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Abstract

Acoustic monitoring of bird species represents an innovative and sustainable approach to study-
ing and conserving biodiversity. This thesis analyzes the effectiveness of the Bird NET model
in recognizing alpine bird species in Italy, through fine-tuning techniques and systematic eval-
uations in realistic scenarios. To support the analysis, a baseline CNN model was also included,
aimed at exploring lighter and more transparent solutions. The work relies on specific datasets
and advanced methodologies, with the goal of optimizing performance and assessing the po-
tential and limitations of the models within the context of the Italian Alps.

Quantitative evaluations showed that fine-tuning significantly improved Bird NET’s ability
to detect species-specific vocalizations, especially for underrepresented or acoustically ambigu-
ous alpine birds. Performance metrics (micro, weighted, and samples average F1-scores) con-
firmed a consistent increase in recall and overall balance between precision and sensitivity. The
model fine-tuned with data augmentation achieved the best results, outperforming both the
original BirdNET and the vanilla CNN trained from scratch.

A detailed error analysis, including ROC curves and confusion matrices, highlighted the
positive impact of fine-tuning on previously difficult species, while also revealing persistent
classification biases linked to class imbalance and overlapping calls. Certain species, such as
Fringilla coelebs and Sylvia atricapilla, dominated predictions due to their prevalence in the
dataset, while others like Muscicapa striata and Regulus regulus remained challenging to detect.

These findings underscore the importance of local adaptation and data quality in ecologi-
cal Al applications. Despite methodological limitations such as dataset imbalance and limited
temporal coverage, the results support the use of fine-tuned acoustic models for targeted biodi-
versity monitoring in alpine habitats. The study also outlines the potential for edge-deployable
solutions and highlights future directions for improving generalization, robustness, and eco-
logical reliability of such systems.



vi



Contents

ABSTRACT

LIST OF FIGURES

LisT OF TABLES

LISTING OF ACRONYMS

1 INTRODUCTION

I.1
1.2
1.3
1.4

Motivation . . . . . . . .. e
Problem statement . . . . . . . . . ... ...
Objectivesof thethesis . . . . .. .. .. ... ... ... .........
Structureof thethesis . . . . . . . . . . .. ...

2 BACKGROUND AND RELATED WORK

2.1

2.2

2.3

2.4

Bioacoustic monitoring and alpine bird ecology . . . . . . . ... ... ...
2.1.1  Passive Acoustic Monitoring(PAM) . . .. .. .. ... .. .. ..
2.1.2 Alpinebirdecology . . . . ... ... oo oL
Deep learning for sound classification . . . . . . ... ... ..o 0L
2.2.1  Spectrogram-based audio representations . . . .. ... ... ...
2.2.2  Convolutional neural networks in bioacoustics . . . . . . . .. . ..
BirdNET framework . . . . . . . . . . ... ...
2.3.1  Architectureoverview . . ... .. ... L.
2.3.2  Pretrained model and targetclasses . . . . ... ... 0oL
Relatedworks . . . . . . . . . . . ..o

3 METHODOLOGY

3.1

Datasetdescription . . . . . .. ... L
3.1.1  Recordingsites . . . ... ... ... . L o L L
3.1.2  Species distribution and classbalance . . . . . ... ..o
3.1.3 Dataannotationand groundtruth . . . . .. ... ... L.
Preprocessing pipeline . . . . . ... ... oL oL L L
3.2.1  Segmentation . . . . .. ...
3.2.2  Spectrogram generation . . . . . ... ...
3.2.3 Dataaugmentation . . . . . ... ... ..o L0

vii

ix

-

N\ A\«

- 0 o \©

12
12
13
14
14
16
17



3.3 Modeling . .. ...
3.3.1  Baseline: original BirdNET . . . . . ... ... ... .. 0.
3.3.2 Fine-tuned BirdNET . . . . . . . .. ... ... ... .......
3.3.3 VanillaCNN . ... .. ...
3.4 Evaluation . . . . . . . . ...
3.4.1 Performancemetrics . . . . .. .. ... ... ... ... ...
3.4.2 Train-testsplitand validation . . . . . .. ... ... ... ... ..
3.4.3 Implementationdetails . . . . ... ... .o 00000
4 REsULTS
4.1 Quantitativeresults . . . . ... Lo L
4.1.1  Modelscomparison . . . . ... oL o L
4.1.2  DPer-species performance . . . .. ... ... L.
4.2 Erroranalysis . . .. ... ... .. L L
4.2.1  Confusionmatrices . . . . . . . . ...
4.2.2 Difficult species and possible causes . . . . . ...
4.2.3  Impact of environmental noise and overlappingcalls . . . . . . . ..
s CONCLUSIONS
5.1 Discussion . . . . . ... e e e e e e
s..1  Implications for conservation and monitoring . . . . . . .. .. ..
s.1.2 Methodological limitations . . . . .. ... ... ..........
s.1.3  Generalization potential . . . .. ... ... ... . 00000
s.2 Futurework . . . . ...
REFERENCES

viii

37
37
37
39
41
41
45
46

49
49
49
50
50
51

53



Listing of figures

1.1 Effects of climate change. Source: [1] . . . ... ... ... ... L.
1.2 Arecorder for bioacoustic monitoring. Source: [2] . . .. ...
1.3 Flowchart of two parallel processes for bird species detection: manual expert
review and automated deep learning classification. . . . . .. ... ... ..
1.4 Screenshots of the BirdNET application. Source: [3] . . . . ... ... ...

2.1 Scheme of a Multichannel Acoustic Autonomous Recording Unit recorder.

(a) Basicenclosure, (b) 3D-printed enclosure, (¢) and a set-up schematic. Source:

2.2 AudioProtoPNet for bird sound classification. Source [s] . ... ... ...
2.3 Thearchitecture of the SSL-Net for efficient bird sound classification. Source

[6] - o o e

3.1 Class distribution between Training and Testset . . . . . . ... ... ...
3.2 Preprocessing pipelineoverview . . . . . ... L Lo oL
3.3  DPitchshift effect on spectrogram . . . . .. ... L0000
3.4 Time stretching effect on spectrogram . . . . . . ... ... ... ...
3.5  Gain adjustment effect on spectrogram . . . . .. ...
3.6 Background noise addition effect on spectrogram . . . . ... ...

4.1 ROC Curve of the Original BirdNET model . . . . .. .. ... ... ...
4.2 ROC Curve of the Fine-tuned Bird NET model with data augmentation . . .
4.3 ROC Curve of the Vanilla CNN model with data augmentation . . . . . . .
4.4 Confusion matrix of the original BirdNET model . . . ... ... ... ..
4.5 Confusion matrix of the fine-tuned BirdNET model . . . . . . ... .. ..
4.6 Confusion matrixof thevanillaCNN . . . . ... .. .. ... .......
4.7  Spectrogram showing a completely erroneous species classification. . . . . . .
4.8 Spectrograms showing decreasing confidence scores for the same species. . . .
4.9 Spectrogram example of overlappingcalls. . . . . ... ... .00
4.10 Spectrogram of a completely ignored species. . . . . . ... L.

ix






4.1
4.2
43

Listing of tables

BirdNET architecture overviewin [7] . . . . . . . . . ... ... .. .... 16
Best-performing Vanilla CNN architecture . . . . . . ... ... ... ... 32
Performance metrics - Microaverage . . . . . . ... .. .. ... .. ... 37
Performance metrics - Weighted average . . . . . . . ... ... ... ... .. 38
Performance metrics - Samples average . . . . .. ... ... 38

xi



xii



Listing of acronyms

Al ............. Artificial Intelligence

ARU .......... Autonomous Recording Unit
AUC .......... Area Under the Curve

CNN .......... Convolutional Neural Network
ROC .......... Receiver Operating Characteristic
TPR ........... True Positive Rate

FPR ........... False Positive Rate

FFT ........... Fast Fourier Transform

MFCC ......... Mel-Frequency Cepstral Coefficients
ReLU .......... Rectified Linear Unit
CPU........... Central Processing Unit
GPU........... Graphics Processing Unit

SNR ........... Signal-to-Noise Ratio

AUROC ....... Area Under ROC Curve

BN ............ Batch Normalization
DO............ DropOut layer

xiil



Xiv



Introduction

1.1 MOTIVATION

The rapid increase in global environmental change, mainly driven by climate change and hu-
man activities, presents a significant challenge to biodiversity worldwide. These profound
shifts are fundamentally altering ecosystems, impacting where species live, and leading to an
alarming rate of biodiversity loss. In this critical period, effective ecological monitoring is ab-
solutely necessary. Such monitoring provides timely data needed to understand these complex
environmental transformations, guiding conservation strategies and developing strong adap-
tation measures to reduce negative effects. Informed decision-making in conservation funda-

mentally relies on accurate and continuous ecological insights [8].

A research [9] investigated the distribution patterns of ten bird species across altitudinal
gradients in two distinct alpine regions of northern Italy: Piedmontand Trentino. The primary
objective was to determine if these patterns are consistent across geographically separated areas
and to what extent they are influenced by altitude, habitat, and climate variables. In mountain
environments, where species distributions are often limited by temperature, increased warming
has been accompanied by upward shifts in the distributions of many species, including birds,
strongly suggesting a direct impact of climatic warming. While climate change is undeniably
a key driving factor, the study concludes that models incorporating both habitat and climate

variables consistently perform best in predicting bird occurrences. This implies that climate’s
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Figure 1.1: Effects of climate change. Source: [1]

influence doesn’t act in isolation but rather in complex combination with habitat availability.
One of the most popular methods to emerge in ecological research and conservation is Pas-
sive Acoustic Monitoring (PAM). This non-invasive and increasingly cost-effective approach
takes advantage of the natural sound communication of a diverse array of animals, including
birds, bats, marine mammals, fish, amphibians, and many invertebrates [10]. By deploying
remote sound recorders, or ’acoustic sensors’ researchers can gather continuous data over ex-
tended periods, offering useful insights into species presence and distribution patterns. PAM
offers clear benefits over traditional field-based survey methods: it minimizes disturbance to
wildlife, allows for long-term data collection over extensive periods (weeks or months) and can
effectively monitor species that are harder to observe directly [10]. Acoustic data collected
through PAM can track migration patterns, vocalizations and the presence of endangered species
[11]. The utility and growing importance of PAM are useful in remote or hard-to-access ter-
rains, such as alpine environments or dense forests, where traditional field assessments are chal-
lenging. Technologies like acoustic monitoring and artificial intelligence enable the observation
of such complex environments, providing crucial information for biodiversity protection. The
cost-effectiveness of this approach, particularly when compared to traditional surveys, is a sig-
nificant advantage, allowing for considerable savings and a dramatic improvement in the scope

of ecological understanding.

