning (DL) approaches for marine mammal vocalization analysis (LICCIARDI; CARBONE,
2024). These techniques have exhibited superior performance in detection and classification
tasks across multiple domains, including bioacoustics. Convolutional Neural Networks (CNNs)
have demonstrated efficacy in detecting dolphin echolocation clicks, differentiating species or
ecotypes, and identifying specific vocalization patterns (GRACIC; GUBNISKY; DIAMANT,
2024). The integration of DL architectures with advanced preprocessing methods is exemplified
by tools like ORCA-SPOT and models trained on the Watkins Marine Mammal Sound Database
(WMMD), which employ techniques such as Mel spectrograms and Wavelet Scattering Trans-
form (WST) to improve classification accuracy (LICCIARDI; CARBONE; RONDONI, 2024).
Transfer learning approaches have additionally been investigated to address the characteristic

data scarcity challenges in marine acoustic datasets.
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A critical consideration is that most datasets employed for training machine learning
models in marine mammal acoustic detection are typically acquired under optimal conditions,
such as in marine protected areas or during specialized research expeditions utilizing sailing
vessels, where the primary focus is vocalization monitoring and recording. Conversely, the
present research employs acoustic data obtained during seismic surveys, which are inherently
characterized by elevated noise levels due to operational environment and anthropogenic activi-
ties - a context examined by only limited studies, including (SEYDI et al., 2022). This scenario

introduces distinct challenges for signal detection and classification.

2.3 Methodology
2.3.1 Data Cataloging

Acoustic analysis was performed by a certified PAM specialist using Raven Pro bio-
acoustic software (Cornell Lab of Ornithology). The software generates spectrograms for each
hydrophone channel with customizable parameters to optimize visualization of target signals,
hereafter referred to as calls. For delphinid click and whistle analysis, spectrograms were con-
figured with a 1024-point frame size, 512-sample hop size, and 96 kHz sample rate, using a
light-to-dark blue rainbow color palette to enhance signal visibility.

During analysis, the specialist manually selected spectrogram framing regions con-
taining biological signals, recording each call’s temporal boundaries (start and end times) and
spectral characteristics (minimum and maximum frequencies) in an output text file. As the re-
cordings contained four discrete hydrophone channels, the software displayed quad-view spec-
trograms for simultaneous multi-channel inspection. Signals were annotated only on channels
where visibly present, as calls typically appeared on channel subsets rather than all four chan-

nels.
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2.3.2 Audio Segmentation

Following the data cataloging, a second processing step involves standardizing these
recordings into uniform samples suitable for machine learning algorithms. Following methodo-
logies established in Ziegenhorn et al. (2022) and Bermant et al. (2019), we segmented the audio
into intervals (hereafter referred to as chunks) with a 0.25-second sliding window between con-
secutive samples (Figure 2.3.1). This approach maximized sample quantity while maintaining

temporal resolution for dataset construction.

— o e e o -

Figura 2.3.1: Audio segmentation schematic. Yellow rectangles depict sliding windows pro-
gressing through the acoustic signal (blue waveform), with red lines indicating temporal incre-
ments and segment durations.

Our experimental framework evaluated four dataset configurations based on parame-
ters established in bioacoustic literature (ZIEGENHORN et al., 2022; BERMANT et al., 2019).
We systematically compared two spectrogram durations (two-second versus five-second win-
dows) and two distinct approaches for defining positive sample classification thresholds. This
dual-parameter design enabled a comprehensive assessment of segmentation strategies while
maintaining biological relevance.

The first classification methodology employed a spectrogram occupancy criterion,
where segments were designated as positive when containing call signatures across > 60% of
their temporal duration. This translates to minimum call lengths of 1.2 seconds for two-second
spectrograms and three seconds for five-second spectrograms. The visual occupancy threshold
ensured robust signal representation while accommodating natural variability in call duration

and intensity across recording conditions.
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The second approach implemented a biologically-grounded temporal structure cri-
terion derived from fundamental properties of delphinid echolocation (AU, 1993). Valid click
trains were required to exhibit at least four complete inter-click intervals (ICIs), with the species-
typical ICI usually being less than 0.1 seconds (MADSEN; KERR; PAYNE, 2004), dictating a
minimum 0.4-second call presence per segment. This criterion targeted the stereotypic patter-
ning of odontocete click trains, providing species-specific validation of detected signals.

