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Abstract

Passive Acoustic Monitoring (PAM) enables non-invasive, long-term observation of marine mammals
through underwater sound recordings. However, automated classification of dolphin species from PAM
data remains challenging due to high acoustic variability, limited labeled datasets, and species-specific
vocalization characteristics. Convolutional neural networks (CNNs), such as those used in the CetusID
Framework proposed by Frainer et al. [16], have shown promise for this task. However, here the influence
of signal-level and representation-level pre-processing choices remained underexposed.

In our work, we adapt the CetusID framework to investigate the impact of pre-processing choices on
CNN-based (CNN2) dolphin species classification. Specifically, the effects of audio sampling rate, data
augmentation, and signal-level band-pass pre-processing are evaluated. The analysis is restricted to
three species (Delphinus delphis, Sousa plumbea, and Tursiops aduncus) and uses leave-one-recording-
out (LORO) cross-validation on vocalizations from these species. Furthermore, the baseline CNN2 is
compared with EfficientNetB0 using transfer-learning.

The results show that increasing the sampling rate yields a higher accuracy, with performance differ-
ences observed across species and recording conditions within the evaluated dataset. In this study,
data augmentation did not improve accuracy. Signal-level band-pass pre-processing does not improve
performance for Frainer et al’s CNN2, but substantially increases the accuracy of the EfficientNetB0
model. The highest LORO validation performance is achieved by the EfficientNetBO model combined
with signal-level band-pass filtering and no data augmentation, reaching a mean validation accuracy of
0.849 4+ 0.088 under LORO cross-validation.
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Chapter 1

Introduction

Passive Acoustic Monitoring (PAM) has proven to be an effective technique for studying marine mam-
mals [54]. To capture underwater soundscapes over extended periods, researchers use PAM to deploy
hydrophones on fixed moorings or on the seafloor. As dolphins rely extensively on acoustic commu-
nication and echolocation, PAM provides a non-invasive and well-suited approach for monitoring their
presence and activity [52, 44]. However, automated analysis of PAM data remains challenging [36, 49].
Marine soundscapes are acoustically complex due to variability introduced by both biotic factors, such as
vocalizations from multiple species, and abiotic factors, including wind, rain, wave action, and ship noise
[12]. Dolphin vocalizations are often short and included in highly variable background noise, complicating
automated detection and classification [10].

Convolutional neural networks (CNNs) have demonstrated strong performance in bio-acoustic classifi-
cation tasks [37, 26, 49] and are increasingly used for PAM-based dolphin monitoring. Despite this,
CNN-based pipelines remain sensitive to the way acoustic signals are conditioned and represented prior
to learning. In particular, pre-processing and representation choices, such as audio sampling rate, fre-
quency filtering, and data augmentation, are often inherited from legacy speech processing conventions
rather than systematically evaluated for bio-acoustic tasks. Research indicates that these "fixed" pa-
rameters can significantly impact classification accuracy, yet they are often used without optimizing
performance across diverse species and acoustic environments [27, 49]. As a result, it remains unclear
which pre-processing choices meaningfully improve classification performance, and which instead intro-
duce unintended biases or instability under data-limited PAM conditions [32, 38|.

Dolphins are highly vocal animals that produce a variety of different sounds, including whistles, echolo-
cation clicks, and burst-pulsed calls [22]. Whistles and burst-pulsed calls are primarily associated with
social communication, whereas echolocation clicks are broadband signals used for navigation and prey
detection [22, 3, 24]. Although these vocalizations contain species-specific acoustic structure, their vari-
ability in duration, frequency range, and usage context complicates automated classification [2]. In
natural soundscapes, dolphin calls frequently overlap with background noise and other biological sig-
nals [40, 12], motivating the use of time—frequency representations and learning-based methods that can
capture complex spectro-temporal structure.

Prior to the use of deep learning approaches, automated dolphin vocalization analysis relied on rule-based
detectors, handcrafted features, and shallow classifiers. While effective under controlled acoustic condi-
tions, these approaches often degrade in noisy or variable environments [53]. This limitation has driven
a transition toward deep learning models, particularly CNNs, which learn discriminative representations
directly from spectrogram inputs. This raises the question of whether performance gains attributed to
CNN architectures instead arise from unexamined pre-processing assumptions.

Frainer et al. [16] introduced the CetusID framework [15], a two-stage CNN-based system for auto-
mated analysis of dolphin vocalizations. In this framework, CNN1 performs binary detection of dolphin
vocalizations, after which CNN2 assigns detected segments to predefined dolphin taxa. The publicly
released implementation focuses on classifying three subspecies: Delphinus delphis, Sousa plumbea, Tur-
siops aduncus, and Orcinus orca. Frainer et al. demonstrated that representation-level parameters such
as spectrogram resolution and window length significantly influence CNN performance. However, all
recordings were standardized to a fixed sampling rate of 96 kHz, and no signal-level frequency filtering



was applied prior to spectrogram generation. While background-mixing augmentation was used during
training, its isolated effect on classification accuracy and robustness was not systematically evaluated.

Frainer et al. used 723 minutes of annotated PAM recordings from South African coastal waters, with
Orcinus orca representing approximately 1% of the dataset, and therefore reported both four-class and
reduced three-class identification results. Their results show that CNN2 performance decreases when
Orcinus orca is included, with the most stable and accurate models obtained in the two- and three-class
configurations excluding this species. In this study, the dataset is more limited, as Frainer et al. did
not release the full dataset publicly. Only a public subset is available for reproducibility, rather than
the full 723-minute collection [15]. The focus of this thesis is on analyzing pre-processing effects rather
than expanding species coverage; therefore, only the three-species configuration (D. delphis, S. plumbea,
T. aduncus) was considered, and the fourth class was not evaluated.

Consequently, low-frequency regions of the spectrogram that were dominated by recording artifacts
and background noise were retained as possible model inputs. Spectrogram inspection suggests that
such non-vocal frequency regions can differ systematically across recordings and species [43]. When
preserved, CNNs may exploit these regions as shortcut cues correlated with recording conditions rather
than biologically meaningful vocalization structure [17, 49].

In this thesis, a signal-level band-pass pre-processing stage is introduced and evaluated prior to spectro-
gram generation to examine how removing background-dominated frequency regions affects CNN-based
dolphin species classification under different model architectures. In particular, band-pass filtering is
examined, which attenuates background-dominated components while limiting the signal to frequency
ranges of dolphin vocalizations. Such filtering is commonly used in classical bio-acoustic analysis [4], but
its effect on CNN-based species classification has not been evaluated in Fraier et al’s paper [16].

The aim of this thesis is therefore to analyze the sensitivity of CNN-based dolphin species classification
to the proposed signal-level pre-processing and representation-level design choices using the publicly
available CetusID demo dataset, which contains annotated PAM recordings for three dolphin species
(Delphinus delphis, Sousa plumbea, and Tursiops aduncus). Specifically, this work evaluates the effects
of band-pass filtering, audio sampling rate, and data augmentation using experiments conducted on a
reproduced CetusID demo baseline. The analysis focuses exclusively on the species classification network
(CNN2); the detection network (CNN1) is validated only to confirm correct baseline behavior and is
not further analyzed. Finally, a transfer learning approach using EfficientNetBO has been taken and
compared to CNN2. All experiments use leave-one-recording-out (LORO) cross-validation to account
for recording-level variability and prevent segment-level data leakage.

Contributions
The main contributions of this thesis are as follows:

e Validation of the publicly available CetusID implementation, confirming correct baseline behavior of
the CNN2 model using the default demo train—validation split, and establishing leave-one-recording-
out cross-validation as the evaluation protocol for all subsequent experiments.

e A quantitative analysis of the effect of audio sampling rate on CNN2 classification performance,
indicating small and species-dependent differences across sampling rates of 24, 48, and 96 kHz.

e An evaluation of data augmentation strategies, showing no performance improvement for CNN2 on
the CetusID demo dataset and indicating class-dependent performance changes under an artificially
noise-degraded dataset.

e An analysis of signal-level band-pass filtering prior to spectrogram generation, showing degraded
performance for the baseline CNN2 model and improved performance, in this study, when combined
with EfficientNetB0 using transfer-learning.



Research Questions

The main research question and subsequent sub-research questions of this study are formulated as follows:

MRQ.1: How do signal-level band-pass filtering, audio sampling rate, and data augmentation influence
the performance of CNN-based dolphin species classification from PAM audio segments?

SRQ.1: How does applying band-pass filtering affect CNN2’s classification performance and class-wise
behavior under leave-one-recording-out cross-validation?

SRQ.2: How does changing the audio sampling rate impact CNN2’s classification performance and
stability across leave-one-recording-out cross-validation?

SRQ.3: How does data augmentation influence CNN2 classification performance under controlled signal
degradation introduced by artificial noise?

The remainder of this thesis is structured as follows. Chapter 2 reviews related work on automated dol-
phin vocalization detection and classification, with emphasis on CNN-based approaches and the CetusID
framework. Chapter 3 presents the theoretical and technical foundations relevant to this study, including
cetacean acoustics, PAM, digital audio representations, spectrogram generation, data augmentation, and
CNNs. Chapter 4 describes the datasets used in this thesis and clarifies the distinction between the full
CetusID dataset and the reduced SA-Acoustics dataset used for experimentation. Chapter 5 introduces
the baseline CetusID method and validates the publicly available demo implementation, which serves as
a reference in this work. Chapter 6 details the experimental methodology, including recording-level cross-
validation, audio segmentation, pre-processing pipelines, sampling-rate manipulation, data augmentation
strategies, signal-level band-pass filtering, and model comparison. Chapter 7 presents the experimental
results addressing the defined research questions. Chapter 8 discusses these results and their implica-
tions, including limitations and methodological considerations. Finally, Chapter 9 concludes the thesis
with a summary of findings, contributions, and directions for future research. Additional analyses and
supplementary results are provided in the appendices.



Chapter 2

Related Work

This chapter reviews prior work on automated detection and classification of dolphin vocalizations in
PAM. The discussion progresses from traditional signal-processing approaches to contemporary CNN-
based methods, with emphasis on how signal processing and representation choices are treated in existing
literature. This review focuses on pre-processing, representation, and robustness factors relevant to
CNN-based dolphin categorization, rather than being comprehensive. Particular attention is given to
identifying gaps in prior work that motivate the experimental design of this thesis.

2.1 Traditional Signal Processing Approaches

Prior to the use of deep learning, automated cetacean vocalization analysis relied primarily on hand-
crafted signal-processing techniques. Early studies focused on matched filtering, spectrogram correla-
tion, and energy-based detectors to identify stereotyped calls within large PAM datasets [35, 48]. These
methods exploited prior knowledge of call structure and were effective for species with highly regular
vocalizations, such as blue and fin whales.

However, the frequency modulation, duration, and call structure of dolphin vocalizations vary signif-
icantly more, making template-based detection less successful [2]. To address this variability, image-
processing techniques operating on spectrogram representations were introduced, including edge-detection
methods designed to isolate tonal contours from background noise [18]. While these approaches improved
detection of less stereotyped calls, they remained sensitive to noise, threshold selection, and recording
conditions, limiting generalization across environments and species.

These limitations motivated a transition toward data-driven learning approaches. At the same time,
they highlight the continued importance of pre-processing and signal conditioning, as both traditional
and learning-based methods remain sensitive to how acoustic information is presented under noisy and
variable PAM conditions.

2.2 CNN-based Methods for Dolphin Vocalization Classification

CNNs have become one of the dominant approaches for bio-acoustic classification due to their ability
to learn hierarchical spectro-temporal representations directly from time—frequency inputs. Early work
by Piczak [43] demonstrated that CNNs applied to spectrograms outperform traditional feature-based
classifiers for environmental sound classification, particularly under variable noise conditions. Since then,
this approach has matured into the dominant methodology in the field, as noted in recent comprehensive
reviews of deep learning in bio-acoustics [49, 6]

Subsequent studies extended CNN-based approaches across a wide range of bio-acoustic domains, in-
cluding marine mammals and birds. CNNs have been successfully applied to classify dolphin whistles
and clicks [16, 10], as well as vocalizations of laying hens and cattle [25]. These cross-species applications
demonstrate that CNNs provide a flexible end-to-end framework capable of learning complex acoustic
structure across taxa.