The capacity of PAM to collect vast amounts of data represents a major advance for com-



Figure 1.2: A recorder for bioacoustic monitoring. Source: [2]

prehensive ecological understanding. Recent improvements such as making devices smaller
and cheaper, along with better deployment strategies, have made data collection easier and pro-
duced larger volumes of data. However, this very strength introduces a substantial challenge:
the volume of audio recordings can overwhelm human analysts, making it difficult to identify
critical ecological information. This ease of collection has unintentionally created a new bot-
tleneck: the processing and labeling of these massive datasets [12], a "data overload” problem.
This transformation underscores the fundamental necessity of integrating advanced computa-
tional solutions, particularly artificial intelligence and machine learning, to manage and derive
meaningful insights from the data. Standard methods of analyzing sound data, which relied
heavily on human effort, now face significant challenges that limit their usefulness in today’s
environmental monitoring. This manual analysis also leads to slow response times, as it iden-
tifies problems or the presence of species long after events have happened. Moreover, finding
subtle unusual sounds or complex behavior patterns in noisy environments requires specialized

knowledge and manual adjustments of sound processing technique [13].

These many challenges have opened the door for a major change with the introduction of
Artificial Intelligence (AI) and Machine Learning (ML). These technologies offer essential so-
lutions to the limitations of traditional acoustic monitoring, as they allow for the automated
detection and classification of species calls, notably reducing human effort and making large-

scale PAM deployments not only possible but also highly efficient.
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Figure 1.3: Flowchart of two parallel processes for bird species detection: manual expert review and automated deep learning
classification.

Despite the huge potential of AI/ML, its use in bioacoustics comes with its own set of chal-
lenges. Practical difficulties include reducing noise interference from the environment, over-
coming data scarcity for high quality labeled training data, and dealing with weakly labeled
datasets. In these datasets, parts containing only background noise might be wrongly labeled

as target calls, which can significantly reduce the model’s effectiveness [? ].

To solve these problems, models like BirdNET analyze entire audio snippets which can in-
clude ”wind, rain, and other sounds,” highlighting a crucial requirement for any effective bioa-
coustic ML model [13]. These real-world environmental factors directly obscure the sounds
of interest and make detection more complicated, causing models trained on clean data to be
less effective in the field. Traditional methods struggle with complex patterns and noisy envi-
ronments. The comparison analysis done in this thesis implicitly explores aspects of this crucial

robustness, involving a basic CNN and a fine-tuned BirdNET.
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Figure 1.4: Screenshots of the BirdNET application. Source: [3]

1.2 PROBLEM STATEMENT

BirdNET stands out as a leading example of an Al-powered solution specifically designed to
identify bird sounds. It’s the result of a joint research effort by the Cornell Lab of Ornithology
and the Chemnitz University of Technology. Its main goal is to use machine learning to detect
and classify bird sounds, helping both expert researchers and citizen scientists in their work of

monitoring and conserving birds species [3].

At its core, BirdNET uses an artificial neural network, specifically a convolutional neural
network (CNN). The system boasts an impressive and continuously growing ability to identify
species. It began by supporting over soo common species in North America and Germany,
and in its latest versions, it can identify over 6,000 species globally. BirdNET has diverse uses,
including analyzing live streams, processing uploaded audio recordings via a web interface, and

a user-friendly mobile Android application, making it accessible to a wide range of users [3].

However, a careful look at BirdNET’s results reveals important details and limitations, par-
ticularly concerning its “confidence scores.” While these scores are adjusted to a range of o to
1 and might appear to be probabilities, they are actually unitless scores. They generally have
a positive relationship with prediction accuracy in ways specific to each species, but they are
clearly stated as "not probabilities and are not related to confidence intervals.”. This distinction

has significant implications: the same confidence score can lead to very different performance



outcomes for different species [14]. This highlights the need for meticulous project planning
and coordination in acoustic monitoring projects. Despite its power, Bird NET’s usefulness de-
pends on the careful use and interpretation of its outputs. This lack of direct interpretability
and universal transferability means that the model’s internal decision-making process, or how
its raw outputs translate to real-world accuracy, isn’t transparent or universally applicable. This
necessitates careful post-processing, validation specific to the context, and the use of traditional
performance metrics (precision, recall, ROC) to truly understand and appropriately utilize the
model’s predictions. This justifies why this thesis focuses on evaluating and comparing models,

moving beyond mere application to critical analysis.

1.3 OBJECTIVES OF THE THESIS

This thesis aims to improve how accurately and reliably automated bird sound identification
works for ecological monitoring. We’ll do this by carefully checking and optimizing deep learn-

ing models for specific real-world situations. The specific goals of this research are:

* To set a basic performance level for bird sound classification using a simple Convolu-
tional Neural Network (CNN): for this objective, we’ll design, build and train a basic
CNN model from the ground up using a given dataset. This will allow us to objectively
compare the performance of more advanced models against it. This helps answer the
fundamental question of how well a simpler, custom-built model performs on this par-
ticular task.

* Toinvestigate how effective fine-tuning the pre-trained BirdNET model is for better bird
species identification: this goal focuses on adapting the advanced Bird NET model to a
particular bioacoustic dataset through a process called fine-tuning.

* To carry out a comprehensive comparison between the fine-tuned Bird NET model and
the simple CNN: this objective involves quantitative and qualitative evaluation of both
models. This analysis will pinpoint their individual strengths and weaknesses.

I.4 STRUCTURE OF THE THESIS

This thesis is structured to provide a comprehensive progression of research, from foundational
context to empirical findings and their implications. The subsequent chapters are organized as

follows:



Chapter 2 - Background and related work: Offers an overview of bioacoustic mon-
itoring with a focus on alpine bird ecology, followed by a discussion on deep learning
approaches for sound classification. It also introduces the BirdNET framework, high-
lighting its architecture, strengths and limitations, and concludes with a review of rele-
vant literature.

Chapter 3 - Methodology: Describes the dataset and preprocessing pipeline, including
audio segmentation, spectrogram generation, and data augmentation. It then details
the models: the original BirdNET, the fine-tuned BirdNET and a custom vanilla CNN,

along with the evaluation setup, including metrics and implementation details.

Chapter 4 - Results: Presents and compares the results of the models, including a break-
down of performance per species and an error analysis. Visualizations such as ROC
curves and confusion matrices are used to illustrate model behavior, and the impact of
environmental noise, overlapping calls, and class imbalance is discussed in depth.

Chapter s - Discussion: Highlights implications for biodiversity monitoring, addresses
methodological limitations, and reflects on the potential for generalization. The chap-
ter also outlines how the results could guide future applications in conservation and
supports the case for fine-tuning pre-trained models in local ecological contexts.






Background and related work

2.1 BIOACOUSTIC MONITORING AND ALPINE BIRD ECOLOGY

2.1.1 PASSIVE AcousTIiIC MONITORING (PAM)

In the last few decades, Passive Acoustic Monitoring (PAM) has emerged as a powerful tool
in ecology, enabling long-term biodiversity assessment through continuous audio recording
in natural settings. PAM relies on placing autonomous recording units (ARUs) in the field,
allowing researchers to collect audio data remotely and passively, without needing to be physi-
cally present. More specifically, we can define an ARU as a self-contained audio recording de-
vice that is deployed in marine or terrestrial environments for bioacoustical monitoring. [15]
These devices fundamentally operate as unwatched acoustic sensors that can be programmed
to record at specific times and durations, allowing researchers to collect extensive temporal and
spatial datasets with minimal field presence. These devices typically consist of one or more
microphones, analog-to-digital converters, programmable recording schedules and weather-
resistant housing designed for extended field deployment. With long battery life, customizable
recording schedules, and high data storage capacity, modern ARU hardware ofters the ability
to obtain large amounts of acoustic data over long durations with minimal maintenance [16].
Recent technological innovations have expanded the capabilities of acoustic monitoring sys-
tems. Multi-microphone recording adds spatial information to recorded audio with emerging

applications in ecosystem monitoring [4], enabling researchers to not only detect species pres-



3) Connection to Mobile

1a) 60W Network via Dongle

Fore ((((o))))

= .
I I = Raspberry Pi

X |
2) 6-Channel

1b) 12V 24Ah @ M,Cim”r']a' @
Deep Cycle CIOPRonS

Battery Array

¢ ¢

Figure 2.1: Scheme of a Multichannel Acoustic Autonomous Recording Unit recorder. (a) Basic enclosure , (b) 3D-printed

1c) 12V
Solar
Charge
Controller

enclosure, (c) and a set-up schematic. Source: [4]

ence but also to locate sounds in three-dimensional space, improving accuracy of population

estimates and behavioral analyses.

The conceptual foundation of PAM rests on the principle that many species produce dis-
tinctive acoustic signatures that can be used for identification, abundance estimation, and be-
havioral analysis. The adoption of PAM technology in ecological research has been driven by
several fundamental advantages over traditional monitoring approaches. Perhaps most signifi-
cantly, PAM ofters a non-invasive methodology that minimizes human disturbance to wildlife
communities. Unlike capture-based techniques or direct observation methods that may alter
animal behavior, ARUs operate silently and do not interfere with natural behavioral patterns or
habitat use. ARUs enable researchers to do more visits with less time spent in the field, with the
added benefits of a permanent record of the data collected and reduced observer bias [15]. Cost-
effectiveness represents another compelling advantage, particularly for long-term monitoring
programs. While initial equipment costs can be substantial, the operational expenses of ARU-
based studies are generally lower than traditional field observer approaches when considering
personnel time, travel costs, and logistical complexity [17]. To reduce the expert time needed
for data analysis, automated signal recognition using artificial intelligence and machine learn-

ing algorithms could make PAM more accessible to researchers with limited acoustic expertise,

I0



enabling larger-scale studies than would be feasible with manual analysis approaches [18].

2.1.2  ALPINE BIRD ECOLOGY

Alpine ecosystems represent some of Earth’s most challenging environments for avian species,
characterized by extreme temperature fluctuations, prolonged snow cover, and limited grow-
ing seasons [19]. High-altitude bird communities have evolved specialized adaptations to thrive
in these harsh conditions, with the Rock Ptarmigan (Lagopus muta) serving as a paradigmatic
example of alpine specialization. Understanding the ecological dynamics of these species is
increasingly critical as alpine environments experience accelerated warming rates that exceed
global trends, potentially threatening the persistence of high-altitude specialists [20]. Recent
advances in passive acoustic monitoring have revolutionized our understanding of alpine bird
phenology, particularly vocal behavior patterns that were previously difficult to document in re-
mote high-altitude locations. The groundbreaking study by [21] employed continuous acous-
tic monitoring to decrypt the vocal phenology of Rock Ptarmigan, revealing that these birds
maintain vocal activity from March through July, with peak calling occurring between mid-
March and late April. This temporal pattern demonstrates that traditional monitoring proto-
cols, typically conducted in late May, may significantly underestimate population activity and

breeding behavior.