Segments were classified as positive if they either fully contained a call or met the
specified threshold requirements. Those overlapping with calls but failing to meet the minimum
threshold were excluded, while negative samples contained no call components whatsoever.

We assessed classification efficacy using the Average Precision Score (APS), which
quantifies the area under the precision-recall curve. This metric is particularly suitable for
imbalanced classification scenarios, as it evaluates precision maintenance across recall levels
rather than relying on absolute accuracy. To enable fair model comparisons across datasets with
varying positive/negative sample ratios, we standardized positive sample counts by randomly
subsampling larger datasets to match the smallest dataset’s positive count.

The optimal configuration employed two-second segments with a 0.4-second threshold
(20% of segment duration), achieving superior performance with an APS of 0.6434 (Table
2.3.1). This configuration effectively distinguished dolphin vocalizations from background

noise while maintaining biological relevance.

Tabela 2.3.1: Average Precision Score comparison across segmentation parameters

Duration (s) Call Threshold (s) APS

2 1.2 0.5859
2 0.4 0.6434
5 3 0.4892
5 0.4 0.4232

The final dataset comprised 313,445 .wav format chunks, categorized using times-
tamps from the cataloging process (Section 2.3.1).

Given the 4:1 ratio of clicks to whistles and the study’s auditing objectives, we focused
exclusively on click detection. This selective approach provided sufficient information for our

purposes, with further justification provided in Section 2.5.
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2.3.3 Splitting datasets and undersampling

Following the classification of chunks into positive and negative categories, we partiti-
oned the data into training (70%), validation (20%), and test (10%) sets according to established
machine learning practices (MURAINA, 2022). To prevent data leakage arising from acoustic
similarities within individual audio files, we maintained strict segregation, ensuring all chunks
from a given audio file were assigned to the same set. This approach mitigates overfitting risks
and enhances model generalization (YAP et al., 2014).

Audio file allocation respected the specified percentage split while accounting for
variable chunk counts per file. This resulted in 34 files for training, 10 for validation, and 3
for testing. The dataset exhibited inherent class imbalance, with negative samples (absence of
animals) substantially outnumbering positives (presence), reflecting real-world environmental
conditions.

Initial experiments revealed persistent overfitting despite hyperparameter optimiza-
tion. To address this, training set undersampling was implemented, which balances class repre-
sentation while preserving the original distribution in the validation and test sets. This technique
retains all positive samples while randomly selecting an equal number of negatives, promoting
robust learning while maintaining ecological validity during evaluation (YAP et al., 2014). Ta-

ble 2.3.2 details the sample distributions before and after undersampling.

Tabela 2.3.2: Class distribution across datasets before and after undersampling

Set Positive Negative

Train 21,421 202,496
Train (undersampled) 21,421 21,421
Validation 6,637 59,837
Test 3,897 19,157

Total 31,995 281,490

2.3.4 Image processing

Following audio chunk cataloging, we transformed the acoustic data into spectrogram
representations using the Short-Time Fourier Transform (STFT) implemented via Python’s li-
brosa library. The STFT parameters matched those employed in RavenPro and PAMGuard

software: a 1024-point frame size, 512-sample hop length, and 96 kHz sample rate. Given
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the demonstrated efficacy of click detection for delphinid monitoring within vessel exclusion
zones, we focused exclusively on click signals, cropping spectrograms to display the biologi-
cally relevant 15-48 kHz frequency range rather than the full 0-48 kHz spectrum. This selective
approach enhanced resolution while eliminating non-informative frequency bands that could
impede classification performance.

To accommodate the input requirements of pretrained convolutional neural networks
(CNNs), we formatted all spectrograms as 3x224x224 pixel arrays in CHW format (Channel
x Height x Width). Since grayscale spectrograms contain only one channel, we triplicated the

single-channel matrix to generate three identical RGB channels, as illustrated in Figure 2.3.2.
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Figura 2.3.2: Data pipeline for CNN input preparation. Each 224x224 pixel grayscale spec-
trogram (representing acoustic data from one hydrophone channel) is converted to a three-
dimensional RGB format through channel replication.

