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Abstract

The BirdCLEF Kaggle competition plays a pivotal role in avian conservation science by
challenging participants to identify bird species based on their calls. While the competition
has seen significant advancements, including various models and techniques, gaps remain in
achieving high classification accuracy. This research addresses these gaps by introducing a
novel method combining Continuous Wavelet Transform (CWT) with noise reduction and
Convolutional Neural Networks (CNNs) to enhance bird-call classification.

The study employs a meticulously designed preprocessing signal pipeline to improve the audio
quality of competition data and reduce the background noise present in wildlife recordings,
all without manual curation or selection of raw audio data. The bird song data is transformed
using CWT, and a thresholding technique is explored for postprocessing noise reduction and
computational efficiency. This research not only underscores the advantages of CWT over the
more commonly used short-time Fourier transforms (STFT) but also visually demonstrates
the effectiveness of the preprocessing pipeline techniques.

Key contributions of this research include:

• A comprehensive review of BirdCLEF history, entries, and classification methods, focus-
ing on the mathematical techniques underlying bird species classification.

• The design and implementation of an efficient signal processing pipeline featuring effec-
tive noise reduction and segmentation techniques.

• The development of a TensorFlow GPU pipeline and the training of a CNN model that
achieved superior classification accuracy.

• The development of a traditional classifier, using features defined in published literature
and competition winners, for comparative analysis with the CNN model.

The insights provided by this research and the proposed method’s enhanced performance hold
promise for influencing future BirdCLEF competitions and contributing to advancements in
the related sciences.

All code available at: https://uob-my.sharepoint.com/:f:/g/personal/ww22896_bristol_
ac_uk/EqzjgKDJ0ptAttpQPKP24HEBpvVU2cVFAF4x2EnoPIN3wg?e=1Wfrg0.
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Supporting Technologies

• Code was developed using a recent version of Python 3, using data science libraries such as NumPy
and Pandas in a Virtual Studio environment.

• All the data processed in this study can be found in the BirdClef 2023 Training data [31].

• Google Collaboratory for online GPU resources and notebook-style code execution [28].

• Models were developed, tested and trained using Tensorflow & Keras.

• Essential packages included Pandas 1.4.4 for data manipulation, Matplotlib 3.7.1 and Seaborn 0.12.2
for visualisation, and Scikit-Learn 1.30 for machine learning.

• Signal processing relied on the functions contained in the pyAudioAnalysis package [25].

• LATEX format for this thesis, via the online service Overleaf.

• random state is always 42.
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Chapter 1

Introduction

The BirdCLEF 2023 competition challenges data scientists to identify bird species from audio recordings
collected in Kenya. Conservation scientists consider monitoring avian populations a severe matter, as
birds are susceptible to environmental changes and can be early warning systems for the health of an
ecosystem. Bird populations, spread across all terrestrial habitats, make them an effective indicator of
biodiversity [50].

BirdClef aims to develop accurate classification solutions to enable the monitoring of populations
to assist worldwide restoration projects. Conservationists require affordable and efficient tracking of
population changes, especially in rugged terrain and vast areas. This is crucial for assessing global
restoration projects, where traditional manual surveys are costly and challenging to manage [59].

The Natural State Research Centre uses bioacoustic monitoring and Artificial Intelligence (AI) to
track their restoration impact on Northern Mount Kenya’s biodiversity project. By developing scalable
monitoring technology, Natural State aims to ‘catalyze’ investment in conservation projects focused on
sustainable land management and wildlife protection [74].

1.1 Birdsong

Fascination with birdsong dates back to ancient civilisations. The ancient Greeks attributed divine
qualities to these sounds, as discussed by Socrates in Plato’s Phaedo [36] around 360 B.C.E.:

“But men, because they are themselves afraid of death, slanderously affirm of the swans that they
sing a lament at last, not considering that no bird sings when cold, or hungry, or in pain, not even the
nightingale, nor the swallow, nor yet the hoopoe; which are said indeed to tune a lay of sorrow.”

In 1889, the naturalist Ludwig Koch used an Edison phonograph gifted by his father to record the
song of captive white-rumped shama, marking the first known bird song recording [76]. By the 1930s,
Koch had established himself as a leader in recording nature sounds, mainly through his collaboration
with Sir Julian Huxley. Capturing wild birds in their natural habitats presented numerous challenges.
Still, their joint efforts resulted in the 1938 publication of “Songs of Wild Birds”, allowing people to
experience authentic birdsong at home [35].