Migration timing in alpine environments differs markedly from lower-elevation systems,
with many species exhibiting altitudinal rather than latitudinal movements [22]. These move-
ments are closely tied to resource availability and snow conditions, with birds tracking the pro-
gression of snowmelt to access newly available foraging areas. The precision of these move-
ments suggests sophisticated environmental cueing mechanisms that may be increasingly chal-
lenged by unpredictable climate patterns [23]. The conservation implications of climate-induced
changes in alpine environments are profound, with high-altitude species facing the dual chal-

lenges of habitat compression and temporal mismatches with environmental cues [19].

As warming temperatures push species up-slope, available habitat decreases exponentially
due to the geometric constraints of mountain topography[24]. Marginal populations at the
edges of species distributions are particularly vulnerable, with some facing local extinction
as suitable habitat disappears entirely[20]. Understanding the mechanisms underlying alpine
bird ecology becomes increasingly urgent as these specialized communities face unprecedented

environmental changes that threaten their long-term persistence in high-altitude ecosystems.

II



2.2 DEEP LEARNING FOR SOUND CLASSIFICATION

2.2.1 SPECTROGRAM-BASED AUDIO REPRESENTATIONS

A spectrogram is a time—frequency representation that visualizes the changing frequency con-
tent of an audio signal over time. Itis computed by applying the Short-Time Fourier Transform
(STFT): the audio is segmented into overlapping windows, each transformed into a frequency
spectrum, and these are stacked to form a 2D image where the x-axis represents time, the y-axis
represents frequency, and color intensity indicates signal energy. A Mel-spectrogram is a vari-
ant in which frequencies are mapped onto the Mel scale, which approximates human auditory
perception more closely, favoring finer resolution at lower frequencies and compressing higher
frequencies, producing a representation that is both compact and perceptually relevant [25].

Alternative representations include linear-scale spectrograms, Constant-Q Transform (CQT),
wavelet transforms, and MFCCs (Mel-Frequency Cepstral Coefficients). For example, Huza-
ifah et al. [26] compared STFT (both linear and Mel scale), CQT, and wavelet-based spectro-
grams using CNNGs for environmental sound classification, finding that Mel-STFT slightly
outperformed the others, indicating its practical advantage in this domain.

In this work we adopted a more direct representation: we compute standard linear STFT
spectrograms, followed by logarithmic compression and bilinear resizing to a 256x256 format.
This choice avoids the use of perceptual transformations such as the Mel scale or MFCCs. The
motivation lies in preserving high-resolution spectral information and maintaining compati-
bility with 2D convolutional neural networks, which benefit from input structures that reflect
raw signal properties without excessive preprocessing.

Prior to the widespread use of spectrograms, audio analysis relied on directly processing
raw 1D waveforms, with traditional algorithms often based on feature engineering, such as
waveform energy, zero-crossing rate, or Mel-frequency cepstral coefficients (MFCCs), fed into
classical classifiers. However, as deep learning developed, researchers started building end-to-
end models trained on raw audio samples. For instance, a study [27] introduced sample-level
CNN s that work directly on raw waveforms and achieved competitive performance in mu-
sic and acoustic scene classification by learning convolutional filters that capture fine-grained
time-domain features. Similarly, in Dai et al.[28] developed deep CNN architectures, such
as the 34-layer "DaiNet”, that automatically learn hierarchical representations from the wave-
form, matching or exceeding the performance of spectrogram-based networks on environmen-

tal sound tasks. More recent work, like the Cosine CNN [29], further improves accuracy and

I2



efficiency in raw-waveform classification by using cosine filters, avoiding manual feature ex-
traction altogether. As we learn that directly learning from waveforms is feasible and power-
tul, these models often require deeper architectures, more data, and complex design. When
comparing spectrogram inputs to raw waveforms, several studies show that spectrogram-based
models often outperform or simplify model design. For example, Fedorishin et al. [30] evalu-
ated raw waveform and Mel-spectrogram inputs for acoustic scene classification and found that
combining both improved performance: adding raw-waveform features to Mel-spectrograms
resulted in a 5.7% accuracy gain and 12.7% reduction in loss on the DCASE dataset. Moreover,
Frommbholz et al. [31] compared raw and spectrogram inputs using Explainable Al: their anal-
ysis showed that spectrogram-based models have classification strategies that better align with
human-relevant audio features. Similarly, Bahmaninezhad et al. [32] found that frequency-
domain separation (spectrogram) achieved comparable results to time-domain (TasNet) but
with more stable performance across noisy conditions. These works may indicate that raw-audio
modeling is viable but spectrograms often simplify learning, by reducing model complexity and
yielding more robust and interpretable results, especially for bioacoustic applications like bird

call classification.

2.2.2 CONVOLUTIONAL NEURAL NETWORKS IN BIOACOUSTICS

Convolutional Neural Networks (CNNs) were originally developed to mimic the way the hu-
man visual cortex processes spatial hierarchies of information, and became widely known through
LeCun etal.’s LeNet-5 architecture for handwritten digit recognition [33]. Compared to fully
connected Deep Neural Networks (DNNs), CNNs introduce the concept of local receptive
fields and weight sharing, which significantly reduce the number of parameters and improve
generalization, especially when dealing with structured inputs like images or time-frequency
representations such as spectrograms.

The breakthrough of CNNss in large-scale image recognition came with the AlexNet model
by Krizhevsky et al. [34], which demonstrated the power of deep convolutional layers trained
on GPUs. Since then, CNNs have been applied beyond computer vision, including to audio
classification tasks where spectrograms are treated as images. This approach allows CNNs to
learn spatial patterns across time and frequency that are characteristic of different sound events
or species calls.

For example, Hershey et al. [35] showed that CNN architectures pre-trained on large-scale

audio datasets like AudioSet can be fine-tuned for various audio classification tasks, outper-
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forming traditional hand-crafted features. Similarly, Piczak et al. [36] demonstrated that even
shallow CNNs can outperform classical methods when applied to spectrogram patches for envi-
ronmental sound classification. These studies highlight the adaptability of CNNs to different
audio domains and their ability to capture meaningful temporal-frequency patterns without
manual feature design.

Beyond Convolutional Neural Networks, several other deep learning architectures have been
developed to handle sequential data, such asaudio signals. Recurrent Neural Networks (RNNs)
and their gated variants, like Long Short-Term Memory (LSTM) networks, are particularly
suited for modeling temporal dependencies. These architectures process input sequences step-
by-step, maintaining a memory of past inputs. For example, in Sainath et al. [37], LSTMs
showed strong performance in speech recognition, effectively capturing temporal dynamics.
More recently, Transformers have emerged as a powerful alternative. Originally developed for
natural language processing, models like Audio Spectrogram Transformer (Gong et al. [38])
use self-attention mechanisms to model long-range dependencies in audio, achieving state-of-
the-art performance on various classification tasks.

Despite this, CNNs remain the dominant approach in bioacoustics due to their balance of
accuracy, efficiency, and interpretability when working with spectrograms. For instance, Kahl
etal. [7] demonstrated that CNNs could effectively recognize bird calls across thousands of
species using spectrogram inputs, laying the foundation for the BirdNET framework. Simi-
larly, Piczak et al. [36] showed that even shallow CNNs could achieve high accuracy on lim-
ited datasets by exploiting local time-frequency patterns. In a bioacoustic context, Stowell et al.
[39] applied CNN:s to identify bird vocalizations in diverse acoustic environments, highlight-

ing their robustness and scalability in real-world monitoring tasks.

2.3 BIRDNET FRAMEWORK

2.3.1 ARCHITECTURE OVERVIEW

BirdNET was initially developed by Stefan Kahl and colleagues as part of a collaboration be-
tween the Cornell Lab of Ornithology and Chemnitz University. The core system processes 3-
second audio segments, converting each clip into a Mel-spectrogram, which is then log-transformed
and normalized before being passed to a CNN-based model [7]. Initially, the data for the model
comprises 984 bird species, with a total of 226,078 audio files. In subsequent versions, the num-

ber of classes was significantly expanded to 6,522 bird species, including 11 non-event classes
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[40].
Despite newer versions, the Bird NET maintains its basic structure formed by:

1. Preprocessing block: transforms the original input spectrogram into a suitable format
for the network. It consists of a single convolution with a receptive field of sxs kernels,
followed by a 2x2 max pooling layer.

2. Sequence of residual stacks: extracts features through downsampling and regular resid-
ual blocks. The design of these residual blocks follows the original Wide ResNet design.

3. Classification block: uses the extracted features from the previous layers to determine
the correct labels. It outputs probability predictions for 987 classes, followed by global
log-mean-exponential pooling and sigmoid activation.

An example of the initial structure can be seen in Table 2.1 Unlike typical image classifiers
that assume mutually exclusive categories, BirdNET operates under a multi-label classification
paradigm, meaning that multiple bird species can be present and vocally active within the same
3-second audio segment. To support this, the final layer uses sigmoid activations rather than
a softmax, producing independent probability scores for each of the 987 target classes. This
design reflects the ecological reality of soundscapes, where vocalizations often overlap and dif-
ferent species co-occur. However, it also introduces additional complexity in training and eval-
uation, as this model must learn to distinguish overlapping signals and ignore irrelevant back-
ground noise. Furthermore, there could be potential label dependencies between species that
are not explicitly modeled, potentially affecting generalization. According to the GitHub doc-
umentation, later versions evolved toward a hybrid architecture with a custom spectrogram
input layer followed by 2D convolution, pooling, and an EfficientNetBo-style backbone.

The choice of EfficientNetBo derives from its highly optimized balance between perfor-
mance and computational efficiency. EfficientNet introduces a compound scaling technique
that simultaneously adjusts the model’s depth, width, and input resolution, offering a more sys-
tematic and balanced way to enhance performance compared to earlier CNNs [41]. This results
in significantly fewer parameters and FLOPs while maintaining or even improving classifica-
tion accuracy. Within the Bird NET framework, this is particularly beneficial: models need to
process thousands of short audio clips per recording session, often on small hardware or embed-
ded devices. EfficientNetBo enables fast inference while keeping the architecture lightweight
enough for real-time applications on Raspberry Pi or similar edge systems, without a major

trade-oft in predictive performance.
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BirdNET is fully open-source and maintained on GitHub, offering both a command-line
interface and a GUI (Bird NET-Analyzer) that allow users to run pre-trained models locally
or via Docker containers [42]. The repository is actively maintained, with frequent updates,
bug fixes, and community contributions. For lightweight deployments, such as on Raspberry
Pi devices, BirdNET-TFLite and Bird NET-Pi forks support real-time inference with similar
architectures optimized for edge hardware. Overall, BirdNET’s architecture balances perfor-
mance, scalability, and usability, evolving from simple CNN blocks to a robust, user-friendly

system actively used and improved by both scientists and citizen scientists [43].