The four-channel acoustic recordings (from two hydrophone pairs) produced distinct
spectrograms per channel. For positive samples, we exclusively used channels explicitly anno-
tated during cataloging, while negative samples incorporated all available channels. This stra-
tegy optimized negative sample utilization, thereby improving model generalizability through

exposure to diverse background noise conditions.
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2.3.5 Experiments Configuration

Eight established convolutional neural network (CNN) architectures were evaluated
for their classification performance: MobileNetV1, MobileNetV2, AlexNet, VGG19, VGG16,
EfficientNetBO, DenseNet121, and ResNet18. These models were selected based on their de-
monstrated efficacy in image classification tasks (HUANG; LIAO, 2022; NEUPANE; ARYAL;
RAJABIFARD, 2024; TRONG et al., 2022) and were initialized with ImageNet pretrained
weights to leverage transfer learning benefits. All implementations utilized the PyTorch fra-
mework in Python.

A standardized preprocessing pipeline was applied to all input data. Spectrogram
images underwent normalization using dataset-derived mean and standard deviation values, fol-
lowed by conversion to PyTorch tensors. Binary labels were assigned (1 for positive samples, 0
for negatives) and organized into DatalLoader objects for batch processing. Each model’s final
classification layer was modified from the original ImageNet configuration (1,000 classes) to a
single-output neuron suitable for binary classification.

Preliminary experiments indicated model performance stabilized after approximately
15 training epochs, with negligible improvement thereafter. This observation informed our
decision to fix the training duration at 15 epochs for all subsequent experiments.

The optimization framework employed Focal Loss (ROSS; DOLLAR, 2017) to mi-
tigate class imbalance effects by adaptively weighting difficult samples, complemented by the
Adam optimizer for parameter updates. Given the inherent dataset imbalance, the Area Un-
der the Receiver Operating Characteristic curve (ROC AUC) served as the primary evaluation
metric, prioritizing discrimination capability over raw accuracy. Model selection was based on
maximal validation set ROC AUC performance across all epochs, ensuring optimal classifier

preservation.

2.4 Results
2.4.1 Exploratory Data Analysis

A comprehensive exploratory analysis was conducted on the audio dataset to charac-
terize its structure and evaluate its suitability for training machine learning models. The dataset
comprised 47 audio files of varying durations, with an average length of approximately seven

minutes and 40 seconds.
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Across these recordings, a total of 5,096 vocalization events were annotated, corres-
ponding to acoustic signals such as clicks and whistles. Among these, 3,602 were labeled as
click calls and 1,494 as whistles, indicating that click events occurred at more than twice the
frequency of whistle events. In terms of duration, click signals cumulatively spanned approxi-
mately 4,157 seconds, whereas whistle events totaled 1,268 seconds.

Given the relatively limited number of whistle samples and the operational signifi-
cance of each signal type, the analysis focused exclusively on click calls. According to acoustic
monitoring protocols established by IBAMA, the detection of dolphin click trains by a PAM
operator mandates the immediate suspension of air gun operations. This is because the direc-
tional nature of clicks enables the localization of delphinids within the EZ. In contrast, the
presence of whistles does not permit accurate spatial localization and is therefore considered a
less reliable indicator of animal presence within the exclusion zone.

The dataset also allowed for analysis of spatial signal distribution across hydrophones.
Each audio channel corresponded to a hydrophone positioned along a towed array, with Channel
1 closest to the vessel and Channel 4 farthest. Figure 2.4.1 illustrates the number of detected

calls per channel, categorized by signal type.
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Figura 2.4.1: Number of call sessions per channel, categorized by type. Clicks are shown in
orange, and whistles in green.
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The results revealed a consistent increase in the number of detected click events across
the array, from Channel 1 to Channel 4. This trend was even more pronounced for whistles, with
the number of detections nearly doubling at each subsequent hydrophone. A detailed numerical

summary is presented in Table 2.4.1.

Tabela 2.4.1: Distribution of call detections by type and channel.