The advent of recording technology in the 20th century transformed the collection of birdsong. Early
mechanical imitations gave way to actual field recordings of birds in their natural habitats, enabling more
accurate representation and preservation of birdsong. Technological advances drove the new techniques:
in 1934, an emperor penguin was the first bird recorded via radio transmission from the field to a receiver
connected to a recorder, enabling remote recording [7].

Magnetic tape recorders were first used to capture birdsong in 1946 by Sture Palmér in Sweden [11],
following which portable reel-to-reel recorders in the 1960s enabled longer, higher-quality recordings. An
increase in ornithological interest has even led to the rediscovery of extinct bird species. The Puerto
Rican Whip-poor-will was rediscovered in 1961 after locals recorded its calls, confirming its existence and
allowing for documentation of its unique song [62].

Digital recording technologies that emerged in the 1980s, such as DAT (digital audio tape), revolu-
tionised the documentation of birdsong by enabling extended frequency ranges and low self-noise devices.
DAT offered advantages for field recordings and was later followed by analogue and digital cassette for-
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CHAPTER 1. INTRODUCTION

mats, compact disc and MiniDisc. Current digital systems with hard disk and Flash memory provide
brilliant audio quality, simple editing and analysis, easy sharing, and vast storage capacity [55].

These advances have resulted in a prolific rise in the recording of avian songs. The British Library’s
Sound Archive contains an extensive collection of birdsong recordings [38]. In 1965, only 25% of known
bird species had been recorded, but this figure rose to over 90% today. The archive houses commercial,
private, and historical recordings encompassing over 80% of the world’s avian species. The birdsong
collection offers value as a resource for research and enjoyment.

1.2 BirdClef

Birds are excellent indicators of biodiversity change due to their mobility and diverse habitats. While
effective, observer-based bird surveys are logistically challenging and expensive. Passive acoustic monitor-
ing (PAM), when combined with machine learning tools, offers a more scalable and cost-effective solution
[91]. The BirdCLEF competition aims to harness the power of machine learning to process continuous
audio data and recognise bird species by their calls. The ultimate goal is to aid conservation efforts by
providing accurate tools for monitoring avian biodiversity.

BirdCLEF rewards the best contributions and, for the 2023 edition, offered a share of $50,000 for
the first five places. Additionally, participants are encouraged to submit working notes to the LifeCLEF
2023 conference, where they may be given a special award, ”Best BirdCLEF Working Note,” with each
winner receiving $2,500.

LifeCLEF, now called BirdCLEF, launched its first bird task in 2014, aiming to identify 501 bird
species from Brazil. The dataset consisted of 14,027 recordings of 501 species taken from Xeno-Canto’s
collaborative database and included at least 15 recordings per species, reflecting real-world variations in
equipment and noise. Ten groups participated, submitting 29 runs. To evaluate the success of identifying
multiple species in a recording, the mean average precision (mAP) metric was used. This metric is handy
for tasks where multiple object classes overlap, such as when two bird species call simultaneously. The
highest-performing model achieved 0.511 mAP, while the lowest attained 0.002 mAP [39].

The competition has evolved, adapting to the latest technological advancements. Introducing deep
learning brought drastic improvements in mAP scores; for example, the best mAP score improved in
2016 when deep learning, including CNNs, were first applied. Results showed CNNs outperformed other
approaches, with the top system achieving 0.69 mAP on the 2015 test set [27]. By 2023, the top 5
solutions had similar scores of 0.76. These solutions blended audio processing and computer vision
techniques, emphasising data quality and preprocessing. The methods included the use of ensembling
and pre-trained models [30].

The BirdCLEF competition plays a pivotal role in advancing the field of automatic birdsong identifi-
cation. Its rigorous challenges and significant rewards have made it a cornerstone event for researchers,
data science practitioners and hobbyists alike.

1.2.1 Leading Solutions

BirdCLEF 2023 showcases a range of innovative approaches to bird song identification, with deep learning
methods playing a pivotal role in the most successful entries, which employed one or more of the following
methods:

• Pre-training: One leading strategy involved the pre-training of models on BirdCLEF datasets from
previous years (2020, 2021, and 2022) and the Xeno-Canto Extend dataset [61], followed by fine-
tuning on the 2023 data [4], significantly enhancing model performance.

• Spectrogram: A popular Fourier transform approach that involves changing the audio data into
spectrograms and then training a deep learning model on the processed data [72].

• Data Augmentation: Using EfficientNet, a CNN-type model for pre-training, and data augmenta-
tion methods like CutMixUp are also particularly effective. These techniques improve the model’s
performance by adding variety to the training data [3].