Group Name Input shape | Output shape
Pre-processing | sx5 Conv+BN+ReLU (1x64%x384) | (32x64x384)
Max pooling (32x64%384) | (32x64x192)
ResStack 1 Downsampling block (32x64%192) | (64x32%96)
2 x ResBlock (64x32x96) | (64x32x96)
ResStack 2 Downsampling block (64%x32x96) | (128x16%48)
2 x ResBlock (128x16%48) | (128x16x48)
ResStack 3 Downsampling block (128x16x48) | (256x8x24)
2 x ResBlock (256x8%x24) | (256x8x24)
ResStack 4 Downsampling block (256x8%x24) | (512x4Xx12)
2 x ResBlock (s12x4x12) | (512X4X12)
Classification | 4x10 Conv+BN+ReLU+DO | (s12Xx4%12) (s12x1x3)
1x1 Conv+BN+ReLU+DO (s12x1x3) (ro24x1%3)
1x1 Conv+BN+DO (ro24x1x3) (987x1%3)
Global LME pooling (987x1%3) (987x1)
Sigmoid activation (987x1) (987x1)

Table 2.1: BirdNET architecture overview in [7]

2.3.2 PRETRAINED MODEL AND TARGET CLASSES

BirdNET was trained on a massive and diverse dataset, including 22,960 single-species record-
ings, 286 hours of fully annotated soundscapes from autonomous recording units, and an im-
pressive 33,670 hours of continuous field recordings near eBird hotspots. The modelis built on
a 157-layer wide ResNet architecture, with over 27 million parameters, explicitly designed for

environmental sound classification. It supports a large number of species—initially recogniz-
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ing 984 North American and European birds, with more added in later versions. Training com-
bines standard and domain-specific data augmentation techniques, such as background noise
addition and mixup, to improve robustness to real-world, noisy recordings. This approach
enabled BirdNET to achieve a mean average precision (mAP) of 0.791 on clean single-species
audio, a Fo.5 score of 0.414 on annotated soundscapes, and an average correlation of 0.251
with eBird observation counts [7]. BirdNET’s pretrained model was developed to support a
global user base, incorporating audio data from large-scale repositories such as Xeno-Canto and
the Macaulay Library. Xeno-canto is one of the largest publicly available repositories of bird
sound recordings, created through a global community of ornithologists and citizen scientists.
It currently hosts over 800,000 recordings from more than 10,000 species, covering diverse re-
gions and sound types (e.g., songs, calls, alarm sounds). The platform encourages contributors
to annotate recordings with metadata such as species name, location, date, and sound type,
which makes it a valuable resource for training and evaluating bioacoustic models [44]. In this
work, we also relied on audio clips downloaded from Xeno-canto, selecting segments based
on high-quality annotations and appropriate geographic and taxonomic relevance. While this
broad taxonomic and geographic coverage makes the tool accessible and useful worldwide, it
also presents limitations when applied to specific local contexts, such as the Alpine regions
of Ttaly: some regionally important species may be underrepresented or entirely absent in the
global training data. For this reason, fine-tuning the model on locally annotated datasets can

significantly improve performance, especially for niche or ecologically sensitive species.

2.4 RELATED WORKS

Transformers and attention-enhanced CNN’s are emerging alternatives. For instance, architec-
tures like AudioSpectrogram Transformer (AST) have been used successfully in environmental
audio and models integrating CNN with transformer encoders achieved over 96% accuracy on
bird call datasets like Birdsdata and Cornell Bird Challenge [38]. AST (Audio Spectrogram
Transformer) represents one of the first purely attention-based models for audio classification,
completely removing convolutional layers in favor of a transformer architecture [38]. In more
recent approaches, self-attention mechanisms have also been integrated on top of CNNs, aim-
ing to capture long-range dependencies and global acoustic context that standard convolutions
may miss. In a recent study [45], the AST model is first pretrained on the large-scale AudioSet
dataset, and subsequently used to generate embeddings from input bird sound clips. These

embeddings are then passed to a multi-class Support Vector Machine (SVM), which acts as
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Figure 2.2: AudioProtoPNet for bird sound classification. Source [5]

a downstream classifier to predict bird species from a predefined set of categories. This two-
stage pipeline leverages the representational power of transformer-based models while using
a simpler and more interpretable classifier for the final prediction task. Based on the Proto-
typical Part Network (ProtoPNet) architecture, AudioProtoPNet replaces the traditional clas-
sification head with a prototype-based layer that learns characteristic patterns of each species
directly from spectrogram embeddings. These embeddings are extracted using a ConvNeXt
backbone, and the classifier compares input recordings to the learned prototypes in embedding
space during inference [5]. As we can see in Figure 2.2, first, raw audio waveforms are converted
into visual spectrograms. These spectrograms are then input into a CNN, which maps them
into an embedding space. In this space, the system calculates how similar the spectrogram em-
beddings are to a set of pre-defined prototypes. The similarity scores indicate which learned
patterns contributed to each prediction, while the prototypes represent broader, species-level
features that help explain the model’s decisions. Finally, a confidence score for each class is gen-
erated by linearly combining the similarities to its associated prototypes and then applying a sig-
moid function. This design enables both accurate classification and transparent, explanation-
friendly predictions, by highlighting which prototypes (i.c., spectro-temporal patterns) most
influenced each decision. The model was trained on the BirdSet dataset, which includes over
9,700 bird species and 6,800 hours of annotated recordings, and evaluated on seven geograph-
ically diverse test sets. In addition, SSL-Net is a framework specifically designed to improve
bird sound classification in low-resource scenarios, where annotated field data are scarce or im-
balanced [6]. The model employs a spectral-learning fusion mechanism that combines both

spectral features (e.g., Mel-spectrograms) and learnable representations from a convolutional
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Figure 2.3: The architecture of the SSL-Net for efficient bird sound classification. Source [6]

encoder, as show in Figure 2.3. This dual-branch architecture (spectral and learned branch)
enables the network to capture both fine-grained frequency details and high-level contextual
patterns. SSL-Net has shown to be effective in real-world conditions, achieving competitive
accuracy even with limited training samples, and demonstrating strong generalization across di-
verse acoustic environments. In summary, while transformer-based architectures such as AST,
interpretable models like AudioProtoPNet, and hybrid systems like SSL-Net demonstrate sig-
nificant advancements in bird sound classification, each presents trade-offs in terms of compu-
tational cost, interpretability, and applicability to real-world scenarios. In contrast, BirdNET
stands out as a well-established and widely adopted framework, combining high performance
with broad species coverage and ease of use across diverse ecological settings. Its modularity,
open-source availability, and support for lightweight deployments (e.g., via Bird NET-Pi or
TFLite) make it particularly suited for practical applications in bioacoustic monitoring. For
these reasons, Bird NET was selected as the foundation for this work, and systematically evalu-
ated and optimized to improve performance in the specific context of alpine bird species mon-

itoring in Italy.
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Methodology

3.1 DATASET DESCRIPTION

3.1.1 RECORDING SITES

The recordings were conducted in the Tovanella watershed forest, located in the northeast-
ern Italian Alps (municipality of Ospitale di Cadore, Province of Belluno, Veneto; 46°18’N,
12°18’E). The study area covers an altitudinal gradient ranging from s 50 to 2,500 meters above
sea level. The forest is a protected nature reserve since 1971 and is part of two Natura 2000 pro-
tected sites: the Special Area of Conservation IT3230031 and the Special Protection Area for
Birds IT3230089. The habitat includes various alpine forest stands and supports a diverse bird
community typical of mountainous environments. The recordings were collected using ten au-
tomatic recording units (AR Us), specifically AudioMoth devices (version 1.1; Open Acoustic
Devices) distributed in random point of the forest. The audio recordings used in the dataset
have sampling rates ranging from 22,050 Hz to 48,000 Hz, while the duration of individual
audio files varies considerably: from a minimum of 3 seconds (in particular for Xeno-canto
recordings) up to 600 seconds (10 minutes), especially for audio from Tovanella. Recordings
were carried out during two periods: the bird breeding season of 2019 and the bird wintering
season of 2020. The total dataset included more than 20 hours of recordings, from which 302
audio files were manually tagged for analysis. Specifically, 282 files (17.20 hours) were used for

model training, while a separate set of 20 files (approximately 20 minutes) was used for model
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evaluation.

3.1.2 SPECIES DISTRIBUTION AND CLASS BALANCE

A total of 48 bird species were identified and tagged across the collected recordings, but the
distribution of species is highly unbalanced. Only 16 species had a sufficiently high number
of occurrences to be included in the model training, as they are the most commonly recorded.
The removed species either had few training samples, insufficient test data, or both, or only
a single date sample available for both training and testing. Additionally, noise classes were
grouped into broader categories, resulting in 3 noise classes (from the original 7), helping to
simplify the classification problem, particularly by isolating segments with no calls (the 'None’
class). Even with a reduced amount of classes, there is still a significant class imbalance. Some
species are well-represented with many vocalizations, such as Fringilla Coelebs (see Figure 3.1),
while others are severely underrepresented. This imbalance is typical in real-world ecological
recordings, where certain species are naturally more vocal or abundant than others. In any case,
this kind of class imbalance can negatively affect model training, as the model may become
biased towards well represented species and fail to correctly identify rarer species. To address
this problem, we introduced data augmentation techniques specifically on underrepresented

species, as discussed in Section 3.2..3.
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3.1.3 DATA ANNOTATION AND GROUND TRUTH

The annotations of the audio collected in the Tovanella watershed were primarily performed
by an expert ecologist with extensive experience in bird vocalization identification. To create
these, the expert visually inspected the spectrograms to detect the presence of vocalizations and
simultaneously listened to the recordings to confirm species identity and mark the vocalization
events. For every identified vocalization, a temporal bounding boxes marks the exact start and
end time of the event, allowing for detailed supervised training, where each labeled segment
corresponds to a specific vocalization. While these annotations can be considered highly accu-
rate, there may still exist some level of subjectivity and uncertainty, especially for difficult cases,
due to potential human error. For species that were underrepresented in the local dataset, addi-
tional annotated recordings were sourced from the Xeno-canto online repository. Given that
Xeno-canto data is crowdsourced, we manually selected and verified recordings to ensure their
suitability into our dataset. Several challenges emerged during the annotation process, par-
ticularly due to overlapping vocalizations from multiple individuals or different species with
acoustically similar calls. These issues not only complicated manual labeling, but also negatively
impacted model performance. Additional complications derived from non-avian sounds, envi-
ronmental noise, and distant or low amplitude calls, which made it more difficult to accurately

identify and annotate bird vocalizations, especially in complex soundscapes.