Channel Clicks Whistles

1 704 118
2 773 193
3 1,025 370
4 1,100 813

In addition, the frequency distribution of call events was analyzed. Figure 2.4.2 pre-
sents box plots of the spectral range associated with each call type. Whistle events (right)
predominantly occurred at frequencies below 20 kHz, whereas click events (left) were concen-
trated above 40 kHz. These patterns align with known acoustic characteristics of delphinid
vocalizations and support the preprocessing strategies detailed in Section 2.3.4, particularly

those involving frequency cropping.
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Figura 2.4.2: Box plots showing the minimum and maximum frequencies of clicks and whistles
in the dataset.
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2.4.2 Transfer Learning Experiments

Threshold Selection The output of the CNN models consisted of continuous values ranging
from O to 1, representing the estimated probability that a given input image corresponded to a
dolphin click train. Values close to 0 indicated low likelihoods of representing dolphin clicks,
whereas values near 1 denoted high confidence. Due to the continuous nature of the output,
it was necessary to define a classification threshold to distinguish between positive (click) and
negative (non-click) predictions.

Given the primary objective of this study—to support environmental auditing—it was
essential to emphasize the detection of true positive cases (i.e., actual dolphin clicks). This fo-
cus reflects the regulatory context in which missing a true event may imply failing to identify
potential violations of environmental legislation. Therefore, the models were optimized to pri-
oritize recall over precision, ensuring that as many true clicks as possible were identified, even
at the cost of increasing false positives.

To formalize this trade-off, the F-Beta score (Equation 2.4.1) was employed, allowing
the adjustment of the relative importance of recall and precision through the parameter . When
B > 1, the metric emphasizes recall; conversely, when 3 < 1, precision is prioritized. The F-
Beta score ranges from O to 1, with higher values indicating better balance between recall and

precision.

Precision x Recall

Fp=(1+p>
p=(+P )X(Bszrecision)—i—Recall

(2.4.1)

In this work, the threshold was determined using 8 = 2, assigning twice as much
importance to recall, since it represents the most critical metric for our objectives. From a mo-
nitoring and enforcement perspective, prioritizing the correct identification of positive samples
is more relevant than achieving a balanced performance between positive and negative classifi-
cations. The F-beta scores were computed for each model across a range of threshold values on

the validation set, and the results are presented in Figure 2.4.3.
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Figura 2.4.3: F-Beta score vs. classification threshold (8 = 2) on the validation set. Each
curve corresponds to a different model. The red circle marks the threshold at which each model
achieved its highest F-Beta score.

DenseNet121 and EfficientNetBO obtained the highest F-Beta scores (0.71) at rela-
tively low optimal thresholds (0.23 and 0.20, respectively). MobileNetV1 and MobileNetV?2
demonstrated slightly lower F-Beta scores (0.67 and 0.69), operating at more conservative th-
resholds (0.48 and 0.47). ResNetl8 showed intermediate behavior, with performance and th-
reshold values between those two groups. In contrast, AlexNet, VGG16, and VGG19 exhibited
abnormal response profiles, with nearly constant F-Beta values across most thresholds, followed

by abrupt performance drops near 0.5.

Performance Metrics Table 2.4.2 presents the evaluation metrics obtained on the test set
using the thresholds selected via F-Beta optimization. As expected for an imbalanced dataset,
accuracy alone proved insufficient for assessing model performance. For example, AlexNet,
VGGI16, and VGG19 all reported an accuracy and precision of 0.1690, alongside a recall of
1.0000. This resulted in a low F1-score of 0.2892 and AUC values of 0.5000—indicating ran-
dom classification behavior. These models were saved after just one training epoch, suggesting
premature termination and ineffective learning.

EfficientNetBO achieved the highest overall performance, with an F1-score of 0.8071,
recall of 0.8694, precision of 0.7532, and an AUC of 0.9057, having been saved at epoch 6.
MobileNetV1 and ResNetl8 also yielded strong results, with Fl-scores of 0.7994 and 0.7913,
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respectively. MobileNetV1 had the highest recall among the top-performing models (0.8927),
albeit with lower precision (0.7237). ResNet18 exhibited a more balanced trade-off, with pre-
cision of 0.7561 and recall of 0.8299. MobileNetV2 demonstrated the highest recall overall
(0.9230) and the highest AUC (0.9188), although its lower precision (0.6871) resulted in an
Fl1-score of 0.7878. DenseNetl121 reported the highest precision (0.7697), along with a recall
of 0.8188 and an Fl-score of 0.7935. This model was saved after 9 epochs—the latest among

all tested models—potentially indicating a slower but more stable learning process.