Importantly, while CNN architectures are often reused across studies, signal processing and representa-
tion pipelines are frequently inherited from prior work and treated as fixed design choices. Parameters
such as sampling rate, window length, spectrogram resolution, and data augmentation are rarely iso-
lated and evaluated, despite their direct influence on the information presented to the network [13]. As a
result, performance improvements reported in the literature are often difficult to separate from implicit
pre-processing assumptions.

2.2.1 CetusID Framework by Frainer et al.

In 2023, Frainer et al. [16] introduced the CetusID framework, a two-stage CNN system designed for
automated dolphin vocalization detection (CNN1) and species-level taxonomic identification (CNN2).
The framework operates on spectrogram representations generated from short audio segments. CNN2 is
used as the baseline; the pipeline and architecture of CNN2 are shown in Chapter 6.

In their study, Frainer et al. investigated several representation-level parameters, including spectrogram
resolution and window length, and demonstrated that these choices influence classification performance.
However, all recordings were standardized to a fixed sampling rate of 96 kHz, and the effects of alternative
sampling rates were not examined. Likewise, while background-mixing augmentation was used to increase
data diversity, its isolated impact on classification accuracy and controlled signal degradation was not
systematically evaluated. Notably, no signal-level frequency filtering was applied prior to spectrogram
generation, leaving low-frequency regions dominated by background noise and recording artefacts fully
available to the CNN.

These omissions are significant because the sampling rate directly constrains the maximum representable
frequency content, while data augmentation alters the effective training distribution and the model’s
robustness. Additionally, low-frequency spectrogram regions may further contain recording-specific arte-
facts rather than biologically meaningful vocalization structure. Without explicit analysis of these factors,
it remains unclear whether reported performance gains generalize across recording conditions, species,
or acquisition settings. This study attempts to address several aspects of the CetusID framework and to
propose some improvements.

2.3 Datasets Used in Dolphin Research

The advancement of deep learning in marine bio-acoustics is constrained by the availability of labeled
datasets. While PAM generates large volumes of raw audio, most recordings remain unlabeled or are
stored within private institutional archives. For independent researchers, access to labeled dolphin vo-
calization data often requires institutional collaboration or closed access.

Many datasets cited in the cetacean literature are not publicly downloadable. The Sarasota Dolphin
Whistle Database (SDWD), one of the most comprehensive collections of signature whistles with over
926 recording sessions of 293 individuals, is an institutional resource with restricted access [46]. In
contrast, several smaller datasets are publicly available through open repositories. The SEANOE plat-
form hosts freely downloadable dolphin vocalization datasets used in ecological and acoustic studies [47],
while Figshare provides multiple open datasets, including bottlenose dolphin whistle recordings from the
Adriatic Sea and Fremantle Inner Harbour [9, 33].

Even when data is accessible, the volume of labeled segments is often insufficient for training modern high-
capacity architectures. For example, a dataset considered large in dolphin research may consist of fewer
than 100 minutes of audio and several hundred annotated whistles [9]. While Frainer et al. released their
code for reproducibility, only a small demo dataset was made publicly available, limiting independent
experimentation. More recently, Lenhoff et al. [31] collected over 400 minutes of PAM recordings of
Delphinus delphis, supplemented with detailed annotations, but this dataset has not yet been released
publicly.

Overall, dolphin bio-acoustic research relies on a limited number of high-quality institutional datasets sup-
plemented by small public repositories with heterogeneous annotation standards. These constraints hin-
der reproducibility, increase variance in experimental evaluation, and amplify sensitivity to pre-processing
and data partitioning choices, motivating careful experimental design and conservative interpretation.

Frainer et al. [16] trained and evaluated CetusID on 723 minutes of annotated PAM recordings from
South African coastal waters, of which only a limited subset is publicly available. This thesis uses



the publicly released CetusID demo dataset, which, despite its limited size, provides consistently anno-
tated recordings, enabling a controlled comparison focused on isolating pre-processing effects rather than
claiming population-level generalization.

2.4 The Importance of Pre-processing and Data Augmentation
on Classification

CNN performance in bio-acoustics is influenced by signal conditioning and the diversity of training
data. Salamon et al. [45] demonstrated that deep models trained on small labeled datasets are prone to
overfitting in the absence of data augmentation. By applying label-preserving transformations such as
pitch shifting, time stretching, and background noise mixing, models are encouraged to learn generalized
spectro-temporal structure rather than memorizing dataset-specific noise patterns. These principles are
directly applicable to dolphin vocalization classification, where labeled data is limited. In this thesis,
data augmentation was restricted to background noise mixing, as this was the augmentation strategy
used in the CetusID framework by Frainer et al. [16]. Additional techniques, such as pitch shifting
or time stretching, were not applied in order to maintain methodological consistency with the baseline
and to avoid introducing transformations that could alter biologically relevant temporal or spectral
characteristics of dolphin vocalizations [24] in a data-limited setting.

Similarly, Piczak [43] also explores the role of data augmentation in training high-capacity deep models
on small bio-acoustic and environmental datasets. By artificially expanding the limited dataset, the
model was forced to generalize beyond the specific noise profiles and temporal alignments of the original
recordings, ultimately yielding performance gains comparable to human-level classification.

The influence of sampling frequency on the analysis of dolphin vocalizations has been explicitly investi-
gated in bio-acoustic studies. In the paper by Papale et al. [41], they show that higher sampling frequen-
cies preserve fine temporal and spectral characteristics of short-beaked common dolphin burst pulses,
while downsampling progressively removes high-frequency components and alters measured acoustic fea-
tures. Frainer et al. [16] recorded their PAM data at a sampling rate of 96 kHz, which is retained in
the publicly available CetusID demo dataset [15]. In this thesis, the original 96 kHz recordings are
downsampled to 48 kHz and 24 kHz, following a similar methodological approach, in order to explicitly
evaluate how sampling-rate-induced information loss affects CNN-based dolphin species classification.

In contrast to sampling rate and data augmentation, signal-level frequency filtering is less commonly
discussed in CNN-based classification studies of dolphin vocalizations. In PAM recordings, low-frequency
spectrogram regions are often dominated by environmental noise sources such as wind, waves, and
shipping activity rather than cetacean vocalizations [36, 23]. Consequently, traditional bio-acoustic
analyses frequently apply band-pass filtering to suppress low-frequency background noise and improve the
detectability of cetacean vocalizations in spectrogram-based analyses [34]. In contrast, these studies focus
on signal detectability and manual or rule-based classification, whereas this thesis explicitly evaluates
how such filtering affects learned feature representations and classification performance in CNN-based
dolphin species identification. From a machine learning perspective, retaining background-dominated
regions may introduce shortcut features correlated with recording conditions rather than vocalization
characteristics, which deep classifiers are known to exploit [17]. Despite its widespread use in classical
dolphin bio-acoustics, band-pass filtering is not applied or evaluated in existing CNN-based dolphin
species classification studies reviewed in this thesis, including the CetusID framework proposed by Frainer
et al. [16].

Given these recent advances, the combined influence of signal-level filtering, audio sampling rate, and
data augmentation on CNN-based dolphin classification remains insufficiently documented, particularly
under data-limited PAM conditions. This thesis addresses these gaps through controlled experiments
conducted on a reproduced CetusID demo baseline, with explicit focus on pre-processing sensitivity and
robustness.



Chapter 3

Fundamentals

This chapter provides conceptual background for the methods used in this thesis. It introduces the acous-
tic properties of cetacean vocalizations, the principles of PAM, digital audio representation, spectrogram
generation, data augmentation, and CNNs [36, 54]. The purpose of this chapter is to establish the
theoretical and technical foundation required to understand the experimental methodology described in
Chapter 6. This chapter does not evaluate performance, justify experimental design choices, or interpret
results, which are addressed in subsequent chapters.

3.1 Cetacean Acoustics

Cetaceans produce a wide range of acoustic signals that play essential roles in communication, navigation,
and social interaction [22, 24]. Dolphins primarily emit whistles, echolocation clicks, and burst-pulsed
sounds. Whistles are narrowband, frequency-modulated signals used mainly for social communication,
coordination, and individual recognition. In several species, whistles function as individually distinc-
tive signature calls [24, 46]. Reported whistle frequencies typically range between approximately 1 and
20 kHz, although substantial inter-species variability exists, with some species producing whistles ex-
tending beyond 40 kHz, as summarized in Table 3.1 [2].

Although some whistle energy can extend into the lower kilohertz range, the dominant frequency mod-
ulation patterns and harmonics used for species discrimination are typically concentrated above 2 kHz,
while frequencies below this range are often dominated by low-frequency environmental noise [51]. Con-
sequently, suppressing the 0-2 kHz band is expected to reduce background interference without removing
the primary spectro-temporal cues used for classification [40].

Table 3.1: Reported whistle frequency ranges for dolphin species used in this thesis

Species Typical Range (kHz) Upper Components (kHz) References
Delphinus delphis 5.0-20.0 48.0-50.0 [19, 42]
Sousa plumbea 2.3-16.0 33.0-35.0 [7, 11]
Tursiops aduncus 1.1-18.4 ~20.0 [50, 20]

Upper frequency components indicate reported maxima or harmonic content rather than dominant whis-
tle energy, which remains concentrated within the typical frequency range. These reported frequency
ranges motivate the use of 96 kHz recordings in the CetusID dataset [15] and provide a biological basis
for evaluating the impact of downsampling to 48 kHz and 24 kHz in this thesis.

Echolocation clicks are short-duration, broadband signals used by odontocetes to locate and classify
objects in their environment through echo analysis [3]. These clicks typically occupy higher-frequency
bands, often between 40 and 130 kHz [3], and require high sampling rates to capture fine temporal detail.
In addition to whistles and clicks, dolphins also produce burst-pulsed sounds that span a wide frequency
range and serve communicative or behavioral functions [28].



Due to the diversity and overlap of dolphin vocalizations, automated classification is challenging. Whis-
tles exhibit dynamic frequency modulation over time, while clicks are impulsive and broadband. In
natural environments, these signals frequently overlap with background noise from other marine mam-
mals, anthropogenic sources, and environmental processes. These characteristics motivate the use of
time—frequency representations that capture both spectral structure and temporal evolution.

Taken together, the reported frequency characteristics of dolphin vocalizations indicate that a high
sampling rate is required to preserve relevant whistle harmonics and broadband echolocation content.
The use of 96 kHz recordings in the CetusID dataset [15] provides sufficient bandwidth for this purpose,
while systematic downsampling to 48 kHz and 24 kHz. In addition, removal of the 0-2 kHz band
is motivated by its dominance by environmental noise and its limited contribution to discriminative
whistle structure.

3.2 Passive Acoustic Monitoring

PAM is a non-invasive technique for studying marine mammals by continuously recording underwater
sound using hydrophones [36, 54]. As dolphins rely heavily on acoustic communication and echolocation,
PAM enables long-term observation of their presence and activity without direct human interference.

PAM recordings typically consist of long-duration audio streams in which vocalizations are sparse and
embedded within complex acoustic environments. Recordings may vary substantially across locations,
sensors, and environmental conditions. As a result, PAM data are not independently and identically
distributed at the segment level [49], which has implications for data partitioning and evaluation strategies
in automated classification systems.

3.3 Digital Audio and Spectrograms

Underwater sound recorded by hydrophones is represented digitally as a discrete-time signal. This repre-
sentation is obtained by sampling the continuous acoustic waveform at a fixed sampling rate, measured
in hertz (Hz). The sampling rate determines the number of samples recorded per second and constrains
the maximum frequency that can be represented digitally. According to the Nyquist theorem, a signal
must be sampled at least twice its maximum frequency to avoid aliasing [39]:

[s

fmax = 5 (31)

Equation 3.1 represents the Nyquist theorem’s formula, where f; is the sampling rate and f,4, is the
highest frequency we can capture. Therefore, for example, a sampling rate of 48 kHz allows representation
of frequencies up to 24 kHz. While a sampling rate of 48 kHz preserves the dominant fundamental
contours of many dolphin whistles, higher-frequency whistle harmonics and broadband echolocation
clicks cannot be fully represented at this rate 3, 2]. Consequently, higher sampling rates are commonly
used in dolphin bio-acoustic research to preserve biologically relevant frequency content.