3.2 PREPROCESSING PIPELINE

In this section, the preprocessing steps are described to provide a clear understanding of the
methodology used throughout the project. Since three different models are involved, each re-

quired a distinct setup and data processing pipeline.

Figure 3.2 shows a simplified overview of the entire project workflow. For example, the orig-
inal BirdNET model only requires the validation and test splits for evaluation purposes. In
contrast, fine-tuning BirdNET requires a data-augmented training set to mitigate class imbal-
ance. Finally, training the Vanilla CNN also involves an additional step: spectrogram gener-
ation from the audio segments, which is not needed for Bird NET, as that process is handled

internally within the model.

23



Recorded audio Manual annotations

Segments extraction

l

|( Training / Validation / Test split l

Data augmentation Spectrogram generation }
h A ¥ Y
Original BirdNET model } [ BirdNET finetuning } [ Training Vanilla CNN }

h

Model results and
evaluation

Figure 3.2: Preprocessing pipeline overview
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3.2.1 SEGMENTATION

The original recordings were segmented into fixed-length audio windows of 3 seconds each, us-
ing a sliding window approach with 50% overlap between consecutive segments. This overlap-
ping design allows the model to capture events that occur near segment boundaries and ensures
that short vocalizations are not missed. The duration of 3 seconds was chosen for practical use,
as BirdNET only receives 3-seconds input audio. For this reason, segments with annotations
shorter than o.2 seconds were ignored during the annotation phase to avoid labeling extremely
short, noisy, or ambiguous sounds. The o.2-second threshold was empirically chosen based on
typical bird call durations observed in the dataset and it is useful to filter out extremely brief ar-
tifacts, microphone clicks, or ambiguous environmental noises that are unlikely to contribute
meaningful information during training. Segments without any identified vocalizations are
still included in the dataset and assigned to the "None” class, representing background or non-
bird noise. In this way, by including segments with no identified bird vocalizations and assign-
ing them to a dedicated “None” class, the model is allowed to explicitly learn what non-bird
noise looks like, which is critical for reducing false positives and improving real-world robust-
ness. Each segment is organized into its own folder, named by the combining the common
and scientific names of the species. This ensures compatibility with Bird NET’s fine-tuning
pipeline, which relies on directory names’ mappings. It also simplifies future extensions of the

dataset or potential per-species evaluations.

3.2.2 SPECTROGRAM GENERATION

The spectrograms used in this study for the vanilla CNN were generated using the Short-Time
Fourier Transform (STFT), rather than alternative representations such as Mel-spectrograms
or MFCCs. The STFT was computed with a sampling rate of 32,000 Hz, employing a Han-
ning window of size 1024, a window length of 1024 samples, and a hop length of 256 samples.
The decision to use STFT instead of Mel-spectrograms likely reflects the desire to retain the
tull frequency resolution, particularly in the higher frequency ranges where many bird vocal-
izations occur. While the Mel scale enhances perceptual alignment for human speech, it com-
presses higher-frequency bands, potentially obscuring fine-grained spectral details relevant for
bird species. Therefore, preserving the linear frequency resolution of the STFT ensures that
subtle frequency patterns remain available to the model. Prior research comparing log-Mel
spectrograms with log-power and wavelet-based transforms supports the use of alternative spec-

tral representations to better capture high-frequency nuances in bioacoustic signals [46]. After

25



generating the spectrograms, a normalization step was applied using a logarithmic transforma-
tion (log(1+x)). This was done to reduce the effects of extreme amplitude variations, which
can occur due to variations in recording conditions or species loudness. The BirdNET model
required only audio files as the spectrogram is generated automatically by the model. Follow-
ing the normalization, spectrograms were resized to 256x256 pixel images using bilinear inter-
polation. This resizing step standardizes the input size for the convolutional neural network
and allows consistent processing regardless of small differences in segment duration (e.g., seg-
ments shorter than 3 seconds were zero-padded before transformation). All audio segments
were treated as mono-channel recordings, either because the original recordings were captured

in mono.

3.2.3 DATA AUGMENTATION

To enhance the diversity of the training data and improve the generalization capabilities of the
model, several data augmentation techniques were applied using the audiomentations library™.
These augmentations were applied exclusively to underrepresented species (fewer than 250 sam-
ples) and aimed to simulate realistic variability that can naturally occur in field recordings of
bird vocalizations.

Four main augmentation methods were used:

1. Pitch shifting: implemented to emulate natural variations in vocalization frequencies
that may occur between individual birds of the same species. Two types of shifts were
applied: downward shifts of 1 to 3 semitones and upward shifts of 1 to 3 semitones. This
augmentation was applied with a high probability of 75% for each segment, ensuring
frequent modified examples during training. In Figure 3.3, the effect of pitch shifting
on the spectrogram is clearly visible: all frequency components are shifted upward or
downward, while the temporal structure of the vocalization remains unchanged.

2. Time stretching: simulates changes in vocalization speed that might result from differ-
ent recording conditions, environmental factors, or individual bird behavior. A stretch-
ing rate between 0.9x (slower) and 1.1x (faster) was applied, again with a probability of
75%. This helps the model to become more robust to temporal variations in vocaliza-
tion patterns. In Figure 3.4, the impact of time stretching is shown: the spectrogram
patterns are compressed or expanded along the time axis, while the frequency content
remains largely unchanged. Slower vocalizations appear more elongated, with acoustic
events spread over a longer time span, whereas faster ones are temporally compressed.

“https://github.com/ivers6/audiomentations
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Figure 3.5: Gain adjustment effect on spectrogram

3. Gain adjustment: accounts for variations in recording volume due to differences in mi-
crophone distance, bird proximity or recording equipment. Gain values were randomly
adjusted between -5 dB and +5 dB, with a probability of 50%. This variation exposes the
model to recordings of different loudness levels, helping it generalize across recordings
captured under different conditions. In Figure 3.5, the spectrograms shows how gain
adjustment affects the intensity of the spectral components without altering their fre-
quency or temporal position. Louder segments appear with brighter, more pronounced
patterns, while quieter segments show dimmer energy distributions.

4. Background noise addition: this augmentation was specifically designed to simulate
realistic field conditions where bird calls may be embedded within complex environmen-
tal sounds. Background noise samples were extracted from segments labeled as "None”
(segments without bird vocalizations), and added to training examples with a probabil-
ity of 80%. Additionally, the background noise itself is gain-adjusted by -5 to +5 dB
with a probability of s0%. This augmentation is particularly valuable for training the
model to handle overlapping calls and noisy environments often encountered in real-
world acoustic monitoring. In Figure 3.6, the effect of background noise addition is vis-
ible as a general increase in low intensity spectral energy across the time-frequency space,
often resulting in a less contrasted spectrogram. While the main vocalization remains
identifiable, it is now partially masked by noise patterns, emulating real-world acoustic
scenarios such as wind, insect noise, or distant traffic.

The augmented species are: Coccothraustes coccothraustes, Lophophanes cristatus, Loxia

curvirostra, and Parus major; adding four data augmentation techniques makes the total num-
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Figure 3.6: Background noise addition effect on spectrogram

ber of audio samples more than four times larger than the original. The selection of these
specific augmentation techniques reflects an explicit attempt to mimic field conditions where
bird vocalizations are rarely perfectly isolated. By introducing variability in frequency, timing,
loudness, and background noise, the model is expected to develop stronger invariance to non
relevant variations, focusing instead on the key acoustic patterns that characterize each species.
This approach aims to mitigate overfitting and improve the model’s robustness when deployed

on new, unseen field recordings that may difter from the training data in unpredictable ways.

3.3 MODELING

3.3.1 BASELINE: ORIGINAL BIRDNET

The baseline model used for this project is BirdNET version 2.4, accessed through the Bird-
NET_Analyzer vi.5.1 implementation available on GitHub. This version represents a signifi-
cant upgrade over earlier releases, featuring an EfficientNetBo-like backbone architecture com-
bined with residual blocks enhanced by Squeeze-and-Excitation modules. This design choice
allows the model to efficiently extract deep features while keeping the embedding size relatively
compact at 1024 dimensions. The model accepts 3 seconds raw audio as input, which is then

converted into suitable spectrograms by the pre-processing block. In this study, we systemati-
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cally tested all 3-second segments generated during the segmentation phase, without applying
any preliminary filtering or selection. Regarding outputs, BirdNET produces multi-label pre-
dictions for numerous bird species simultaneously, where each species is associated with a confi-
dence score representing the likelihood of its presence within the audio segment. However, it’s
crucial to understand that these confidence scores are not considered real probabilities: as ex-
plained by Wood and Kahl [14], the appropriate use of these scores involves setting thresholds
to filter predictions or converting them into calibrated probabilities, always bearing in mind
that the performance of a given threshold can vary significantly across different species. In
fact, the output probabilities of the model cannot be compared between different species and
the same score could lead to different outcomes. [14] For this study, the baseline BirdNET
model was used as-is, without architectural modifications. To analyze the results, we used the
analyze.py script provided by the BirdNET _Analyzer package, keeping the sensitivity pa-
rameter at its default value of 1. During evaluation, all noise-related classes were excluded, as
well as certain species that were not present in BirdNET’s default taxonomy but are included in
our annotated dataset. To calculate the thresholds for each species, we first evaluated the model
on the validation set and recorded all confidence scores associated with both true positives and
false positives. This allowed us to calibrate a decision threshold for each species by selecting
the value that maximized the Fr-score. During the test phase, these thresholds were applied to
binarize the model’s multi-label predictions: a species was considered detected if its confidence

score exceeded the corresponding threshold.

3.3.2  FINE-TUNED BIRDNET

The fine-tuning strategy adopted was a full fine-tuning of the BirdNET model. This means
that all the model weights were updated during training, not just the last layers or the classifier
head. The reason behind this is to adapt the entire network allowing it to better specialize on the
Alpine bird species’ acoustic features, which can difter from the original dataset’s distribution.
The training was performed using the official train. py script with the --model_save_mode
set to replace, which substitutes the original classification layer with a new one matching our
species set. Since no layers were frozen during training, all model parameters were updated, re-
sulting in a full fine-tuning of the BirdNET architecture. The fine-tuning was performed on a
subset of the original dataset focused on Alpine species, including audio segments labeled with
the species of interest. A validation split of 0.01% was reserved from the training data to mon-

itor performance and guide early stopping. Regarding the performance, the expectation was
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that fine-tuning would boost accuracy and Fr1-scores specifically on Alpine species by tailoring
the model’s internal representations to the local acoustic environment and species-specific vo-
calizations. This specialization should improve sensitivity and reduce false positives compared

to using the baseline model straight out of the box.