Tabela 2.4.2: Performance metrics on the test set. Thresholds were determined by F-Beta opti-
mization (3 = 2). The highest values in each metric are highlighted in bold.

Model Accuracy Precision Recall AUC F1-Score SaVEe:cll)(l)\SIl(l) del
AlexNet 0.1690 0.1690  1.0000 0.5000  0.2892 1
DenseNet 0.9280 0.7697 0.8188 0.8845  0.7935 9
EfficientNetBO  0.9298 0.7532  0.8694 0.9057 0.8071 6
MobileNetV1 0.9243 0.7237  0.8927 09117 0.7994 2
MobileNetV2 0.9159 0.6871  0.9230 0.9188 0.7878 2
ResNet18 0.9260 0.7561  0.8299 0.8877  0.7913 7
VGG16 0.1690 0.1690  1.0000 0.5000  0.2892 1
VGG19 0.1690 0.1690  1.0000 0.5000  0.2892 1

33



Confusion Matrix Analysis To further examine the classification performance, confusion
matrix were generated for the four top-performing models: DenseNet121, EfficientNetB0, Mo-
bileNetV1, and MobileNetV2 (Figure 2.4.4). These matrices were constructed using the optimal
thresholds derived from the F-Beta analysis with f = 2.

All models correctly classified over 90% of the positive samples and approximately
80% of the negative samples. This outcome suggests that the models exhibited strong discrimi-

native capacity across both classes, with slight variations in error distribution.
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Figura 2.4.4: Confusion matrices for four different models evaluated with thresholds optimized
for B =2.
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2.5 Discussion

Exploratory Data Analysis The distribution patterns observed during the exploratory analy-
sis can be attributed, in part, to the influence of background noise generated by the vessel. Hy-
drophones 1 and 2, being positioned closer to the stern, were more affected by low-frequency
noise, which can mask acoustic signals—especially whistles, whose energy is predominantly
concentrated in lower frequencies. Although dolphin presence was presumably uniform along
the array, signal detectability was compromised in channels nearest to the vessel. In contrast,
clicks—characterized by higher frequency content—were less susceptible to this masking effect
and remained more reliably detectable even under elevated noise conditions.

These findings reinforce the rationale behind IBAMA’s recommendation to position
the first hydrophone at least 200 meters from the vessel’s stern and the final hydrophone at
approximately 300 meters. Increasing the distance between the acoustic sensors and the noise
source enhances the detectability of biologically relevant signals and reduces the impact of anth-
ropogenic interference. This configuration strengthens the role of echolocation click detection

as a robust strategy for automated marine mammal monitoring within the EZ.

Threshold Selection Behavior The analysis of threshold behavior across models provided
important insights for applications in environmental compliance monitoring. Although Den-
seNet121 and EfficientNetBO achieved the highest Fg scores, their optimal thresholds were
notably low (below 0.25), suggesting a predisposition to overclassification and, consequently,
an increased rate of false positives. Such behavior may be acceptable—or even desirable—in
regulatory contexts that prioritize sensitivity over specificity.

Conversely, MobileNetV 1 and MobileNetV2 operated at more conservative thresholds
(near 0.5), suggesting a more selective classification pattern with improved specificity. These
models maintained adequate recall levels, making them promising candidates for applications
requiring balanced detection strategies. ResNetl8 exhibited intermediate behavior, offering a
compromise between sensitivity and specificity. On the other hand, the flat response curves
observed in VGG16, VGG19, and AlexNet suggest poor discriminative capacity and highlight
their unsuitability for this task. These observations emphasize the importance of not only con-
sidering overall performance metrics but also evaluating the decision threshold dynamics when

selecting models for deployment.
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Model Performance Metrics The comparative evaluation of performance metrics undersco-
red the superior suitability of EfficientNetBO, MobileNetV 1, MobileNetV2, and ResNet18 for
the classification of click events. These models demonstrated a capacity to learn discriminative
features effectively, even under noisy and imbalanced conditions. EfficientNetBO0, in particu-
lar, achieved the highest F1-score and a strong balance between recall and precision, indicating
robust generalization and reliability in identifying true positive cases while minimizing false
alarms.