To analyze dolphin vocalizations, it is not enough to look only at the time-domain audio signal. The
structure of whistles and clicks is best understood when viewed in terms of how their frequency content
changes over time. This transformation is achieved using the STFT. The STFT divides the signal into
short overlapping windows and computes a frequency spectrum for each window. The STFT is defined
as:

STFT(t, f) = Z z[n]wln — t]e=I2™ (3.2)

n=—oo

where x[n] is the audio signal, w[n — ¢] is the window function centered at time ¢, and f represents
frequency. By performing this operation continuously with a sliding window over the signal, we obtain
a two-dimensional time—frequency representation known as a spectrogram. The spectrogram displays
time on the horizontal axis, frequency on the vertical axis, and amplitude as color intensity, allowing
visualization of the curved shapes of whistles or the broadband bursts of clicks [34]. Using STFT
spectrograms allows us to effectively "see" sounds. Dolphin whistles appear as smooth, curved lines,
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while echolocation clicks appear as short vertical bursts of broadband energy. These patterns are complex
to analyze directly from raw audio but become visually intuitive on spectrograms. Examples of this are
shown in Section 3.5.

In this thesis, spectrogram representations serve as input to CNNs. STFT parameters and spectrogram
resolution are inherited from the CetusID framework and are not optimized or modified unless explicitly
stated in the experimental methodology.

3.4 Data Augmentation in Bio-acoustic Classification

Data augmentation refers to applying label-preserving transformations to existing training samples to
increase dataset variability and mitigate overfitting. In bio-acoustic classification, augmentation is com-
monly used to address the limited availability of annotated data and to improve generalization to unseen
recording conditions.

Augmentation can be applied at multiple stages of the audio processing pipeline. Audio augmentation
modifies the raw time-domain signal, for example, by mixing background noise or applying temporal
shifts. Spectrogram-level augmentation operates directly on time—frequency representations by altering
visual characteristics such as time or frequency masking. By exposing models to controlled variabil-
ity during training, augmentation encourages learning of robust spectro-temporal patterns rather than
dataset-specific artefacts.

While augmentation is often used to reduce overfitting under limited training data, its effects are context-
dependent and may affect performance differently under clean and degraded conditions. For this reason,
augmentation strategies must be evaluated carefully within the intended application setting.

In this thesis, data augmentation is particularly relevant due to the limited size of the publicly available
CetusID demo dataset [15] used for training and evaluation. This constraint motivates several method-
ological choices throughout the study, including a relatively simple CNN2 baseline, transfer learning
with the EfficientNetB0O model, leave-one-recording-out cross-validation, and a conservative augmenta-
tion strategy. Consequently, all augmentation effects are interpreted in the context of data scarcity, and
the scope of the findings is limited accordingly.

3.5 Spectrogram Inspection and Visualization Effects

This section presents a qualitative inspection of spectrograms to illustrate how dolphin vocalizations
appear in time—frequency representations. The operations described here are used exclusively for visu-
alization and human interpretation and do not form part of the pre-processing pipeline used for model
training or evaluation.

3.5.1 Spectrogram Inspection and Call Visibility

In some recordings, dolphin vocalizations exhibit relatively low amplitude compared to broadband back-
ground noise, particularly in the low-frequency range below approximately 2—-3 kHz, where environmental
noise from wind, waves, and shipping is dominant [36]. As a result, tonal whistle structures may show
limited visual contrast in default spectrogram displays, even though they are present in the signal.
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(a) Unprocessed spectrogram (b) Processed for visualization

Figure 3.1: Spectrogram segment (19-21 s) illustrating visualization-oriented signal processing. (a) Unprocessed
spectrogram showing limited visual contrast between dolphin vocalizations and background noise. (b) Spec-
trogram after visualization-only processing, including normalization and amplitude scaling, which enhances the
visibility of whistle contours. This processing is applied using Audacity [5], solely for interpretability and illus-
tration, and is not used in the training or evaluation pipelines.

For illustrative purposes only, volume and compression methods were applied in Audacity [5] to improve
visual interpretability. Specifically, peak normalization and mild amplification were used to increase
overall contrast. After the filtering was applied, the vocalizations appeared more vibrant and easier to
identify. The dolphin vocalizations in Figure 3.1 appear as light-colored streaks, mainly concentrated
between 5 and 15kHz, and appear clearer after being pre-processed.

3.5.2 Species Variability in Spectrogram Patterns

31_202158126_21012511025...

003_160623111100_01_FB_mono_t .. +++ | 11_210322094834_01_MB_1ch_test

A A R AN

(a) Delphinus Delphis (b) Sousa Plumbea (c) Tursiops Aduncus
Figure 3.2: Representative spectrograms illustrating inter-species variability in whistle structure for three dolphin

species without band-pass filtering. All spectrograms are generated using the same visualization parameters as
in section 3.5.3 in Audacity [5], except for band-pass filtering.
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Spectrogram representations reveal qualitative differences in whistle structure across dolphin species.
Figure 3.2 shows representative spectrogram segments for Delphinus delphis, Sousa plumbea, and Tur-
siops aduncus, generated using identical spectrogram parameters.

The spectrogram of Delphinus delphis is characterized by multiple overlapping whistle contours con-
centrated primarily between approximately 7 and 16 kHz. These contours appear as relatively thin,
frequency-modulated curves with rapid changes in frequency over short time intervals, resulting in a
dense time—frequency pattern.

In contrast, Sousa plumbea exhibits fewer overlapping contours and a more confined frequency range.
Whistles in this example appear smoother and more elongated in time, with slower frequency modulation
and reduced contour density compared to Delphinus delphis.

The spectrogram of Tursiops aduncus shows whistle contours spanning a broader frequency range and
are more sparsely distributed in time. Individual calls appear more isolated, with clearer separation
between successive vocalizations.

Across the three examples, differences are also visible in the extent of low-frequency, noise-dominated
regions. These regions vary between recordings and are attributed to background noise and recording
conditions rather than vocalization structure.

3.5.3 Band-pass Filtering

Band-pass filtering is a signal-processing technique that attenuates frequency components outside a
predefined range while preserving frequencies of interest. In marine bio-acoustic analysis, band-pass
filters are often used to suppress low-frequency environmental noise and sensor-related artefacts [34].

31_202158126_210125110259_96SR_ 003_160623111100_01_FB_mono_test 11_210322094834_01_MB_1ch_test

(a) Delphinus delphis (b) Sousa plumbea (¢c) Tursiops aduncus

Figure 3.3: Original recording spectrograms illustrating inter-species variability in whistle structure for three
dolphin species prior to peak normalization, amplification, and band-pass filtering. All examples are generated
in Audacity [5] and are shown for qualitative comparison with the filtered spectrograms in Figure 3.4.

(a) Delphinus Delphis (b) Sousa Plumbea (¢) Tursiops Aduncus

Figure 3.4: Representative spectrograms illustrating inter-species variability in whistle structure for three dol-
phin species after band-pass filtering between 2 kHz and 19 kHz. All examples are generated using identical
spectrogram parameters and band-pass filtering settings in Audacity [5] and are shown for qualitative inspection.

13



Comparing Figures 3.3 and 3.4 shows that band-pass filtering suppresses low-frequency background
energy below 2 kHz, increasing the visual contrast of whistle contours across all three species. This
effect is most pronounced in recordings where low-frequency noise dominates the unfiltered spectrogram,
making tonal structures more clearly distinguishable after filtering.

To generate the filtered spectrograms shown in Figure 3.4, the following processing steps were applied
sequentially in Audacity [5]:

e Removal of DC offset and peak normalization to —6 dB.
e Uniform amplification of the waveform by +6 dB to restore signal visibility after normalization.

e Application of a band-pass filter using the Filter Curve EQ tool, with attenuation below 2 kHz and
above 19 kHz.

e Spectrogram visualization using Audacity’s default spectrogram settings, applied consistently across
all examples, including a Hann window with a window size of 2048 samples, a zero-padding factor
of 2, Mel frequency scaling, and a fixed color scale (gain: 20 dB, range: 80 dB).

Although the applied band-pass filter attenuates frequencies below 2 kHz, residual energy remains visible
in the 0-2 kHz region of the spectrograms. This is expected due to the finite roll-off of practical digital
filters, which attenuate rather than perfectly eliminate frequency components, and to spectral leakage in-
troduced by windowing during spectrogram computation. In addition, broadband noise components and
visualization floor effects may remain visible at low amplitudes even after filtering, without contributing
meaningful information to the retained signal content.

The spectrograms in this section were generated using Audacity [5], applying the same visualization
settings as those used in Subsection 3.5.2, with the addition of a band-pass filter. After applying the
band-pass filtering, the low-frequency, noise-dominated regions in Sousa plumbea and Tursiops aduncus
become more similar in extent, resulting in a more uniform low-frequency appearance. In the context
of CNN-based classification, filtering changes the input representation by removing selected frequency
regions prior to spectrogram generation. Whether such filtering improves or degrades classification
performance depends on how models utilize spectral information and is therefore evaluated empirically
in later chapters.

3.6 Convolutional Neural Networks for Spectrogram Classifica-
tion

CNNs are a class of deep learning models designed to learn hierarchical feature representations from struc-
tured input data [30]. Originally developed for image analysis [29], CNNs are well-suited to spectrogram-
based audio classification because spectrograms can be interpreted as two-dimensional representations
of local temporal and spectral patterns[43].

3.6.1 Convolutional Neural Network Architecture

Figure 3.5 illustrates the general structure of a CNN used for feature extraction and classification. The
network consists of a sequence of convolutional, pooling, and fully connected (dense) layers. This figure
is intended as a conceptual illustration of the CNN architecture rather than a layer-by-layer depiction of
the exact model configuration.

The convolutional layers apply learnable filters that slide across the input, computing local dot products
to detect spatially localized patterns such as edges, contours, or textures [29]. In the context of spectro-
grams, these filters learn to identify characteristic time—frequency structures such as harmonics, onsets,
and frequency modulations [21].

Following convolution, max-pooling layers reduce the spatial resolution of feature maps by retaining the
maximum activation within local neighborhoods. This operation introduces a degree of translational
invariance and reduces computational complexity while preserving salient features [8]. After several
convolutional and pooling stages, the resulting feature maps are flattened into a one-dimensional vector,
which is then passed to one or more dense layers. These dense layers perform high-level reasoning and
map the learned features to output class probabilities, typically using a softmax activation function for
classification tasks [30].
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Figure 3.5: Illustration of a convolutional neural network architecture composed of convolutional layers, max-
pooling layers, a flattening operation, and fully connected layers. The figure was generated using the VisualKeras
library.

3.6.2 Spectrogram-Based Classification Pipeline

The complete audio classification pipeline used in this work is illustrated in Figure 3.6.

Classification pipeline

Predicted class

Output labels.
* Delphinus delphis

e e————___, * Sousa plumbea
—_— * Tursiops aduncus

Normalized amplitude

Spectrogram CNN + Dense Classifier

Figure 3.6: Overview of the spectrogram-based classification pipeline, showing the transformation from raw audio
to spectrogram representation, followed by CNN-based classification.

The pipeline begins with a raw audio waveform, which is first normalized and segmented into fixed-
duration samples. Fach audio segment is then transformed into a spectrogram using a time—frequency
analysis method such STFT. This representation captures how spectral energy evolves over time, making
it well-suited for modeling non-stationary acoustic signals [39].

The resulting spectrogram is treated as a two-dimensional input image and fed into the CNN. Convo-
lutional layers extract localized spectro-temporal patterns, while pooling layers progressively abstract
these features into higher-level representations. The learned features are subsequently passed through
dense layers to produce a final prediction over the target classes. In this case, the output layer as-
signs probabilities to multiple dolphin species, enabling automated classification of species from acoustic
recordings.

This end-to-end pipeline leverages the representational power of CNNs to jointly learn discriminative
features and perform classification, eliminating the need for handcrafted acoustic features and improving
robustness across varying acoustic conditions [43, 21].