3.3.3 VaNiLLA CNN

The vanilla CNN was designed as a simple convolutional neural network built from scratch
to serve as a baseline for comparison against BirdNET’s more sophisticated architecture. The
model accepts input spectrograms of size 2.56x256, representing audio of 3 seconds, generated
as described in Section 3.2.2. Its output consists of an array of confidence scores corresponding
to each class. Similar to BirdNET, these confidence scores do not represent calibrated proba-
bilities, and were treated accordingly during evaluation. The model’s architecture was derived
from an explored design space optimized through a random search over 200 different configu-

rations. The configuration space had the following options to choose from:

* Number of convolutional layers: between 1 and 4 layers were considered, allowing for
increasingly deep architectures.

* Kernel sizes: for each convolutional layer, kernel sizes were selected in non-decreasing
order from 2, 3, 4, 5, 6, enabling flexibility in the receptive field while preserving a hier-
archical feature extraction.

* Number of channels: for each convolutional layer, the number of filters was set to in-
creasing powers of two, specifically 16, 32, 64, 128, which allows the network to pro-
gressively capture more complex features.

* Batch size: values of 32, 64, 128 were tested to evaluate the trade-oft between training
stability and computational efficiency.

* Dropout rate: either 0.0 or 0.5, to evaluate the effect of regularization on model gener-
alization.

* Hidden units in the dense layer: selected from 32, 64, 128, controlling the capacity of
the final fully connected layer.
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Group | Name Input shape | Output shape
Input Spectrogram (1x256x%256) | (1x256x256)
Conv 1 | ConvaD (kernel 4x4, 16 filters) + ReLU | (1x256%x256) | (16x256%256)
MaxPooling 2.x2 (16x256x256) | (16x128%1238)
Conv 2 | ConvaD (kernel sxs, 32 filters) + ReLU | (16x128x128) | (32x128x128)
MaxPooling 2x2 (32x128x128) | (32%64%64)
Conv 3 | Conv2D (kernel 6x6, 64 filters) + ReLU (32x64%64) (64x64%64)
MaxPooling 2x2 (64x64%64) (64x32%32)
Conv 4 | ConvaD (kernel 6x6, 128 filters) + ReLU | (64x32x32) (128x32x32)
MaxPooling 2x2 (r128x32x32) | (128x16%16)
Flatten | Flatten (128x16x16) (32768)
Dense 1 | Dense (128 units) + ReLU (32768) (128)
Output | Dense (num_classes) (128) (num_classes)

Table 3.1: Best-performing Vanilla CNN architecture

This randomized search over multiple hyperparameter combinations allowed for a wide ex-
ploration of the design space, by including both shallow and deeper architectures, while main-
taining a feasible training time. Along with varying kernel sizes and regularization settings, the
goal was to identify a model architecture that could balance performance and complexity for
the classification task. The best-performing model consisted of a convolutional stack with four
convolutional layers, each followed by ReLU activation and a 2x2 max pooling operation. The
kernel sizes for the convolutional layers were [4, 5, 6, 6], while the number of output channels
increased progressively as [16, 32, 64, 128]. Padding was applied to maintain the spatial reso-
lution before pooling. After the convolutional layers, the output feature maps were flattened
and passed through a fully connected dense layer with 128 hidden units, followed by a dropout
layer. The dropout rate was set to o, as determined by the hyperparameter tuning process. Fi-
nally, the output layer projected to the target number of classes using a fully connected layer.
4 Training was carried out using the Adam optimizer for a maximum of 200 epochs, with an
early stopping with a patience of 15 epochs to mitigate the risk of overfitting.

Despite being simpler, the vanilla CNN suffers from several limitations compared to Bird-

NET:

* Lack of transfer learning benefits: it starts from scratch without pre-learned acoustic
features.

32



Smaller embedding size and less sophisticated blocks (no residual connections, no squeeze-
and-excitation).

Potentially worse generalization to noisy or complex acoustic scenes due to reduced model
capacity.

Longer training times since it requires learning features anew.

Possibly more sensitive to class imbalance, although augmentation was applied to under-
represented classes to mitigate this.

3.4 EVALUATION

PERFORMANCE METRICS

To comprehensively evaluate the performance of both the fine-tuned Bird NET and the vanilla

CNN models, multiple performance metrics were employed, reflecting different aspects of clas-

sification quality. In particular, the following metrics were used:

* Fr-score: this was the primary metric for model selection and evaluation. Given the
multi-label nature of the task and the potential class imbalance, the F1-score provides a
balanced measure that accounts for both precision and recall. The general formula is:

Precision - Recall
Precision + Recall

F1=2
Specifically, three Fr-score variants were computed:

— Micro-average F1-score: aggregates contributions of all classes to compute the aver-
age metric globally, thus giving equal weight to each prediction. It is calculated by
summing all true positives, false negatives, and false positives across classes before

applying the F1 formula.

— Samples-average F1-score: computes the F1-score independently for each audio
sample and then averages across samples.

— Weighted-average Fr-score: computes the Fi-score per class and averages them,
weighted by the number of true instances for each class.
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* Precision and Recall: these were computed alongside the F1-score to provide additional
insights into model behavior, particularly regarding false positives (precision) and false
negatives (recall). Their formulas are:

Precision — TP Recall — TP
rec1510n—TP+FP7 eca = TPLFN

where TP stands for true positives, FP for false positives, FN for false negatives, and TN
for true negatives.

* Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC): these
were used for individual species to analyze classifier discrimination ability, particularly
when assessing confidence thresholds. The ROC curve plots the true positive rate (TPR)
against the false positive rate (FPR) for different threshold values:

TP FP
TPR = TP+ FN’ FPR = FP+TN

The AUC summarizes the overall ability of the model to discriminate between classes
across all thresholds.

In the context of imbalanced datasets, relying solely on accuracy can be highly misleading.
This is particularly true in multi-label bird sound classification, where many audio segments
may contain no bird vocalizations or only a small subset of possible species. Accuracy simply
measures the proportion of correctly predicted labels over the total number of predictions. In
highly imbalanced scenarios, a model could achieve high accuracy by simply predicting the ma-
jority class (e.g., "no bird detected” or "None” class) for most segments. For instance, if 80%
of the segments contain no target species, a model that always predicts "None” would already
achieve 80% accuracy, despite completely failing to detect any actual bird vocalizations. Such a
metric fails to reflect the model’s ability to detect minority classes, which, in bioacoustic mon-
itoring, are often the ecologically important species of interest.

In addition to global performance metrics, a per-species evaluation was performed to better
understand how the model performs across different bird species. For each species, confidence
scores were collected from both correct and incorrect predictions on the validation set. These
were then used to compute custom confidence thresholds per species, using a linear search opti-
mized on the F1-score. The final step involves using the test set, where a confidence score greater
than the threshold indicates the presence of the bird species. This species-specific thresholding
allows to balance sensitivity and precision differently for each species depending on its particu-

lar detection characteristics. Some species might tolerate a lower threshold to improve recall if
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they are hard to detect, while others may require higher thresholds to avoid false positives due

to environmental noise or species similarity.

3.4.2 TRAIN-TEST SPLIT AND VALIDATION

The dataset was originally split into training and test sets based on two Matlab annotation files:
Bird_tags_Train.mat and Bird_tags_Test.mat. These files define which audio record-
ings (organized by recording dates) belong to each subset. However, some adjustments were
necessary to address class imbalance across species: for certain species with an excessive amount
of training data but limited test data, additional recording dates were manually reassigned from
training to test. This ensured a more balanced evaluation for all target species. To create the
validation set, a temporal split strategy was employed to minimize potential temporal depen-
dencies and data leakage. Specifically, for each species, the last 1% of the recording dates (sorted
chronologically) was selected from the training set to form the validation set; the 1% validation
split was deliberately kept small to avoid removing too much data from the training set, given
the limited number of labeled samples available for certain species. This approach helps miti-
gate potential data leakage and simulate a more realistic scenario where the model is validated
on slightly newer data it has not seen before, thus offering a better estimation of generalization
performance. This splitting strategy also respects the temporal nature of bioacoustic monitor-
ing data, where environmental and seasonal factors may introduce correlations that a purely
random split would fail to capture. By separating data based on recording dates, the risk of
overestimating performance due to temporally correlated training and validation samples is re-
duced. The test data were selected primarily based on recording dates and microphone types,

aiming to create a temporally and technically distinct evaluation set.

3.4.3 IMPLEMENTATION DETAILS

Alltraining and evaluation experiments were conducted on virtual machines deployed via Google
Compute Engine. Each instance was configured as a g2-standard-8 machine, featuring 8 vir-
tual CPUs, 32 GB of RAM, and equipped with a single NVIDIA L4 GPU. The underlying
CPU platform was not specified (Unknown CPU Platform). This setup ensured sufhcient
computational resources for training both the Bird NET model and the baseline CNN, while
also providing hardware acceleration for efficient GPU-based deep learning workloads. The
BirdNET fine-tuning scripts were executed using TensorFlow, meanwhile, the baseline vanilla

CNN model was implemented and trained using PyTorch. Additionally, common Python
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libraries such as Pandas (for data manipulation), Matplotlib (for visualization), Librosa (for au-
dio processing), and Audiomentations (for applying data augmentation) were utilized through-
out the preprocessing and analysis pipeline. The training duration was approximately 40 min-
utes for the vanilla CNN model, which was trained from scratch with random hyperparameter
search. In contrast, the fine-tuning of the pre-trained BirdNET model was significantly faster,
taking around 10 minutes due to the transfer learning approach and the smaller number of

trainable parameters.
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Results

4.1 QUANTITATIVE RESULTS

4.1.1 MODELS COMPARISON

This section presents a comparative analysis of the tested models. The focus is on how well
each model balances precision and recall in realistic acoustic environments. Overall, from all
the tables, it is clear that the fine-tuned Bird NET model clearly outperforms the other models.
The original BirdNET has good precision but struggles significantly with recall, meaning that
a considerable amount of species were not detected by the model. This conservative behavior
leads to producing fewer but more confident predictions. Furthermore, the low recall score
could be attributed to the model’s training on a broader, non-specialized dataset, which may

lead to poor generalization on alpine specific species with subtle or rare vocal patterns. The fine-