MobileNetV1 attained the highest recall among all models, making it particularly
advantageous in scenarios where missing a positive case (i.e., a dolphin click) is operationally
critical. MobileNetV2, while achieving the highest recall and AUC, showed a modest drop in
precision, suggesting a slight trade-off in specificity. In contrast, DenseNetl121 exhibited the
highest precision, coupled with stable performance and the longest training duration among the
tested models—potentially reflecting a more conservative and gradual learning dynamic.

The poor performance of AlexNet, VGG16, and VGG19—manifested in uniformly
low precision and accuracy, and a recall of 1.0—was likely a consequence of the models defaul-
ting to classifying all inputs as positive. This behavior reflects both the challenge of learning
from imbalanced datasets and the risk of relying solely on accuracy as a performance indicator.
Moreover, these models were saved after only a single training epoch, suggesting insufficient
learning and poor convergence. This highlights the need for robust training strategies, including
early stopping criteria and careful monitoring of validation curves, especially in the context of

noisy acoustic data.

Confusion Matrix Analysis The confusion matrix further clarified the error patterns across
the top-performing models. DenseNet121 and EfficientNetBO exhibited a higher number of
false positives, likely due to their low decision thresholds and heightened sensitivity to positive
instances. While this may be acceptable in precautionary monitoring contexts, it could result in
a higher incidence of operational interruptions due to false alarms.

In contrast, MobileNetV 1 and MobileNetV2 demonstrated slightly increased false ne-
gative rates, which may pose risks in scenarios where undetected positive cases could lead to
environmental non-compliance. Notably, the difference between MobileNetV2 and Efficient-
NetBO was minimal—only one additional false negative—suggesting practical equivalence in
some use cases. When jointly considering sensitivity and specificity, MobileNetV2 emerged

as the most balanced model, offering a reliable trade-off between over-detection and under-
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detection.

2.6 Conclusion

The results presented in this study underscore both the challenges and the potential
of applying machine learning techniques to PAM data collected under non-ideal conditions,
specifically during seismic survey operations. Unlike most previous studies—which typically
rely on data acquired during field expeditions explicitly designed for wildlife monitoring, such
as the widely used Watkins Marine Mammal Sound Database—our dataset was obtained as a
byproduct of industrial activity in the Southwestern Atlantic Ocean, a region underrepresented
in the literature. Although considerably noisier due to the operational environment, this dataset
contributes novel and regionally specific data to the field. Importantly, since the objective of
our study was not behavioral analysis but rather the detection of delphinid echolocation clicks,
the presence of background noise becomes a realistic and integral aspect of the classification
challenge.

Prior research in the area frequently employs deep CNNs for the identification of
marine mammals using spectrograms, particularly in grayscale and with two-second durations,
as reported by Buchanan et al. (2021) and Jiang et al. (2019). Our findings align with this trend,
as the best results were also achieved using two-second spectrograms. Preliminary tests with
longer, five-second segments yielded inferior performance, which supports our methodological
decision to prioritize shorter time windows.

Our results further highlight the importance of model selection when dealing with
noisy acoustic environments. Among the architectures evaluated, MobileNetV?2 achieved the
highest F-Beta score while maintaining a lightweight structure of only 3.5 million parameters.
In contrast, older and heavier architectures such as VGG16, VGG19, and AlexNet exhibited sig-
nificantly lower performance, likely due to their high parameter counts (up to 144 million in the
case of VGG19) and limited generalization capacity under noise-heavy conditions. These mo-
dels struggled to adapt to the task even with extended training, indicating that they may require
substantial fine-tuning and computational resources to be effective with our dataset. In compa-
rison, more recent and efficient models—such as ResNet18, DenseNet121, EfficientNetB0, and
other MobileNet variants—demonstrated superior robustness and classification accuracy.

It is important to emphasize that the goal of the proposed model is not species-level

identification but rather to support environmental monitoring efforts by reliably flagging the
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presence of delphinid click activity. This approach is consistent with real-world applications in
seismic operations, where the presence of PAM operators is mandatory to mitigate environmen-
tal impacts. By addressing a gap in the literature related to machine learning applications for
PAM in the South Atlantic, this study provides a foundation for further research using publicly
accessible data from this region.