15



Chapter 4

Dataset Description

This chapter describes the datasets used in this study and clarifies the distinction between the dataset
used in the original CetusID study by Frainer et al. [16] and the dataset used in this thesis. To avoid
ambiguity, both datasets are explicitly named and referenced consistently throughout the remainder of
this thesis.

4.1 Reference Dataset: CetuslID-Full

The CetusID-Full dataset, established by Frainer et al. [16], served as the foundational acoustic library
for developing an automated framework for dolphin detection and taxonomic identification in South
African waters.

All acoustic recordings in the CetusID-Full dataset were standardized to a sampling frequency of 96 kHz.
Recordings acquired at higher sampling rates were downsampled to this value to ensure consistency
across sources.

Sample resolution was defined through the spectrogram transformation applied prior to CNN training.
Spectrograms were computed using a Hann window with an FFT size of 1024 samples and a hop size of
128 samples, corresponding to a 75% overlap between successive frames. This configuration determines
the effective time-frequency resolution presented to the CNN models and was kept constant across all
experiments.

The dataset comprises 723 minutes of annotated dolphin acoustic recordings alongside 772 minutes of am-
bient soundscape data. Data were primarily sourced from boat-based focal follows, moored hydrophones
(Mossel Bay and Fish Hoek), and free-drifting buoys.

The species distribution of the annotated dolphin vocalizations, including whistles, burst pulses, and
echolocation clicks, is as follows:

e Delphinus delphis: 45.6%
e Tursiops aduncus: 39%
e Sousa plumbea: 14.4%

e Orcinus orca: 1%

To prepare the data for Convolutional Neural Network (CNN) training, the authors applied several
specific processing steps:

e Segmentation: Audio was downsampled to 96 kHz and sliced using a sliding window approach
with start times interspaced by one second.

e Optimization: Experiments with window sizes of 2, 3, 5, and 7 seconds determined that a 2-second
window provided the best performance for both detection and identification.

e Augmentation: Dolphin vocalizations were randomly mixed with target soundscapes (90% dol-
phin, 10% background noise) to simulate real-world monitoring environments.
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e Spectrogram Conversion: Segments were converted into 5 x 5 inch spectrogram images. The
study found that 350 x 350 pixels was optimal for the detection model (CNN1), while 450 x 450
pixels was optimal for species identification (CNN2).

The dataset was utilized in a two-stage pipeline:

1. Detection (CNN1): A binary classifier to distinguish the presence of any dolphin vocalization
from the background soundscape.

2. Identification (CNN2): A multi-class classifier applied only to the segments flagged by CNN1
to assign a specific taxonomic identity.

The framework was evaluated on a 24-hour "unseen" test set, achieving 84.4% detection accuracy and
high species-specific identification rates.

To bridge the gap between raw audio and CNN input, CetusID-Full distinguishes between audio clips
and spectrogram images. Total annotated data comprised 723 minutes of dolphin vocalizations. These
were segmented using a sliding window, interspaced by one second, to sample vocalizations in varying
contexts.

To ensure a balanced and robust training library, data augmentation was applied by mixing dolphin
signals with local soundscapes. For the species with the highest representation, D. delphis, a total
of 20,319 individual clips were generated, which were subsequently doubled through augmentation to
produce 40,638 training spectrograms. This scaling approach allowed the total training library to reach
up to 80,000 images depending on the model configuration (see Table 4.2).

4.2 Dataset Used in This Study: SA-Acoustics

In this study, a subset of the publicly released CetusID dataset was used. To clearly distinguish it from
the full dataset employed by Frainer et al. [16], this dataset is hereafter referred to as the SA-Acoustics
Training dataset.

The SA-Acoustics Training dataset was obtained from the CetusID demonstration repository on [14]
and corresponds to the labeled training subset provided for demonstration and reproducibility. Unlike
the full CetusID-Full dataset described by Frainer et al., this demo dataset is a highly reduced, curated
subset intended primarily for method illustration rather than large-scale model training.

Only the training set was used in this work, as the accompanying test set is unlabeled and therefore
unsuitable for supervised learning and quantitative evaluation.

The SA-Acoustics Training dataset contains labeled spectrogram segments from three dolphin species:
e Delphinus delphis
e Sousa plumbea
e Tursiops aduncus

For each dolphin species, exactly three labeled audio files are provided. The total duration of labeled
recordings per species is summarized in Table 4.1. The recordings are not uniform in length, and the
total amount of labeled data differs substantially between species.

Table 4.1: Composition of the SA-Acoustics Training dataset used in this study.

Species WAV files Total duration (s) Total duration (min)
Delphinus delphis 3 92 1.53
Sousa plumbea 3 341 5.68
Tursiops aduncus 3 276 4.60
Total 9 709 11.8

In addition to the species-specific recordings, the dataset includes a single unlabeled background-soundscape
recording of approximately 10 minutes. This soundscape contains environmental noise representative of
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passive acoustic monitoring conditions, such as wind, wave noise, and other ambient sources. The sound-
scape recording is not associated with a specific dolphin species and is not used for supervised training
or evaluation, but is used for augmentation and the dolphin vocalization detection (CNN1).

The SA-Acoustics Training dataset is extremely small, comprising only 9 labeled audio files totaling
approximately 11.8 minutes of dolphin recordings across 3 species. As a result, the dataset does not
support statistically robust performance estimation or strong generalization claims. Consequently, all
results presented in this thesis should be interpreted as exploratory observations that illustrate the effects
of pre-processing and model configuration choices within a constrained experimental setting.

This limited dataset size also motivated the exclusion of Orcinus orca from the analysis. In the CetusID-
Full, this species represents only a very small fraction of the available recordings, resulting in extreme
class imbalance. Given the already limited size of the demo training set, including this class would further
exacerbate the imbalance and reduce the statistical reliability of model evaluation. For this reason, the
analysis in this thesis focuses exclusively on species with sufficient representation in the available labeled
data.

Table 4.2: Comparison of Dataset Characteristics: CetusID-Full vs. SA-Acoustics

Feature

CetusID-Full (Frainer et al.)

SA-Acoustics (This Study)

Total annotated audio du-
ration

723 min (dolphin vocalizations) +
772 min (background noise)

11.8 min (dolphin recordings) +
10 min soundscape

Number of species

4 (Delphinus delphis, Tursiops
aduncus, Sousa plumbea, Orcinus

3 (Delphinus delphis,
aduncus, Sousa plumbea)

Tursiops

orca)
43 boat-based acoustic encounters

Not defined
recordings)
Equal number of recordings per
species (3 WAV files each), but un-
equal total duration

9 labeled WAV files (3 per species)

Number of encounters (standalone demo

Species distribution D. delphis (45.6%), T. aduncus
(39.0%), S. plumbea (14.4%), O.
orca (1.0%)

Hundreds of long-duration record-

Number of labeled WAV

files ings

Training units used Up to ~80,000 spectrogram im- | 700 spectrogram images derived
ages from 9 WAV files

Intended purpose Large-scale training and bench- | Demonstration dataset for
mark evaluation method illustration and ex-

ploratory analysis

Table 4.2 shows the substantial scale difference between the CetusID-Full dataset used by Frainer et
al. and the SA-Acoustics dataset employed in this study. CetusID-Full comprises hundreds of long-
duration recordings collected across 43 annotated acoustic encounters, enabling large-scale training and
the generation of up to approximately 80,000 spectrogram images.

In contrast, SA-Acoustics consists of only nine labeled WAV files totaling 11.8 minutes of dolphin record-
ings across three species, supplemented by a single 10-minute unlabeled soundscape. While the number
of recordings per species is balanced, the total recording duration is not, resulting in unequal amounts
of training data after spectrogram segmentation.

Due to these limitations, the approximately 700 spectrogram images derived from SA-Acoustics support
only exploratory analysis. Consequently, results presented in this study focus on comparative effects of
pre-processing and model configuration rather than generalizable classification performance.
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Chapter 5

Baseline Method

In this section, the implementation of the baseline method is introduced, and its results are presented
using the CetusID framework [15] proposed by Frainer et al. [16]. Baseline results are reported on two
datasets: the full-scale CetusID-Full dataset used in the original study, and the reduced SA-Acoustics
dataset used in this thesis. Unlike Frainer et al., who report encounter-level performance after post-
processing and majority voting, all results in this thesis are reported at the segment level unless explicitly
stated otherwise.

The complete processing pipeline is illustrated across Figures 5.1 and 5.2, covering data preparation,
augmentation, and two-stage CNN inference.

Raw hydrophone recordings are first resampled to a fixed sampling rate of 96 kHz and segmented using
a sliding window of 2-7 s with a step size of 1 s. Each segment is converted into a time-frequency
representation using an STFT with a Hann window, FFT length of 1024, hop size of 128 samples,
and 75% overlap. The resulting spectrograms are formatted as images with a fixed physical size and
a resolution of 200 x 200 to 500 x 500 pixels. No signal-level pre-processing, such as band-pass or
high-pass filtering, is applied in the baseline configuration.

CNNT1 is trained as a binary classifier to detect the presence or absence of dolphin vocalizations in each
spectrogram segment. The network consists of three convolutional layers with 32 filters of size 4 x 4
and ReLU activations, followed by max pooling, dropout, and a fully connected softmax layer producing
dolphin/no-dolphin predictions. Segments classified as non-dolphin are discarded.

Segments classified as dolphin by CNN1 are passed to CNN2, which performs multi-class species classi-
fication. CNN2 uses the same core convolutional architecture as CNN1 but outputs species labels via a
softmax layer with C classes. CNN1 and CNN2 are trained independently, following the original CetusID
design.

During training only, data augmentation was applied in all baseline experiments by mixing dolphin
vocalization segments with background soundscape recordings at a 90% dolphin signal to 10% background
noise ratio, following the procedure described by Frainer et al. [16]. As illustrated in Figure 5.1(b),
augmentation was combined with dataset balancing at both the species and acoustic encounter levels.
Augmentation was not applied during validation or inference. Specifically, each annotated dolphin audio
segment was augmented by randomly selecting a background-soundscape segment of equal duration and
linearly combining the two. Background segments were temporally aligned to match the dolphin segment
length prior to mixing.

As shown in Figure 5.2(b), CNN2 outputs segment-level species probabilities that are subsequently
aggregated using post-processing steps. Final species identification followed the same post-processing
strategy as the baseline method, including confidence thresholding of segment-level predictions, grouping
detections into acoustic encounters based on temporal proximity, and assigning a single species label to
each encounter via majority voting across segments.

The baseline results were obtained using the publicly available CetusID implementation released by
Frainer et al. [16], without modifying any part of the code, including the data augmentation and post-
processing components.
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In CetusID, CNNI1 denotes the binary dolphin detection network, whereas CNN2 denotes the multi-
class species identification network [16], both trained independently using the same customised CNN
architecture (Figure 5.2). Both networks use the customised CNN architecture reported by Frainer et
al., consisting of three Conv2D layers (32 filters, 4 x 4 kernels, ReLU), each followed by dropout (0.4)
and max-pooling (4 x 4), and a fully connected layer with 64 ReLU units and dropout (0.4), followed
by a softmax output layer (2 outputs for CNN1; C outputs for CNN2) [16]. Training was performed for
50 epochs using the Adam optimiser (learning rate 1072), batch size 32, and categorical cross-entropy
loss, as specified in the original implementation [16]. Frainer et al. trained CNN2 for 50 epochs in the
original study. However, the publicly released CetusID demo implementation defaults to 20 training
epochs, which is used consistently in all experiments reported in this thesis.

It is important to note that the reproduced baseline results reported in this chapter are obtained using the
SA-Acoustics dataset, whereas the reference results from Frainer et al. [16] are based on the substantially
larger CetusID-Full dataset. As a result, absolute performance values are not directly comparable, and
differences should be interpreted in the context of the dataset scale and the evaluation protocol.

Baseline split validation was performed using the default CetusID demo evaluation protocol (random
80/20 train—validation split) to confirm correct reproduction of the reference implementation. This
split was used exclusively for baseline verification and is not intended to provide a robust estimate
of generalization performance. All subsequent analyses and comparisons in this thesis employ LORO
cross-validation to enforce recording-level separation and prevent segment-level data leakage.