Table 4.1: Performance metrics - Micro average

Model Precision Recall Fi-score
Original BirdNET 0.796  0.168 0.278
Fine-tuned BirdNET 0.590 0.666 0.626
Fine-tuned Bird NET + Data augmentation 0.641 0.652 0.647
Vanilla CNN + Data augmentation 0.445 0.435 0.440
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Table 4.2: Performance metrics - Weighted average

Model Precision Recall Fi-score
Original BirdNET 0.440 0.168 0.232
Fine-tuned BirdNET 0.612  0.666 0.601
Fine-tuned Bird NET + Data augmentation 0.639 0.652 0.619
Vanilla CNN + Data augmentation 0.600 0.435 0.477

Table 4.3: Performance metrics - Samples average

Model Precision Recall Fi-score
Original BirdNET 0.177 0.154 0.161
Fine-tuned BirdNET 0.621  0.673 0.632
Fine-tuned BirdNET + Data augmentation 0.648 0.663 0.643
Vanilla CNN + Data augmentation 0.379 0.443 0.393

tuned model, instead, takes more risks while maintaining a solid precision, a useful property in
the context of avian monitoring, where missing rare species can be critical. As highlighted in
Table 4.1 and in Table 4.3, the fine-tuning had a strong eftect on sensitivity, allowing the model
to recognize species that were previously underrepresented. The vanilla CNN demonstrates a
decent performance, considering a simpler architecture, and the training from scratch, without
any transfer learning. Although the performance is limited, the vanilla CNN serves as a useful
baseline to assess the contribution of transfer learning and domain adaptation. Still, looking
at the vocalization level metrics, the BirdNET fine-tuned with data augmentation achieved a
remarkable micro average F1-score of 0.647, which is nearly double the maximum F1-score of
0.339 reported in other studies [47], which was obtained using the original Bird NET model
on a dataset of bird vocalizations containing a total of 74 species, in the French region of Oc-
citanie. This substantial improvement suggests that fine-tuning the model parameters allows
for a much better balance between precision and recall, enhancing the model’s ability to detect
complex and rare vocalizations more effectively. From the tables, it is clear that data augmenta-
tion has a modest but positive effect on the fine-tuned Bird NET, slightly improving the overall
balance between precision and recall, improving its robustness and sensitivity to background
noise. Overall, achieving a higher recall can be valuable in ecological monitoring, as it increases
the chances of detecting rare species, even at the cost of including false positives. It is evident
that the fine-tuning significantly improved the original model, unlocking its capacity to recog-

nize a wider range of species. However, these aggregate metrics alone do not capture species-
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Figure 4.1: ROC Curve of the Original BirdNET model

specific biases or model behavior under data imbalance. A per-species analysis is essential to

give a better assessment of the model.

4.1.2 PER-SPECIES PERFORMANCE

To give a detailed vision of the discrimination capabilities of the model, we computed the
species ROC curves of the three evaluated models. From Figure 4.1 (Original BirdNET), we
can observe that the model exhibits different performance across difterent classes. Certhia fa-
miliaris shows the highest AUC at 0.782, followed by Phylloscopus collybita (0.761) and Reg-
ulus ignicapilla (0.685). Parus major, Loxia curvirostra and Muscicapa striata are the species
with the lowest score, around o.5. This could be due to a problematic test set not representing
the true distribution of those species, or due to intrinsic similarities in their acoustic features
with other classes, which can confuse the model. The fine-tuned BirdNET model with data
augmentation (Figure 4.2) demonstrates a significant improvement in performance. Fringilla
coelebs is taking the lead with an AUC score of 0.752, a consistent improvement from the pre-
vious model (0.681). Other enhancements are seen in Erithacus rubecula (0.749) and Anthus
trivialis (0.665). Parus major and Muscicapa striata are again around o.5 while Loxia curvirostra

exhibits a significant improvement (0.640). Turdus merula and Regulus regulus show deteri-

39



1.0

Fringilla coelebs (AUC: 0.752)

Erithacus rubecula (AUC: 0.749)

Phylloscopus collybita (AUC: 0.701)

Anthus trivialis (AUC: 0.665)

Periparus ater (AUC: 0.648)

Loxia curvirostra (AUC: 0.640)

Coccothraustes coccothraustes (AUC: 0.626)

Sylvia atricapilla (AUC: 0.608)

Lophophanes cristatus (AUC: 0.595)

Certhia familiaris (AUC: 0.563)

Turdus merula (AUC: 0.515)

4 Troglodytes troglodytes (AUC: 0.514)
A‘/f - Regulus ignicapilla (AUC: 0.512)

/;/," Regulus regulus (AUC: 0.511)

0.2 Y, 4 Muscicapa striata (AUC: 0,503)

7 Parus major (AUC: 0.499)

o ——- Random Classifier

0.8 1 4

0.6 &

0.4 P

Bl bl 01 1 B0

True Positive Rate (TPR)
W

0.0 0.2 0.4 06 08 10
False Positive Rate (FPR)

Figure 4.2: ROC Curve of the Fine-tuned BirdNET model with data augmentation

oration in performance, perhaps the training data added more noise than useful information

from the original model.

The vanilla CNN model with data augmentation (Figure 4.3) also presents interesting re-
sults. As this model is not influenced by the pre-training of BirdNET, this may help to identify
problems in the training and test set. Anthus trivialis (0.927) achieved the highest AUC. This
species already showed strong performance in the previous models (0.647 in the original Bird-
NET and 0.665 in the fine-tuned version), suggesting its vocalizations are easier to detect. This
may suggest that the data from this species is easier to recognize. Regulus ignicapilla (0.823)
and Parus major (0.888) outperforms the other models. Erithacus rubecula (0.566) performes
worse than the previous models. Regulus regulus remains hard to idenitify for both the fine-
tuned model and the vanilla CNN: this suggests there’s not enough data or is not representa-
tive of the species. Muscicapa striata and Turdus merula are again hard to recognize, suggesting
again a problematic test set. In summary, certain species, such as Parus major and Muscicapa
striata, consistently show poor classification performance across all models, indicating poten-
tial issues in the dataset, such as class imbalance or ambiguous vocalizations. Turdus merula
shows a decline in the last two models compared to the original Bird NET, possibly due to over-

fitting or noise introduced during fine-tuning. Conversely, species like Anthus trivialis and
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Figure 4.3: ROC Curve of the Vanilla CNN model with data augmentation

Regulus ignicapilla benefit notably from training, suggesting their acoustic patterns are well
captured even by simpler architectures. These findings underscore the importance of class-wise

analysis in evaluating the ecological reliability of sound classification models.

4.2 ERROR ANALYSIS

4.2.1 CONFUSION MATRICES

Here we present the confusion matrices for the three evaluated models. The first evident trend
is the misclassifications become increasingly spread as the models become more adapted to our
dataset. In the final model, the vanilla CNN, we clearly observe widespread errors across mul-
tiple species, showing greater uncertainty likely due to the absence of transfer learning and the
limited representational capacity of the architecture. In contrast, the original Bird NET model
(Figure 4.4) shows a more conservative behavior: it tends to make fewer predictions, but of-
ten with higher confidence. This is reflected in fewer correct predictions for rare species (low
values along the diagonal), combined with higher off-diagonal values, suggesting issues with

both recall (difficulty detecting certain classes) and precision (mislabeling other classes as these
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Figure 4.4: Confusion matrix of the original BirdNET model
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Figure 4.5: Confusion matrix of the fine-tuned BirdNET model

rare ones). For example, species like Loxia curvirostra and Muscicapa striata exhibit both a
low number of correct predictions and relevant misclassifications, as already highlighted in Fig-
ure 4.1. Despite its limitations, the original BirdNET still achieves high precision for certain
species, such as Anthus trivialis (5 1) and Certhia familiaris (56), indicating that some vocal pat-
terns are effectively captured even without fine-tuning. However, as previously discussed, the
original BirdNET generally suffers from limited recall, and these matrices further confirm that

limitation.

For the fine-tuned BirdNET model (Figure 4.5 ), performance improves considerably. Species
such as Fringilla coelebs (1047 correct predictions), Erithacus rubecula (286), and Phyllosco-
pus collybita (272) demonstrate strong classification accuracy, as previously observed in Figure
4.2. However, several confusions remain. Coccothraustes coccothraustes is often misclassified

as Fringilla coelebs (3 1 instances), while Muscicapa striata and Periparus ater are also frequently
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Figure 4.6: Confusion matrix of the vanilla CNN

confused with Fringilla coelebs (38 and 57 instances, respectively). This pattern highlights the
persistent effect of class imbalance, as Fringilla coelebs remains the most represented class in

the dataset, increasing its tendency to attract misclassifications from other species.

The vanilla CNN (Figure 4.6) shows a more diftuse error distribution, indicating reduced
confidence and higher uncertainty. While Fringilla coelebs (799 correct predictions) remains
the best recognized class, it is also frequently confused with Sylvia atricapilla (504 instances),
Phylloscopus collybita (210), and Regulus ignicapilla (125). The confusion with Sylvia atr-
icapilla is particularly pronounced. Erithacus rubecula shows degraded performance, being
more often misclassified than correctly identified, with significant confusion toward Sylvia atr-
icapilla (290 instances). Regulus ignicapilla is also often confused with both Fringilla coelebs
(300 instances) and Sylvia atricapilla (119). Similarly, Sylvia atricapilla itself is misclassified as

Fringilla coelebs (127) and Regulus regulus (80). On the other hand, species like Anthus triv-
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ialis (146 correct predictions), Certhia familiaris (83), Phylloscopus collybita (282), Regulus
ignicapilla (399), and Sylvia atricapilla (382) still exhibit solid performance. Overall, Fringilla
coelebs and Sylvia atricapilla clearly dominate the misclassification patterns, again reflecting the
imbalance of the training data.

In general, it is evident that some species are often confused: this is the case in particular
for Coccothraustes coccothraustes, Muscicapa striata, Parus Major, Periparus ater, Regulus ig-
nicapilla, Regulus regulus, Troglodytes troglodytes and Turdus merula, which are classified
more often as Fringilla coelebs than the correct class. This issue is likely due to the strong bias
for the vocalizations of Fringilla coelebs in the training corpus, since they appear much more
frequently than the others (see Fig. 3.1).

Nevertheless, the other species are correctly classified in most cases, even though the model
often exhibits biased responses and tends to incorrectly predict the presence of a few key species,
in particular Erithacus rubecula, Phylloscopus collybita and Sylvia atricapilla, which are also
much more frequent in the training samples (see Fig. 3.1) and common sources of false posi-
tives. These findings highlight the impact of class imbalance and acoustic similarity on classi-
fication errors. Despite improvements brought by fine-tuning, certain biases persist and affect
the model’s ecological reliability. A balanced dataset and targeted data augmentation could

help mitigate these effects and enhance the model’s capacity to generalize across species.