Furthermore, the ability to detect delphinid activity in acoustically challenging envi-
ronments has implications beyond operational monitoring. Enhanced detection tools can contri-
bute to the enforcement of environmental regulations and the management of marine protected
areas, particularly in regions exposed to high levels of anthropogenic noise, such as near in-
dustrial ports. Ensuring that the presence of vulnerable species is accurately recorded—even
under suboptimal conditions—and that the rate of false negatives remains low is essential, as
missed detections could coincide with periods of increased risk to the animals. This reinforces
the scientific basis for conservation policies and supports informed decision-making in marine
management.

As future work, we propose the development of custom lightweight architectures spe-
cifically optimized for noisy acoustic datasets, with improved computational efficiency. Addi-
tionally, further studies could explore data augmentation techniques, self-supervised learning
approaches, and the application of the proposed methodology to other geographic regions or

signal types.
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3 Discussao Geral

Este trabalho explorou o uso de modelos pré-treinados na tarefa de classificacdo
bindria de sinais actsticos de odontocetos. Embora essa abordagem tenha apresentado resulta-
dos promissores, o ideal seria o desenvolvimento de um modelo especifico para essa aplicagao,
treinado a partir de dados brutos obtidos no Brasil e catalogados conforme a metodologia pro-
posta. Tal modelo permitiria um ajuste mais preciso as caracteristicas dos sinais acusticos locais,
aumentando a acurdcia da classificacdo e a aplicabilidade em estudos ambientais e de monito-
ramento.

Um desdobramento natural desta pesquisa seria a ampliagdo do escopo para a classificacado
de diferentes tipos de sinais de golfinhos — como os assobios — e também para outras espécies
de cetaceos, expandindo o uso além do contexto de fiscalizagdo ambiental. O desenvolvimento
de um modelo capaz de identificar e diferenciar uma variedade de sinais acusticos fracos, emi-
tidos por distintas espécies de mamiferos marinhos, especialmente em ambientes com baixa
relacdo sinal-ruido, abriria novas possibilidades para a ecologia actstica. Essa abordagem po-
deria ser empregada em pesquisas sobre comportamento animal, impactos da polui¢ao sonora
nos oceanos e, principalmente, como ferramenta de fiscalizacdo ambiental, com potencial de
uso por diferentes paises que realizam atividades de prospeccao sismica.

Além disso, recomenda-se que futuros trabalhos priorizem a criacao de bases de dados
publicas e abertas, contendo sinais acusticos de diferentes espécies coletados em contextos reais,
como pesquisas sismicas. A adogdo de técnicas mais avancadas de aprendizado profundo —
como modelos auto-supervisionados ou redes neurais convolucionais especializadas em audio
— também poderia contribuir para melhorar a acurécia e a capacidade de generalizacdo dos

modelos desenvolvidos.
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4 Conclusoes Gerais

O uso de modelos pré-treinados demonstrou ser uma estratégia viavel e promissora
para a classificacdo de sinais actsticos de odontocetos, servindo como um ponto de partida
relevante para aplicacdes ambientais. No entanto, os resultados indicam que abordagens mais
especificas, baseadas em dados locais e metodologias especializadas, tém potencial para gerar
modelos mais eficazes e robustos.

A evolucdo dessa linha de pesquisa pode contribuir significativamente para a conservacao
marinha, especialmente se aliada a sistemas de monitoramento em tempo real. Ao permitir
a identificacdo automatizada de espécies e a deteccdo precoce de impactos ambientais, es-
sas solucdes podem auxiliar na formulagao de politicas publicas e no desenvolvimento de es-

tratégias globais para protecao da biodiversidade oceanica.

5 Contribuicoes Cientificas
As principais contribui¢des cientificas deste trabalho sao:

* Desenvolvimento de uma metodologia para a geracdo e organiza¢do de dados destina-
dos ao treinamento de modelos de aprendizado de maquina, com foco em informagdes

adquiridas em pesquisas sismicas.