Tables 5.1 and 5.2 summarize the baseline split validation results for CNN1 and CNN2, respectively.
CNNI1 achieves perfect accuracy and precision on the internal validation set. This result should be
interpreted with caution, as it reflects the small size and controlled nature of the demo dataset rather
than generalizable detection performance. CNN2 shows consistently high performance across species,
with lower accuracy in Delphinus delphis than in Sousa plumbea and Tursiops aduncus, mirroring the
relative performance trends reported by Frainer et al.

Table 5.1: Baseline split validation performance of the dolphin detection network (CNN1). Frainer et al. [16]
report results on their test set; the reproduced result is the internal validation performance obtained on the
CetusID demo dataset using the same CNN1 configuration (96 kHz, window size 2 s, Pixel = 350 x 350.

Model Accuracy (%) Precision (%)
Frainer et al. Custom CNN1 84.4 87.6
Validated Demo Custom CNN1 100 100

Table 5.2: Baseline split validation performance of the species identification network (CNN2). Frainer et al.’s
[16] results are reported on their test set; reproduced results are obtained using the unmodified CetusID imple-
mentation on the demo dataset. The configuration used has a sampling rate of 96 kHz, a window = 2 s, and a
pixel resolution of 450 x 450. Per-class accuracy is computed at the acoustic-encounter level.

Model Species Per-class accuracy (%)
Frainer et al. CNN2 Sousa plumbea 96.9
Frainer et al. CNN2 Tursiops aduncus 100.0
Frainer et al. CNN2 Delphinus delphis 78.0
Frainer et al. CNIN2 Average 91.6
Own implementation using [16] CNN2 Sousa plumbea 86.0
Own implementation using [16] CNN2 Tursiops aduncus 100.0
Own implementation using [16] CNN2 Delphinus delphis 67.0
Own implementation using [16] CNN2  Average 84.3

The absolute performance values differ from those reported in the original study, which is expected
given the substantially reduced dataset size, the use of a demo-level training set, and differences in the
evaluation protocol. Importantly, the reproduced baseline exhibits qualitatively similar behavior to the
reference implementation and therefore provides a valid and stable reference configuration. This baseline
enables subsequent experiments to isolate the relative effects of sampling rate variation, data augmenta-
tion, and signal-level pre-processing without confounding architectural or implementation differences.

For the baseline experiments, model performance was evaluated using a standard random 80/20 train—validation
split, consistent with the evaluation procedure reported by Frainer et al. [16]. This strategy was retained
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to ensure a faithful reproduction of the baseline method and comparability with the originally reported
results.

In contrast, the proposed methodology employs a LORO validation strategy to assess generalization
across recording sessions. The use of LORO is therefore treated as a methodological extension and is
described in detail in Chapter 6.

To avoid ambiguity, results obtained with the default 80/20 random split in the reproduced CetusID
demo are referred to as baseline split validation accuracy, whereas all subsequent results in this thesis
are obtained using LORO validation accuracy, which enforces recording-level generalization.
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Figure 5.1: Data preparation pipeline used to construct the training dataset. (a) Spectrogram generation from
raw audio segments. (b) Data augmentation is applied at the audio level during training only.
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Chapter 6

Methodology

This chapter describes the experimental methodology used to investigate the sensitivity of CNN-based
dolphin species classification to signal-level pre-processing and representation choices. All experiments
are conducted using a reproduced CetusID demo baseline validated in Chapter 5. In this thesis, the
term reproduced CetusID demo baseline refers to the execution of the publicly released CetusID demon-
stration code provided by Frainer et al. [16], without re-implementing or modifying the original model
architecture, training procedure, or data processing pipeline. Reproduction therefore consists of running
the authors’ provided scripts on the publicly available demo dataset to verify baseline behavior prior to
extending the methodology.

Within each experimental block, the model architecture and training protocol are fixed, while represen-
tation and pre-processing factors are varied. In addition to experiments conducted with the baseline
CetusID CNN (CNN2), the EfficientNetB0-based transfer-learning model is evaluated in the final exper-
imental block to assess the interaction between signal-level pre-processing and model capacity.

Note that in the remainder, SA-Acoustics recordings refer to the original dataset as described in Chap-
ter 4, while noise-degraded refers exclusively to recordings corrupted by additive Gaussian noise (o =
0.05). These terms are used consistently and do not imply real-world noise conditions. Moreover,
“signal-level pre-processing” refers exclusively to operations applied in the time domain prior to spec-
trogram computation (e.g., filtering). Normalization and amplitude-to-decibel conversion are considered
representation-level processing.

6.1 Methodological Overview

An experiment in this thesis is defined as a controlled modification of a single pre-processing or rep-
resentation parameter while holding all other components of the pipeline constant. The methodology
consists of three experimental blocks: sampling-rate experiments (addressing SRQ.2), data augmentation
and controlled signal degradation experiments (addressing SRQ.3), and final pre-processing sensitivity
experiments combining band-pass filtering with model capacity comparison (addressing SRQ.1). All
experiments use LORO cross-validation.

6.1.1 Experimental overview

The preliminary experiments are designed to characterize the behavior of the reproduced CetusID base-
line and to motivate the configuration choices adopted in the final experiments. These experiments are
structured into three components:

Preliminary Experiments

(i) Dataset and cross-validation setup The data and evaluation protocol used in all preliminary
experiments are defined as follows:

e The SA-Acoustics dataset is used, consisting of three labeled recordings per dolphin species
and one background soundscape recording.
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e LORO cross-validation is applied with k£ = 3, where one complete recording per species is held
out for validation in each fold.

e This recording-level partitioning prevents segment-level data leakage and enforces generaliza-
tion across recording sessions.

(ii) Preliminary experimental interventions Using the fixed baseline processing pipeline, two
exploratory studies are conducted:

o Sampling-rate study: CNNZ2 is trained and evaluated at sampling rates of 24, 48, and 96 kHz
without data augmentation.

o Augmentation and controlled signal degradation: Performance is evaluated using SA-Acoustics
and SA-Acoustics (noise-degraded, o = 0.05), with training-time background-mixing augmen-
tation turned ON or OFF.

In all cases, augmentation is applied to training data only, while validation data remains unaug-
mented.

(iii) Fixed processing and evaluation setup All remaining components of the pipeline are kept
constant across preliminary experiments:

e Audio segmentation using 2-second sliding windows with a 1-second overlap.

e Spectrogram generation using baseline CetusID parameters, including STFT and amplitude-
to-decibel conversion.

e CNN2 architecture trained from scratch for 20 epochs using the Adam optimizer (Ir = 0.001),
batch size 32, and dropout rate 0.4.

e Evaluation using mean accuracy across folds, row-normalized confusion matrices, recall, and
F1l-score.

Final Experiments

The final experiments constitute the main contribution of this thesis and extend the baseline pipeline
to evaluate the interaction between signal-level pre-processing, data augmentation, and model capacity.
The experimental design is structured as follows:

(i) Fixed data and pre-processing baseline

e All experiments use the same recordings as in the preliminary stage and are evaluated using
LORO cross-validation (k = 3).

e Raw audio is fixed at the highest available sampling rate (96 kHz) to preserve maximal fre-
quency information.

e Validation data always consists of the SA-Acoustics recordings.

(ii) Signal-level and training-time interventions Two experimental factors are varied in a con-
trolled ON/OFF manner:

o Signal-level band-pass filtering: A proposed band-pass filter targeting dolphin vocalization
frequencies is applied to both training and validation audio when enabled.

o Training-time data augmentation: Background-mixing augmentation is either applied or omit-
ted during training; Validation data is never augmented.

(iiil) Model comparison and evaluation
e Two model architectures are evaluated under identical data splits and training protocols:
— the baseline CNN2 architecture from CetusID;
— an EfficientNetB0-based transfer-learning classifier.
e All conditions are evaluated using identical metrics and reporting procedures.

e The full-factorial design results in eight experimental conditions, as summarized in Table 6.1.
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Table 6.1: Overview of the final experimental conditions evaluated in this thesis. All experiments use SA-Acoustics
LORO validation data, while training augmentation, signal-level band-pass filtering, and model architecture are
varied in a full-factorial design.

Dataset Augmentation (train) Band-pass filter Model
SA-Acoustics OFF OFF Frainer et al.’s CNN2
SA-Acoustics OFF OFF EfficientNet
SA-Acoustics ON OFF Frainer et al.’s CNN2
SA-Acoustics ON OFF EfficientNet
SA-Acoustics OFF ON Frainer et al.’s CNN2
SA-Acoustics OFF ON EfficientNet
SA-Acoustics ON ON Frainer et al.’s CNN2
SA-Acoustics ON ON EfficientNet

6.1.2 Data Description

All experiments in this thesis are conducted using the SA-Acoustics training dataset, which is described
in detail in Chapter 4. This dataset is a curated subset of the publicly released CetusID demo data and
is used consistently across all experimental stages.

In summary, the SA-Acoustics dataset contains annotated passive acoustic monitoring recordings from
three dolphin species: Delphinus delphis, Sousa plumbea, and Tursiops aduncus. For each species, three
labeled WAV files containing dolphin vocalizations are provided, for a total of nine. In addition, a single
long-duration background-soundscape recording without dolphin vocalizations is included.

Each dolphin recording consists of continuous underwater audio captured by a stationary hydrophone
and is accompanied by a CSV annotation file that specifies the start and end times of labeled vocaliza-
tions and background segments. These annotations are used to associate extracted audio segments and
spectrograms with species labels during training and evaluation.

The dolphin vocalization recordings are used exclusively for species classification. The background-
soundscape recording is used solely for data augmentation and is never included in validation data. Due
to the limited number of recordings per species, all experiments addressing SRQ.1, SRQ.2, and SRQ.3
employ LORO cross-validation to prevent segment-level data leakage between training and validation
sets.

6.1.3 Recording-level Data Partitioning

LORO cross-validation is used to ensure independence between training and validation data. Since three
recordings are available per species, the number of folds is £ = 3. In each fold, one complete recording
per species is reserved for validation, while the remaining recordings are used for training.

Test Train on (k - 1) splits

[\

/’

k-fold

e

Figure 6.1: Illustration of k-fold cross-validation at the recording level. In LORO cross-validation, each fold holds
out an entire recording for validation (grey), while the remaining recordings are used for training (orange). This
strategy ensures independence between training and validation data by preventing segment-level overlap across
folds. Adapted from [1].
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As illustrated in Figure 6.1, one entire recording is held out as the validation set while all remaining
recordings are used for training, and this process is repeated across folds. By enforcing separation at the
recording level, LORO prevents spectrogram segments derived from the same recording from appearing
in both training and validation sets, thereby avoiding artificial performance inflation caused by shared
acoustic context. In each fold, one recording per species is used for validation, while the remaining two
recordings per species are used for training, resulting in three folds in total.

Since only a single background soundscape recording was available, it was divided into three non-
overlapping temporal segments of equal duration. These segments were treated as independent back-
ground samples and consistently assigned across folds for data augmentation.

6.1.4 Audio segmentation

All recordings are segmented into fixed-length audio windows of 2 seconds using a sliding-window strategy
with a 1 second hop size, resulting in overlapping segments. Segmentation is applied uniformly across
entire recordings and is not restricted to annotated vocalization intervals.

CSV annotation files are used to associate recordings with species labels and to provide reference vocal-
ization timing information; however, these annotations are not used to define or align the segmentation
windows. Instead, fixed-length segments are extracted across the full recording duration.

Each segment inherits the species label of its source recording and is treated as an independent sample
during training and evaluation. Consequently, some segments may not contain dolphin calls of the
assigned species and may consist solely of background or ambient acoustic content.

6.1.5 Spectrogram generation and data augmentation

All audio segments are converted into time-frequency representations prior to CNN processing. Two
spectrogram-generation pipelines are evaluated that differ only in whether data augmentation is applied
during training. All other processing parameters are kept identical across pipelines.

In both configurations, spectrograms are generated using the default CetusID settings, with a fixed
segment duration of 2 seconds and a spectrogram resolution of 450 x 450 pixels. Identical STFT
parameters and amplitude-to-decibel scaling are applied in all experiments.

In the non-augmented pipeline, waveform segments are first serialized into audio.pkl files and subse-
quently converted into static spectrogram images using the STFT. The resulting spectrograms are stored
in img.pkl files and used directly as CNN inputs during training and evaluation.