4.2.2 DIFFICULT SPECIES AND POSSIBLE CAUSES

Several species presented significant classification challenges despite being relatively common
in the target environment. Forinstance, species such as Parus major, Loxia curvirostra, Regulus
regulus, and Muscicapa striata were frequently misclassified or entirely missed by the original
BirdNET model. This pattern suggests that mere species prevalence in the habitat does not
guarantee high detection accuracy, particularly when the training data used for pre-training
lacks sufficient representation of these species or their regional acoustic variations. Forest habi-
tats introduce additional complexity, as dense vegetation and variable background noise can
turther distort or mask vocalizations, making it harder for the model to match incoming sig-
nals with its learned feature representations.

Moreover, some of these species exhibit acoustic characteristics that inherently complicate
their detection. For example, Muscicapa striata produces brief and sporadic vocalizations that
can easily overlap with other background sounds, while Loxia curvirostra presents variable call

types that may differ across populations or regions. These ambiguities highlight the need for
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Figure 4.7: Spectrogram showing a completely erroneous species classification.

regionally adapted models that are exposed to the specific acoustic variants present in the target
habitat. Without such adaptation, even otherwise powerful classifiers risk failing to capture key
species, ultimately limiting their utility for comprehensive biodiversity monitoring in complex

ecosystems like alpine forests.

4.2.3 IMPACT OF ENVIRONMENTAL NOISE AND OVERLAPPING CALLS

This section presents representative examples illustrating the challenges faced by the models
when classifying species in complex acoustic scenarios. Through spectrogram visualizations,
we explore different failure modes including incorrect classifications due to noisy or poorly
defined signals, variations in model confidence linked to signal quality and background inter-
ference, the impact of overlapping vocalizations, and instances where species calls are entirely
ignored.

In Figure 4.7, a spectrogram example of a noise segment is presented. In this case, the model
struggled to correctly identify the target species and mistakenly assigned two different calls to
two incorrect species. The spectrogram shows that the signal is poorly defined, with blurred
contours and low contrast, which likely prevented the model from recognizing the correct
species.

In Figure 4.8, three examples of correctly classified spectrograms for Erithacus rubecula are
shown, illustrating how the model’s confidence score varies according to signal quality and
background interference. In the first image, the vocalization appears as a clear, isolated pattern

in the spectrogram, resulting in a high confidence score of 0.963. In the second image, addi-
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Figure 4.8: Spectrograms showing decreasing confidence scores for the same species.
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Figure 4.9: Spectrogram example of overlapping calls.

tional background sounds are present, partially overlapping with the target vocalization. While
the modelstill correctly identifies the species, the confidence score decreases to 0.830, indicating
that background interference reduces the model’s certainty even when the main vocal features
remain separable. In the third image, the vocalization appears more blurred and less distinct,
likely due to partial masking by other sounds or environmental factors such as wind, rain, or
increased recording distance. In this case, the confidence score further drops to 0.684. This
gradual decrease in confidence reflects the model’s sensitivity to signal degradation, as inter-
ference or acoustic noise obscure key features used for classification. These examples highlight
how both environmental noise and overlapping calls can negatively affect the model’s certainty,

even when the final prediction remains correct.

In Figure 4.9, a demonstration of the effect of overlapping calls on the confidence score is
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Figure 4.10: Spectrogram of a completely ignored species.

presented. In this case, simultaneous vocalizations of Fringilla coelebs and Regulus ignicapilla
result in a reduced confidence score for both species. Overlapping calls create composite acous-
tic patterns that may not resemble any of the isolated vocalizations seen during training, leading
the model to assign lower confidence due to the partial mismatch with learned templates. This
effect is particularly relevant for species with overlapping frequency ranges or similar temporal
structures.

In Figure 4.10, a spectrogram example of a completely ignored species case is presented.
From the image, we can observe two main vocalizations corresponding to Erithacus rubecula
and Regulus ignicapilla. The model successfully identifies the Erithacus rubecula call with a
high confidence score (0.944), but completely ignores the call from Regulus ignicapilla, pro-
ducing no detection for this species in the segment. In this case, Erithacus rubecula actually
had fewer training samples compared to Regulus ignicapilla, indicating that the error cannot
be attributed to class imbalance alone. Such behavior may arise from the model’s tendency to
prioritize clear, high-energy features while suppressing weaker or partially masked signals. This
selective focus may represent one of the underlying factors contributing to the low recall ob-
served in the original BirdNET model, particularly in complex acoustic scenes where multiple

species vocalize simultaneously
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Conclusions

5.1 DISCUSSION

§.1.1 IMPLICATIONS FOR CONSERVATION AND MONITORING

The results of this study have clear implications for biodiversity monitoring and conservation ef-
forts, particularly in complex and remote ecosystems such as the Alpine coniferous forests. Us-
ing Al to automatically detect bird species makes it possible to monitor populations over time
in a scalable and non-intrusive way. The ability of fine-tuned models to recognize species that
are otherwise misclassified or undetected by generic pre-trained systems underscores the impor-
tance of tailoring models to the specific acoustic environments where monitoring is conducted.
In particular, the improved detection of species like Muscicapa striata, Loxia curvirostra, and
Regulus regulus, which were often poorly recognized by the original BirdNET, demonstrates
how local adaptation can help track species of conservation concern that might otherwise be
overlooked. This becomes particularly useful for spotting early signs of population drops or
shifts in bird communities, which might point to habitat damage or climate-related disrup-
tions in alpine areas. Moreover, automated systems like Bird NET, when fine-tuned, can serve
as cost-effective early warning tools in protected areas, reducing the need for continuous hu-
man fieldwork and allowing practitioners to allocate resources more efficiently. As highlighted
by [47], Al tools like these can help a lot when field surveys are hard to carry out, for example in

remote or difficult-to-reach locations. Additionally, recent advances in Tiny Machine Learn-
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ing (TinyML), enabling the low-power deployment of deep learning models directly onto edge
devices, open up the possibility of real-time monitoring even in off-grid locations, making large-
scale, continuous monitoring feasible for conservation agencies and researchers. As highlighted
in [48], TinyML ofters a transformative approach to wildlife monitoring through efficient, real-

time data analysis on these compact, energy-efficient devices.

§5.1.2 METHODOLOGICAL LIMITATIONS

Despite the promising results, There are a few clear limitations in the methodology that should
be pointed out. First, the dataset used for fine-tuning, while carefully curated, remains lim-
ited both in temporal coverage and species diversity. The sampling period spanned only a few
months, and certain rare or migratory species might not have been adequately represented, po-
tentially limiting the generalizability of the findings across full annual cycles or different habitat
types. Second, although fine-tuning substantially improved model performance, it required
labeled training data specific to the target region, which may not always be available or easy
to collect for conservation practitioners. Furthermore, class imbalance remained a significant
challenge, as highly represented species (e.g., Fringilla coelebs, Sylvia atricapilla) disproportion-
ately influenced model predictions, leading to biased misclassifications toward these dominant
classes. This could be partially addressed through techniques such as loss reweighting or focal
loss, though these approaches were not explored in the present work. Third, while data aug-
mentation improved robustness against environmental variability, issues related to background
noise, overlapping vocalizations, and ambiguous acoustic patterns persist. Environments with
many overlapping bird calls still create major issues, especially when species have more variable
or less distinct vocal patterns. Potential solutions may include incorporating source separation
algorithms [49] or adopting more advanced time-frequency representations that better capture
fine-grained acoustic features, as suggested by [50]. Finally, the evaluation focused on species-
level identification; however, intra-species variation such as individual variability or regional
dialects, may further complicate model performance in real-world deployments. Such factors

were not addressed in the current study but warrant attention in future research.

5.1.3 GENERALIZATION POTENTIAL

The ability of fine-tuned models to generalize beyond the specific training conditions remains
an open question. While our fine-tuned BirdNET model performed well on the target Alpine

dataset, its transferability to different locations, seasons, or recording equipment has not been
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formally assessed. Ecological soundscapes are highly variable, and even small changes in habitat
structure, weather conditions, or recording setups may influence acoustic data characteristics,
potentially affecting model robustness. Moreover, the Vanilla CNN model, despite its simpler
architecture and lack of pre-training, still demonstrated competitive performance when trained
on the local dataset. This suggests that custom models trained entirely on region-specific data
may remain a valid alternative to pre-trained models, particularly when extensive local data
are available. However, their generalization across broader contexts would likely be limited

without explicit inclusion of diverse acoustic conditions during training.

5.2 FUTURE WORK

Future developments in this research should aim to address the limitations discussed above,
while also exploring innovative directions that enhance the ecological validity and practical ap-
plicability of acoustic monitoring systems.

First, efforts should be made to expand the dataset both temporally and spatially. Extending
the monitoring period across multiple seasons would allow the inclusion of migratory species
and seasonal vocal variation, improving the robustness of the model across the full annual cycle.
Additionally, collecting data across different altitudinal gradients and habitat types would en-
able a more comprehensive evaluation of model generalization across alpine sub-environments.

Second, the persistent issue of class imbalance should be mitigated through more targeted
data collection or algorithmic strategies. Future work may incorporate class-weighted loss func-
tions, focal loss [5 1], or active learning techniques to prioritize underrepresented species during
training. Furthermore, integrating metadata such as time of day, location, or habitat type as
additional model inputs may help disambiguate acoustically similar species and reduce misclas-
sifications.

Third, advanced preprocessing techniques could be employed to address challenges related
to overlapping vocalizations and environmental noise. For instance, recent studies on neural
source separation, such as Conv-TasNet [49], have shown promise in separating concurrent
acoustic sources, which could be particularly beneficial in multi-species soundscapes.

Fourth, future research could explore semi-supervised or self-supervised learning frameworks,
which reduce the reliance on extensive labeled datasets and can better leverage large volumes of
unannotated recordings. Recent methods like contrastive learning or teacher-student setups
have shown good results even when labeled data is limited and may be well suited for ecoacous-

tic contexts where annotation is expensive or incomplete.
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Fifth, deploying and testing the fine-tuned model in real-time, embedded contexts would be
a crucial step toward practical implementation in conservation projects. This would allow for
in site monitoring in remote, while also providing feedback on real-world constraints such as
latency, energy consumption, and hardware limitations.

Finally, future work should also address intra-species variability and the identification of
individual birds or sub-populations. This could involve the development of multi-task models
capable of simultaneously predicting species identity and individual level characteristics, which

would enhance the ecological granularity of monitoring efforts.
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