* Construcao e disponibilizacao de uma base de dados estruturada, acessivel publicamente,
para fomentar investigacOes futuras sobre a deteccao de sinais actisticos em ambientes de

prospecc¢do sismica. Bases de dados disponibilizadas em:
— Sauerbronn, Flora (2025), “PAM Recordings of Seismic Surveys - IBAMA Regulati-
ons in Brazil - part]l”, Mendeley Data, V1, doi: 10.17632/w9b5z7znst.1
— Sauerbronn, Flora (2025), “PAM Recordings of Seismic Surveys - IBAMA Regulati-

ons in Brazil - part2”, Mendeley Data, V1, doi: 10.17632/8srrb2rcw6.1

* Avaliagdo de diferentes modelos de aprendizado de mdquina, destacando o modelo Mobi-
leNetV?2 como a solu¢do mais eficaz para a detec¢ao automatizada de cliques em cenérios

de prospecg¢do sismica, utilizando dados obtidos conforme a legislacao brasileira.
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A APENDICE - Métricas

Nesta secao sdo apresentadas as principais métricas utilizadas para avaliacao do de-

sempenho dos modelos de classificagdo bindria. As métricas sdo derivadas da matriz de con-

fusdo, que é composta por quatro elementos fundamentais:

* VP (Verdadeiro Positivo): Amostras positivas corretamente classificadas como positi-

vas.

* VN (Verdadeiro Negativo): Amostras negativas corretamente classificadas como nega-

tivas.

* FP (Falso Positivo): Amostras negativas classificadas incorretamente como positivas.

* FN (Falso Negativo): Amostras positivas classificadas incorretamente como negativas.

Com base nesses elementos, as métricas sao definidas conforme a Tabela A.0.1:

Tabela A.0.1: Métricas utilizadas para avaliacdo de desempenho de modelos de classificagao

bindria
Métrica Definicao Equacao
Propor¢ao de previsdes VPLVN
acuracy corretas entre todas VPLVNFP-FN
as amostras + trEt
Propor¢ao de positivos VP
precision corretamente identificados —_—
i .. VP+FP
entre os previstos como positivos
Propor¢ao de positivos
. : VP
recall corretamente identificados _—
: .\ VP+FN
entre todos os reais positivos
Fl-Score Média I}a.rménica 2. (pre'cfsion -recall)
entre precision e recall precision + recall
Area sob a curva !
ROC-AUC ROC (TPR ve FPR) /O TPR(FPR)d(FPR)
T
PR-AUC Arejd ,SOb acuva / precision(recall) d(recall)
precision vs recall 0

A curva ROC (Receiver Operating Characteristic) é construida a partir da taxa de

verdadeiros positivos (TPR = recall) contra a taxa de falsos positivos (FPR =

FP
FP+VN

). Ja

a curva precision-recall mostra a relacdo entre precision e recall para diferentes limiares de

decis@o. Quanto maior a drea sob essas curvas, melhor o desempenho do modelo.
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B APENDICE - Especificacies Computacionais

Os experimentos de aprendizado de maquina descritos neste trabalho foram conduzi-

dos em uma estagdo de trabalho de alto desempenho, configurada da seguinte forma:

* Processador: Intel Xeon W7-3455, 24 ntcleos / 48 threads, frequéncia base de 2,5 GHz
(turbo até 4,8 GHz), cache de 67,5 MB.

* Memdria: 256 GB DDR5 ECC REG 4800 MHz (4 x 64 GB).

¢ Placa de video: NVIDIA GeForce RTX 3060 com 12 GB de memoéria de video e 3.584
nucleos CUDA.

¢ Armazenamento: SSD M.2 PCle x4 NVMe de 1 TB (classe workstation).

* Placa-mae: Chipset W790.

* Fonte de alimentacao: 850 W 80 Plus com PFC ativo (tensdo de entrada entre 90-240 V).
* Sistema operacional: Linux Ubuntu Desktop.

* Gabinete e refrigeracao: Deepcool Macube 310, refor¢cado para configuracio de um

unico processador.

Essa configuracdo garantiu desempenho computacional estdvel durante o treinamento
dos modelos e o processamento dos dados, especialmente nos experimentos de aprendizado

profundo que envolveram grandes volumes de dados.
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