In the augmented pipeline, background-mixing augmentation is applied during training by combining
dolphin vocalization segments with temporally shifted background soundscape segments using a fixed
mixing ratio, following the procedure described by Frainer et al. (see Chapter 5). In this case, spectro-
grams are generated dynamically during training from the augmented waveforms. Validation data are
never augmented and are generated once using the non-augmented pipeline.

When background-mixing augmentation is enabled, the effective training set size increases to 37-41
samples per class per fold, depending on the held-out recording, compared to the non-augmented con-
figuration.

6.1.6 Sampling Rate Experiments

To evaluate the effect of audio sampling rate (SRQ.2), experiments were conducted at 24, 48, and 96 kHz.
Lower sampling rates were obtained by downsampling the original recordings, thereby discarding high-
frequency information. For each sampling rate, the full pre-processing and training pipeline was executed
independently using identical fold assignments, architectures, and hyperparameters.

CNN2 was trained from scratch for each sampling rate and fold. Data augmentation was disabled in
these experiments to isolate the effect of sampling rate on classification performance and stability.

6.1.7 Augmentation and Controlled Noise Sensitivity Experiments

To evaluate model sensitivity to controlled signal degradation, an additional dataset was generated by
injecting zero-mean Gaussian noise with a standard deviation of o = 0.05 into all audio recordings prior
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to segmentation. Gaussian noise was selected as a controlled and distribution-agnostic perturbation that
enables repeatable sensitivity testing without modeling specific underwater noise sources. This noise
injection is used solely as a controlled degradation mechanism to probe how classification performance
changes under artificial signal perturbations, and is not intended as a formal robustness evaluation or as
a label-preserving augmentation applied only during training.

Experiments were conducted across four configurations: SA-Acoustics without augmentation, SA-Acoustics
with augmentation, SA-Acoustics (noise-degraded) without augmentation, and SA-Acoustics (noise-
degraded) with augmentation. Performance differences between SA-Acoustics and SA-Acoustics (noise-
degraded) validation sets were used to characterize performance sensitivity to artificial noise, while the
effect of data augmentation was assessed by comparing changes in classification accuracy across these
controlled degradation conditions.

Because the injected noise is synthetic and limited in scope, these experiments are interpreted as a
sensitivity analysis under controlled signal degradation, rather than as evidence of robustness to real-
world underwater noise conditions.

6.1.8 Final Experiments: Band-pass pre-processing and Model Comparison

The final experiments constitute the main contribution of this thesis and address SRQ.1. Based on the
preliminary experiments, all final evaluations are conducted at a fixed sampling rate of 96 kHz. A signal-
level band-pass filter is introduced as a pre-processing step and evaluated with and without filtering.
When enabled, the filter is applied identically to both training and validation audio prior to spectrogram
generation.

Before generating spectrograms, only the dolphin species audio recordings were filtered to retain the
frequency range relevant to dolphin sounds. This was done using a Butterworth band-pass filter, which
removes low-frequency and high-frequency components while preserving the structure of the remaining
signal. Frequencies between 2 kHz and 19 kHz were retained, as this range contains the most informative
acoustic features for discriminating among dolphin species in the dataset. The same filtering was applied
to all training and validation recordings. The soundscapes were not filtered because there was nothing
relevant to dolphins within the recordings.

Although echolocation clicks occupy higher frequency bands, the publicly released SA-Acoustics demo
dataset is dominated by whistle-based segments. As a result, CNN2 performance in this study is primarily
driven by whistle structure rather than broadband click energy, making the selected band-pass range
appropriate for the evaluated experiments.

Training is performed with and without augmentation after spectrogram generation, while the validation
data remains unaugmented. Two model architectures are evaluated under identical pre-processing and
data splits: the baseline CNN2 architecture from CetusID, trained from scratch, and the EfficientNetB0
transfer-learning classifier. This allows the sensitivity of both a lightweight CNN and a higher-capacity
pretrained model to pre-processing choices to be assessed, as higher-capacity pretrained models may
exploit filtered representations differently than shallow CNNs.

6.1.9 Model Training and Evaluation

CNN2 was trained from scratch for each experimental condition and cross-validation fold for 20 epochs
using the Adam optimizer (learning rate = 0.001), categorical cross-entropy loss, a batch size of 32, and
a dropout rate of 0.4. A fixed random seed (42) was used to ensure reproducibility.

Although Frainer et al. trained for 50 epochs, the publicly released CetusID implementation defaults to
20 epochs. Training curves indicated stable convergence within this limit, and extending training was
neither necessary nor appropriate given the limited dataset size.

Performance was evaluated using LORO validation accuracy, reported as mean + standard deviation
across folds. Additional analyses using row-normalized confusion matrices, class-wise recall, and F1-
scores were conducted to assess classification stability and inter-class behavior.
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Chapter 7

Experimental Results

This chapter reports the experimental results obtained for the three sub-research questions defined in
Chapter 1, focusing specifically on CNN2. Results are presented using LORO validation accuracy, con-
fusion matrices, and class-wise recall, reported as mean + standard deviation over three recording-level
cross-validation folds. The analysis in this chapter is descriptive and comparative; causal interpretation
and broader implications are discussed in Chapter 8. For completeness, class-wise F1-scores are reported
in Appendix A.3.

To improve traceability, the chapter is organized by sub-research question: Section 7.0.1 addresses SRQ.2
(sampling rate), Section 7.0.2 addresses SRQ.3 (augmentation and controlled signal degradation), and
Section 7.0.3 addresses SRQ.1 (band-pass pre-processing and model comparison).

7.0.1 Effect of Sampling Rate on Classification Performance

This subsection evaluates CNN2 classification performance using LORO validation accuracy under LORO
cross-validation. As described in Chapter 6, data augmentation is disabled in these experiments to isolate
sampling-rate effects. Performance is assessed using aggregate validation accuracy, confusion matrices,
and class-wise recall to capture both overall trends and species-specific behavior across folds.

Table 7.1 summarizes the validation accuracy of CNN2 for the three evaluated sampling rates over three
folds.

Table 7.1: CNN2 LORO validation accuracy for different audio sampling rates.

Sampling Rate Fold Accuracies Validation Accuracy

24 kHz [0.800, 0.571, 0.455] 0.609 £ 0.143
48 kHz [0.767, 0.667, 0.424] 0.619 + 0.144
96 kHz [0.867, 0.571, 0.545] 0.661 + 0.146

The mean LORO validation accuracy increases slightly with the sampling rate, reaching a maximum
at 96 kHz. However, standard deviations remain high across all sampling rates, indicating substantial
fold-to-fold variability. Specifically, the performance depends on which recordings are held out in the
LORO evaluation.

Confusion Matrix Analysis

For each sampling rate, confusion matrices were computed per fold and aggregated by element-wise mean
across folds; the resulting mean matrix was then row-normalized. Figure 7.1 shows the resulting row-
normalized mean confusion matrices. Numeric mean confusion matrices are provided in Appendix A.1.
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Figure 7.1: Row-normalized mean confusion matrices for CNN2 at sampling rates of 24 kHz, 48 kHz, and 96 kHz.
Each matrix represents the element-wise mean across three folds, with rows corresponding to true labels and
columns to predicted labels. Color intensity indicates the proportion of predictions per true class.

At 24 kHz (Figure 7.1a), CNN2 achieves its highest recall for Sousa plumbea at 0.747, while Tursiops
aduncus shows substantial confusion with Sousa plumbea. Delphinus delphis shows moderate recall
(0.620) and is misclassified at similar rates into the other two classes, indicating limited separability at
this sampling rate.

At 48 kHz (Figure 7.1b), recall improves for Delphinus delphis and Tursiops aduncus, both exceeding 0.72.
In contrast, Sousa plumbea exhibits increased confusion, particularly with Tursiops aduncus, suggesting
that intermediate sampling rates do not uniformly improve class separability.

At 96 kHz (Figure 7.1c), CNN2 achieves its strongest performance for Tursiops aduncus, with a recall
of 0.8 and no confusion with Sousa plumbea. Sousa plumbea remains partially confusable with Tursiops
aduncus, while Delphinus delphis continues to show moderate recall and confusion with Sousa plumbea.
Overall, increased sampling rate improves discrimination for specific species pairs but does not eliminate
inter-species confusion.

Class-wise Recall Analysis

Table 7.2 reports class-wise recall across sampling rates, which is the mean + standard deviation over
three folds.
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Table 7.2: Class-wise recall of CNN2 across sampling rates

Class 24 kHz 48 kHz 96 kHz
Delphinus delphis  0.620 + 0.147  0.727 + 0.473 0.580 + 0.356
Sousa plumbea 0.747 £ 0.274  0.403 £ 0.464 0.573 = 0.498
Tursiops aduncus  0.457 £ 0.412  0.727 + 0.473 0.833 £ 0.181

Sampling-rate effects are species-dependent. Tursiops aduncus exhibits higher recall at 96 kHz compared
to 24 kHz, whereas Delphinus delphis exhibits its highest mean recall at 48 kHz. Sousa plumbea shows
its highest mean recall at 24 kHz. Standard deviations are large for multiple classes and sampling rates,
indicating strong fold-to-fold variability in recall.

As 96 kHz yields the highest mean validation accuracy among the tested sampling rates (Table 7.1),
the subsequent experiments evaluate controlled signal degradation and augmentation effects under fixed
pre-processing settings, and the final experimental block uses a fixed raw audio sampling rate at 96 kHz
as described in Chapter 6.

7.0.2 Effect of Data Augmentation Under Controlled Signal Degradation

This subsection addresses SRQ.3 by evaluating the effect of background-mixing augmentation (Chapter 6)
in SA-Acoustics and SA-Acoustics (noise-degraded) datasets. Performance is summarized using training
accuracy, validation accuracy, confusion matrices, and class-wise recall.

Table 7.3 summarizes training and validation accuracy across experimental conditions.

Table 7.3: CNN2 performance in the SA-Acoustics and SA-Acoustics (noise-degraded) datasets with and without
data augmentation

Dataset Setting Train Acc Val Acc
SA-Acoustics No Augmentation 0.735 +0.118  0.661 + 0.178
SA-Acoustics Augmented 0.769 + 0.150  0.603 4+ 0.172
SA-Acoustics (noise-degraded) No Augmentation 0.388 + 0.051  0.429 + 0.005
SA-Acoustics (noise-degraded) Augmented 0.348 £ 0.097  0.483 £ 0.131

In the SA-Acoustics dataset, validation accuracy is lower with augmentation than without augmentation
(0.603 vs. 0.661). In the SA-Acoustics (noise-degraded) dataset, validation accuracy is higher with aug-
mentation than without augmentation (0.483 vs. 0.429). Notably, in the SA-Acoustics (noise-degraded)
dataset, mean training accuracy is lower than mean validation accuracy in both settings. On the other
hand, the SA-Acoustics dataset shows higher training than validation accuracy.

Confusion Matrix Analysis

Figure 7.2 presents row-normalized mean confusion matrices for SA-Acoustics and SA-Acoustics (noise-
degraded) datasets, with and without augmentation, computed by first averaging confusion matrices
across three folds and then row-normalizing. Numeric mean confusion matrices are provided in Ap-
pendix A.2.
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Figure 7.2: Average row-normalized confusion matrices of CNN2 under SA-Acoustics and SA-Acoustics (noise-
degraded) datasets, with and without data augmentation. Each matrix represents the mean across all cross-
validation folds; diagonal entries indicate per-class recall.

Under SA-Acoustics, non-augmented conditions (Figure 7.2a), the confusion matrix shows the highest
diagonal values for Tursiops aduncus. Under SA-Acoustics augmented conditions (Figure 7.2b), confusion
increases between Delphinus delphis and Sousa plumbea relative to the non-augmented condition.

In the SA-Acoustics (noise-degraded) dataset, non-augmented conditions (Figure 7.2c), diagonal val-
ues decrease, and misclassifications increase across all classes. In the SA-Acoustics (noise-degraded)
augmented dataset, the diagonal entry for Sousa plumbea increases substantially (1.0), while diagonal
entries for Delphinus delphis and Tursiops aduncus decrease (0.4 and 0.1, respectively), indicating a
strong shift in per-class recall patterns under this configuration.

Class-wise Recall Analysis

Tables 7.4 and 7.5 report class-wise recall across SA-Acoustics and SA-Acoustics (noise-degraded) con-
ditions.

Table 7.4: Class-wise recall of CNN2 under SA-Acoustics conditions, with and without data augmentation

Class No Aug Aug
Delphinus delphis 0.580 + 0.356 0.537 4+ 0.474
Sousa plumbea 0.573 £ 0.498 0.290 + 0.387

Tursiops aduncus  0.833 + 0.181 0.817 + 0.236
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Table 7.5: Class-wise recall of CNN2 under SA-Acoustics (noise-degraded) conditions, with and without data
augmentation

Class No Aug Aug

Delphinus delphis  0.597 £ 0.365  0.408 4+ 0.432
Sousa plumbea 0.557 + 0.389  0.953 + 0.081
Tursiops aduncus  0.133 4+ 0.231 0.091 4+ 0.157

Class-wise recall results show that augmentation effects are condition- and class-dependent. In the SA-
Acoustics data, the recall for Tursiops aduncus is very high, ~0.8, for both augmented and non-augmented
data. Both Tursiops aduncus and Delphinus delphis show little difference when augmentation is applied
to the data. However, Sousa plumbea shows a significant drop in recall from 0.573 to 0.290 when
augmentation is applied.

On the other hand, in the SA-Acoustics (noise-degraded) dataset, recall for Sousa plumbea increases from
0.557 to 0.953 with augmentation, while recall for Tursiops aduncus remains low in both SA-Acoustics
(noise-degraded) dataset configurations (0.133 without augmentation and 0.091 with augmentation).
Standard deviations remain large for multiple classes, indicating substantial fold-to-fold variability.

7.0.3 Final evaluation: band-pass pre-processing and model comparison

This subsection addresses SRQ.1 and reports the main experimental results evaluating the combined
effect of signal-level band-pass pre-processing and model architecture. The baseline CNN2 classifier is
compared with the EfficientNetB0 transfer-learning model under no-band-pass-filtered and band-pass-
filtered conditions, with and without augmentation. All conditions are evaluated using the same LORO
folds (k = 3), and validation data remain unaugmented in all configurations (Chapter 6). Table 7.6
summarizes mean training and validation accuracy over three folds.

Table 7.6: Classification performance of the custom CNN2 from Frainer et al. [16] and EfficientNetBO model
over three recording-level cross-validation folds.

Model / Pre-processing Train accuracy Validation accuracy
CNN2 from Frainer et al.

No-Band-pass (No Augmentation) 0.735+0.118 0.661 +0.178
No-Band-pass + Augmentation 0.769 = 0.150 0.603 = 0.172
Band-pass (No Augmentation) 0.566 + 0.090 0.572 4+ 0.027
Band-pass + Augmentation 0.516 = 0.169 0.463 = 0.101
EfficientNetB0

No-Band-pass + Augmentation 0.901 £0.171 0.778 £0.192
No-Band-pass (No Augmentation) 0.970 + 0.053 0.700 + 0.058
Band-pass (No Augmentation) 0.976 +0.014 0.849 + 0.088
Band-pass + Augmentation 0.942 £+ 0.026 0.836 £ 0.020

Table 7.7: Comparison of validation accuracies obtained under different models and evaluation protocols. The
baseline CNN2 result is reported from a single random 80/20 validation split used solely for reproduction verifi-
cation. On the other hand, the EfficientNetBO0 result is obtained under LORO cross-validation. The values are
shown to provide scale context only and are not directly comparable.

Source Configuration Validation Accuracy
Table 5.2 Own implementation using [16] CNN2 (Average) 0.843
Table 7.6 EfficientNet, band-pass (No Augmentation) 0.849

Table 7.7 places the baseline CNN2 validation accuracy reported in Table 5.2 alongside the best-
performing EfficientNetBO configuration from Table 7.6 to provide scale context. Both experiments
used the SA-Acoustics dataset. The baseline value of approximately 0.84 is of similar magnitude to the
LORO validation accuracy of 0.849 4+ 0.088 observed in the final experiments.
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These values are not directly comparable. The baseline CNN2 result is obtained using a single random
80/20 train—validation split during baseline reproduction, whereas the EfficientNetBO0 result is evaluated
using LORO cross-validation with £ = 3, which enforces recording-level generalization.

Across all experiments, three consistent tendencies emerge. First, data augmentation has a limited and
highly conditional effect. Augmentation improves validation performance only for the EfficientNetB0
model under no-band-pass conditions. In all other configurations, augmentation either has no benefit or
degrades validation performance, particularly for the baseline CNN2. This indicates that augmentation
interacts with both model capacity and input representation rather than providing a uniform robustness
gain.

Second, signal-level band-pass pre-processing consistently benefits EfficientNetBO while consistently de-
grading CNN2 performance. For EfficientNetB0, band-pass filtering yields higher validation accuracy in
both augmented and non-augmented settings and leads to the best-performing configuration observed in
this study. In contrast, CNN2 shows reduced training and validation accuracy under band-pass filtering
across all configurations, indicating that the baseline architecture fails to effectively exploit the filtered
representation.

Third, EfficientNetBO outperforms CNN2 across all evaluated configurations. This performance gap
persists regardless of sampling rate, augmentation, or band-pass pre-processing, suggesting that model
capacity and pretrained feature representations play a dominant role under the evaluated data con-
straints.

Moreover, to analyze class-level behavior for the best-performing model under the two relevant conditions,
Figure 7.3a and Figure 7.3b show the row-normalized mean confusion matrices for EfficientNet under
no-band-pass and band-pass filtered conditions without augmentation.
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Figure 7.3: Row-normalized mean confusion matrices for EfficientNet with no augmentation. Figure (a) represents
the result without pre-processing, and Figure (b) with band-pass pre-processing.

Under no-band-pass conditions (Figure 7.3a), EfficientNet already exhibits strong performance for Del-
phinus delphis and Sousa plumbea, while Tursiops aduncus remains partially confused with Sousa
plumbea. After applying band-pass pre-processing (Figure 7.3b), predictions become more concentrated
along the diagonal for all three species. In particular, misclassifications between Tursiops aduncus and
Sousa plumbea are substantially reduced, indicating improved separability after suppressing background-
dominated frequency components.

Table 7.8 reports class-wise recall for EfficientNet under these two conditions, derived from the row-
normalized confusion matrices.

34



Table 7.8: Class-wise recall (mean + standard deviation) for EfficientNet under no-band-pass and band-pass
filtered conditions without augmentation.

Species No-Band-pass (No Aug) Band-pass (No Aug)
Delphinus delphis 0.767 + 0.404 0.967 + 0.058
Sousa plumbea 1.000 £ 0.000 0.857 +0.248
Tursiops aduncus 0.333 £0.577 0.724 + 0.394

Band-pass pre-processing leads to substantial recall improvements for Delphinus delphis and Tursiops
aduncus, while recall for Sousa plumbea decreases slightly but remains high. Overall, these results
indicate that signal-level band-pass filtering enhances class separability when combined with a transfer-
learning model, indicating that these signals are not effectively exploited by the baseline CNN2. Full
class-wise recall results for all models and pre-processing configurations are provided in Appendix A.11.
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Chapter 8

Discussion

This chapter interprets the experimental results presented in Chapter 7 in relation to the sub-research
questions defined in Chapter 1. Given the limited size of the SA-Acoustics dataset and the resulting vari-
ability observed across recording-level cross-validation folds, the discussion is intentionally conservative.
The focus is on observations consistently supported by the reported results, while avoiding generalization
beyond the evaluated experimental setting.

Overall, the results highlight three findings. First, changes in the audio sampling rate produce only
small differences in mean validation accuracy compared with the observed fold-to-fold variability. Sec-
ond, the effect of background-mixing augmentation depends strongly on the acoustic condition and
redistributes classification errors across classes rather than uniformly improving performance. Finally,
signal-level band-pass pre-processing interacts strongly with model architecture, degrading performance
for the baseline CNN2 while substantially improving performance for the EfficientNetB0 transfer-learning
model.

8.1 Effect of Sampling Rate on Species Classification

The sampling-rate experiments show that increasing the audio sampling rate from 24 kHz to 96 kHz
results in only modest changes in mean LORO validation accuracy (Table 7.1). These differences are
consistently smaller than the fold-to-fold variability observed across recording-level splits, indicating that
performance is dominated by recording-specific effects rather than by sampling rate alone in this dataset.

Importantly, all experiments use fixed-size spectrogram images as input to the CNN. As a result, changes
in sampling rate do not alter the dimensionality of the input representation but only affect the frequency
content encoded within it. Within this constrained setting, no sampling rate yields consistently superior
performance across folds.

Confusion-matrix analysis (Figure 7.1 and Appendix A.1) shows that misclassification patterns vary
across sampling rates; however, these variations are accompanied by large standard deviations and are not
stable across folds. Consequently, apparent class-wise differences in recall across sampling rates should
be interpreted with caution and are likely driven by recording-level variability rather than systematic
effects of sampling rate.

These observations are consistent with prior bio-acoustic findings showing that higher sampling rates
preserve fine temporal and spectral structure without necessarily yielding improved downstream clas-
sification performance. Papale et al. [41], for example, report that higher sampling rates retain high-
frequency components of dolphin burst pulses, while downsampling alters measured acoustic features. In
the present experiments, however, preservation of higher-frequency detail does not consistently translate
into improved classification performance, which aligns with the strong recording-level variability and
data limitations observed in this study.

Overall, the results indicate that, within the SA-Acoustics dataset and under fixed spectrogram repre-
sentations, sampling rate is not a dominant factor governing CNN2 classification performance. These
findings should be interpreted as dataset-specific and exploratory rather than as evidence for an optimal
sampling rate for dolphin species classification.
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8.2 Impact of Data Augmentation Under Controlled Signal Degra-
dation

The augmentation experiments show that background-mixing augmentation does not have a uniform
effect on CNN2 performance and instead interacts with the acoustic condition of the data. In the SA-
Acoustics dataset, augmentation increases training accuracy while reducing validation accuracy relative
to the non-augmented configuration (Table 7.3). This suggests a mismatch between the augmented
training distribution and the unaugmented validation data used in this study.

In contrast, in the SA-Acoustics (noise-degraded) dataset, augmentation increases mean validation ac-
curacy compared to the non-augmented condition. This indicates that augmentation partially mitigates
the specific synthetic degradation introduced by additive Gaussian noise. However, this improvement
should not be interpreted as general robustness, as the applied noise does not reflect the complexity of
real underwater acoustic environments.

Class-wise analyses indicate that background-mixing augmentation redistributes classification errors
rather than uniformly improving performance. In the SA-Acoustics (noise-degraded) dataset, augmen-
tation leads to a strong shift in class-wise recall, with one class achieving very high recall while recall for
the remaining classes decreases substantially (Table 7.5). This pattern reflects a concentration of pre-
dictions toward a dominant class in some folds, as also visible in the corresponding confusion matrices,
and indicates a failure mode in which the classifier collapses toward a single prediction under controlled
signal degradation.

Taken together, these results indicate that background-mixing augmentation does not provide consistent
performance gains in this setting. Instead, its effect depends on the acoustic condition and can introduce
class-conditional trade-offs. Given the limited dataset and the use of a single background-soundscape
recording, these findings should be interpreted as exploratory sensitivity analyses rather than as general
conclusions about augmentation effectiveness in PAM.

8.3 Effect of Band-Pass Pre-processing and Model Capacity

The final experiments demonstrate a strong interaction between signal-level band-pass pre-processing
and model architecture. For the baseline CNN2, applying band-pass filtering consistently reduces both
training and validation accuracy across all evaluated configurations (Table 7.6). The reduction in training
accuracy indicates that CNN2 struggles to fit the filtered representation under the constraints of the
available data.

In contrast, the EfficientNetB0 transfer-learning model benefits substantially from band-pass pre-processing.
Validation accuracy increases under band-pass filtering in both augmented and non-augmented settings,
with the highest performance observed for the band-pass, no-augmentation configuration. Confusion-
matrix analysis shows improved diagonal concentration and reduced inter-class confusion under this
condition.

Class-wise recall results indicate that band-pass filtering improves recall for multiple classes when com-
bined with EfficientNetBO0, although some class-to-class trade-offs remain (Table 7.8). Given the small
number of recordings per species and the observed variability across folds, these improvements should
be interpreted as indicative trends rather than as reliable performance estimates.

A plausible interpretation of these results is that the baseline CNN2 relies partly on background-
dominated spectral regions when performing species classification. In the unfiltered setting, low-frequency
regions that contain little dolphin vocalization but reflect recording-specific characteristics remain present
in the input. When band-pass filtering removes these regions, CNN2 performance degrades consistently,
suggesting that the model does not effectively exploit vocalization-dominant frequency content alone.

In contrast, EfficientNetB0 benefits from band-pass pre-processing, indicating that the higher-capacity
pretrained model is better able to extract species-relevant information from vocalization structure while
being less dependent on background cues. This interpretation is consistent with the observed trends:
band-pass filtering is always beneficial for EfficientNetB0, never beneficial for CNN2, and EfficientNetB0
consistently outperforms CNN2 across all configurations.
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Overall, these findings suggest that signal-level pre-processing cannot be evaluated independently of
model capacity. In this dataset, the baseline CNN2 does not effectively exploit the filtered representation,
whereas a higher-capacity pretrained model can benefit from the removal of background-dominated
frequency regions. This interaction underscores the importance of jointly considering pre-processing
choices and model architecture in PAM-based classification pipelines.

8.4 Limitations

Several limitations constrain the interpretation and generalizability of these results.

Limited data and unstable estimates. The dataset contains only three annotated recordings per
species, requiring LORO cross-validation with & = 3. While this prevents segment-level leakage, it
results in high variance and unstable class-wise estimates. Reported mean differences should therefore
be interpreted as indicative trends rather than reliable population-level estimates.

No independent labeled test set. All evaluations are restricted to cross-validation splits drawn
from the same small recording pool. Generalization to unseen recording sites, sensors, or environmental
conditions cannot be directly assessed.

Demo framework constraints. Model architectures, training hyperparameters, and core process-
ing steps were inherited from the publicly released CetusID demo implementation. The full datasets
and training configurations used in the original study are not publicly available, limiting architectural
exploration and systematic hyperparameter optimization.

Segment-level evaluation. Performance is evaluated at the segment level using overlapping 2 s win-
dows. This differs from encounter-level aggregation in the original CetusID study and may emphasize
different error patterns than those encountered in deployment scenarios.

Noise and augmentation representativeness. Controlled signal degradation is evaluated using
additive Gaussian noise and augmentation based on a single background-soundscape recording. These
conditions provide a controlled stress test but do not capture the diversity of real underwater acoustic
environments.

Robustness is evaluated only with respect to additive Gaussian noise and background-mixing augmenta-
tion derived from a single soundscape recording. These conditions do not reflect the spectral, temporal,
or non-stationary characteristics of real underwater noise

Single-seed training. All experiments use a single fixed random seed. While this ensures reproducibil-
ity, it does not quantify variability due to stochastic optimization.

Downsampling confound. Lower sampling rates are obtained through downsampling, which removes
high-frequency content and may alter spectral statistics. Observed sampling-rate effects therefore reflect
reduced-bandwidth representations within this pipeline rather than optimal acquisition settings.
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Chapter 9

Conclusion

This thesis examined how pre-processing and representation choices affect the performance and behav-
ior of CNNs for dolphin species classification in PAM within the scope of the evaluated dataset and
experimental framework. Using the publicly available CetusID framework, controlled experiments were
conducted to evaluate the effects of audio sampling rate, data augmentation, and signal-level band-
pass pre-processing on species classification. All experiments followed a controlled design in which pre-
processing and representation choices were varied while model training and evaluation protocols were
kept fixed. Results were evaluated using LORO cross-validation on a limited dataset comprising three
dolphin species.

9.1 Answer to the Research Question

The main research question addressed in this thesis was:

How do signal-level band-pass filtering, audio sampling rate, and data augmentation influence the per-
formance of CNN-based dolphin species classification from PAM audio segments?

The results indicate that, in this study, pre-processing choices do not provide uniform performance
improvements and instead exhibit context-dependent effects. Changes in audio sampling rate lead to
only modest differences in validation accuracy, with variations that are small relative to the observed
fold-to-fold variability. Class-wise analyses show that sampling-rate effects differ across species, but no
sampling rate consistently outperforms others across all folds and classes.

Data augmentation exhibits strongly condition-dependent behavior. In the SA-Acoustics dataset, aug-
mentation reduces validation performance, whereas in the SA-Acoustics (noise-degraded) dataset, it
improves validation accuracy. However, this improvement is class dependent and primarily reflects a
redistribution of classification errors rather than a uniform robustness gain.

Signal-level band-pass pre-processing does not improve performance for the baseline CNN2 architecture
under the evaluated conditions and is associated with reduced training and validation accuracy. In
contrast, when combined with a higher-capacity transfer-learning model, band-pass pre-processing yields
a substantial increase in validation accuracy and reduces inter-class confusion. This indicates that the
effectiveness of signal-level pre-processing depends strongly on model capacity and the ability to exploit
vocalization-dominant spectral information.

Overall, the findings suggest that pre-processing choices in PAM-based dolphin classification should be
evaluated jointly with model architecture and data constraints, rather than assumed to be universally
beneficial.
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9.2 Contributions

This thesis makes the following contributions:
e A reproducible validation of the CetusID framework under recording-level cross-validation.

e A controlled analysis of audio sampling rate effects, indicating species-dependent performance
behavior.

An evaluation of data augmentation for the SA-Acoustics and SA-Acoustics (noise-degraded)
datasets, pointing to class-conditional trade-offs.

A investigation of signal-level band-pass pre-processing, showing that when combined with an
EfficientNetB0 transfer-learning model, it achieves the highest validation accuracy (0.849 £ 0.088)
under LORO cross-validation in this study.

A preliminary class-wise performance analysis of aggregate accuracy in PAM classification.

9.3 Future Work

Future work should evaluate these findings on larger and more diverse datasets to reduce variance and
assess generalization across recording sites and environmental conditions. Encounter-level evaluation and
aggregation should be explored to better reflect deployment scenarios. In addition, pre-processing strate-
gies should be developed in a species-aware manner, and robustness testing should be extended to more
realistic underwater noise sources. Finally, multi-seed training and broader architectural comparisons
would improve statistical reliability.
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Appendix A

Additional Results

A.1 Numeric Mean Confusion Matrices for Sampling-Rate Ex-

periments

Tables A.1-A.3 report the numeric mean confusion matrices for the sampling-rate experiments. Each
entry corresponds to the element-wise mean across three cross-validation folds. Rows represent true

labels and columns represent predicted labels.

Table A.1: Numeric mean confusion matrix for CNN2 at 24 kHz (mean over three folds).

True / Predicted Delphinus Sousa Tursiops
Delphinus delphis 0.620 0.183 0.197
Sousa plumbea 0.177 0.747 0.080
Tursiops aduncus 0.173 0.370 0.457

Table A.2: Numeric mean confusion matrix for CNN2 at 48 kHz (mean over three folds).

True / Predicted Delphinus Sousa Tursiops
Delphinus delphis 0.727 0.273 0.000
Sousa plumbea 0.133 0.403 0.463
Tursiops aduncus 0.060 0.213 0.727

Table A.3: Numeric mean confusion matrix for CNN2 at 96 kHz (mean over three folds).

True / Predicted Delphinus Sousa Tursiops
Delphinus delphis 0.580 0.307 0.113
Sousa plumbea 0.177 0.573 0.250
Tursiops aduncus 0.167 0.000 0.833
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A.2 Numeric Mean Confusion Matrices for Augmentation
and Noise Experiments
Tables A.4-A.7 report the numeric mean confusion matrices for the augmentation and controlled signal

degradation experiments. Each entry corresponds to the element-wise mean across three cross-validation
folds. Rows represent true labels and columns represent predicted labels.

Table A.4: Numeric mean confusion matrix for CNN2 with SA-Acoustics dataset and no augmentation (mean
over three folds).

True / Predicted Delphinus Sousa Tursiops

Delphinus delphis 0.580 0.307 0.113
Sousa plumbea 0.177 0.573 0.250
Tursiops aduncus 0.167 0.000 0.833

Table A.5: Numeric mean confusion matrix for CNN2 with SA-Acoustics dataset and augmentation (mean over
three folds).

True / Predicted Delphinus Sousa Tursiops

Delphinus delphis 0.537 0.367 0.100
Sousa plumbea 0.080 0.290 0.463
Tursiops aduncus 0.030 0.150 0.817

Table A.6: Numeric mean confusion matrix for CNN2 with the SA-Acoustics (noise-degraded) dataset and no
augmentation (mean over three folds).

True / Predicted Delphinus Sousa Tursiops

Delphinus delphis 0.597 0.223 0.180
Sousa plumbea 0.317 0.557 0.127
Tursiops aduncus 0.503 0.363 0.133

Table A.7: Numeric mean confusion matrix for CNN2 with the SA-Acoustics (noise-degraded) dataset and
augmentation (mean over three folds).

True / Predicted  Delphinus Sousa Tursiops

Delphinus delphis 0.407 0.500 0.090
Sousa plumbea 0.047 0.953 0.000
Tursiops aduncus 0.090 0.817 0.090
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A.3 Class-wise F1-Scores

A.3.1 F1-Scores Across Sampling Rates

Table A.8: Class-wise F1-score of CNN2 across sampling rates (mean + standard deviation over three folds).

Class 24 kHz 48 kHz 96 kHz
Delphinus delphis  0.625 = 0.074  0.699 + 0.386  0.573 £ 0.296
Sousa plumbea 0.444 + 0.396 0.607 + 0.298  0.761 + 0.130

Tursiops aduncus 0.667 £ 0.244  0.334 + 0.292 0.507 = 0.461

A.3.2 F1-Scores for the SA-Acoustics and SA-Acoustics (noise-degraded)
Datasets

Table A.9: Class-wise Fl-score of CNN2 in the SA-Acoustics dataset with and without data augmentation
(mean + standard deviation over three folds).

Class SA-Acoustics (No Aug) SA-Acoustics (Aug)
Delphinus delphis 0.573 =+ 0.296 0.556 + 0.486
Sousa plumbea 0.507 + 0.461 0.236 + 0.230
Tursiops aduncus 0.761 + 0.130 0.684 + 0.059

Table A.10: Class-wise Fl-score of CNN2 in the SA-Acoustics (noise-degraded) dataset with and without
data augmentation (mean + standard deviation over three folds).

Class SA-Acoustics (noise-degraded, No Aug) SA-Acoustics (noise-degraded, Aug)
Delphinus delphis 0.476 + 0.092 0.435 4+ 0.430
Sousa plumbea 0.497 + 0.087 0.595 + 0.108
Tursiops aduncus 0.133 + 0.231 0.118 + 0.204
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A.4 Recall Table for Main Experiment

Table A.11: Per-class recall (mean + standard deviation) over three recording-level cross-validation folds, derived
from the confusion matrices.

Model / Pre-processing Delphinus delphis Sousa plumbea Tursiops aduncus

CNN2 from Frainer et al.

No-Band-pass (No Augmentation) 0.580 + 0.356 0.573 £ 0.498 0.833 +0.181
No-Band-pass + Augmentation 0.537 +£0.474 0.290 £ 0.387 0.817 £ 0.236

Band-pass (No Augmentation) 0.390 £ 0.361 0.639 +0.140 0.688 +0.290

Band-pass + Augmentation 0.100 £0.173 0.606 £ 0.533 0.684 +0.471

EfficientNet

No-Band-pass (No Augmentation) 0.767 £ 0.404 1.000 £ 0.000 0.333 £ 0.577

No-Band-pass + Augmentation 1.000 £ 0.000 0.333 £ 0.577 1.000 £ 0.000
Band-pass (No Augmentation) 0.967 + 0.058 0.857 +0.248 0.724 £+ 0.394

Band-pass + Augmentation 0.903 £0.100 0.852 £0.150 0.753 £ 0.230
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