Despite the success of existing methods, the BirdCLEF competition remains fiercely contested, with
competitors continually seeking the slightest advantage. They do so by exploring innovative variations on
familiar themes, and this competitive landscape underscores the innovation potential. With a mere 0.89%
difference between the first and fifth place, exploring new avenues could be the key to future success.
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1.3. CHALLENGES

1.2.2 Competition Data

The competition organisers provide training data, including brief recordings of individual bird calls con-
tributed by Xeno-canto (XC) users. In 2023, there are approximately 16.9k sample files covering a range
of 264 species. Accompanying the training data is a range of metadata, with fields including the primary
label (a bird species code), latitude and longitude (the coordinates of the recording location), author
(the user who contributed the recording), and filename. The competition employs a hidden test set,
with submitted notebooks evaluated against this actual test data. Upon submission, the test directory
populates with approximately 200 recordings, each 10 minutes long.

The competition imposes specific requirements for code submissions, including submitting entries
through notebooks, a maximum runtime of 120 minutes for CPU notebooks, disabling GPU notebook
submissions and internet access, and permitting freely available external data, including pre-trained
models. This research concentrates only on the 2023 data since Kaggle states that the training data has
all relevant files, and no further benefit can be obtained by searching for more [31]. However, the project
will deviate from specific rules about GPU usage and maximum runtime to more broadly explore the
question of birdsong classification.

1.2.3 Audio Ratings

Data is also collected via PAM where recording devices are set up in specific locations to capture bird
calls over time, allowing for data collection with minimal bird disturbance. In addition, a platform
like Xenocanto.org leverages the power of ‘citizen science’, where bird enthusiasts worldwide contribute
their recordings, leading to a large and diverse dataset with broad geographic and species coverage. As
recordings are made in the wild, a particular concern for classification is noise, with recordings often
capturing weather (such as winds and rain), human interference, and other wildlife. Limiting the effects
of the noise will be an essential step in preparing the audio for classification.

XC encourages users to rate the quality of their audio uploads, giving them a gauge of the recording
quality. However, details of the rating system are unclear, with no formal description of how ratings are
assigned. The Xeno-Canto website suggests a classification from A to E based on the signal-to-noise ratio
[21].

Signal-to-Noise Ratio (SNR) is a measure used to quantify how much noise has corrupted a signal. It
represents the ratio of the power of a signal (meaningful information) to the power of background noise.
In audio recordings, a high SNR means that the primary sound (like a bird call) is much louder than the
background noise, making it more transparent and easier to identify. It is important to note that SNR
can have values below 0dB, as the noise is measured over the entire audible frequency band, while the
target call typically occupies a much narrower band. Measuring SNR can be problematic due to the need
to estimate or model the noise in a signal [22].

1.3 Challenges

Audio data, mainly when sourced from natural environments like bird songs, exhibits high variability and
is often contaminated with noise. This variability necessitates a robust preprocessing pipeline to enhance
data quality and provide consistent input to classifiers. Bird song recordings, especially those sourced
from platforms like XC or captured via PAM, present a variety of challenges:

• Diverse audio quality and length: PAM recordings can be long, often left running in the wild. In
contrast, recordings contributed by birders might be captured in a glimpse on various handheld
devices, leading to variability in quality and duration.

• Non-stationary noise: Recordings in both wild and urban settings frequently capture unwanted
non-stationary ambient noise (whose characteristics change over time). Examples include traffic,
weather, and human interference.

• Subjective quality ratings: Platforms like XC attempt to classify sounds based on SNR. However,
this rating process remains subjective and can be unreliable.

The presence of noise in bird audio recordings can significantly impact classifier performance. Noise
introduces variability into the training data, potentially leading to overfitting, a process where the model
learns the noise rather than the bird call. Noise complicates feature extraction, which can obscure vital
bird call features and require additional preprocessing and computational overheads. The Macaulay
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Library provides guidelines for rating audio quality in bird recordings, stating the most important factor
for rating audio quality is how loud the target bird sound is compared to the background noise [20].

Given the challenges posed by noise, preprocessing becomes paramount. Effective noise reduction
techniques, such as spectral gating, enhance SNR and make bird calls more discernible. Segmenting the
audio into individual units can help isolate bird calls from background noise. Adjusting sampling rates
can aid in focusing on relevant frequency bands, further clarifying the bird calls and limiting the number
of data points being processed for training.

Many published studies on bird song classification underscore the significance of manual inspection
to ensure the quality of individual species samples [85, 12]. However, these studies often omit details
on species selection, the quality of training samples and the complete preprocessing steps involved in
preparing their training data. The variability in data quality, diverse recording equipment, and ambient
noise underscore the importance of preprocessing in bird song audio classification. Effective preprocessing
enhances data quality and ensures that classifiers are trained on consistent and representative data.

1.3.1 Deep Learning Challenges

Deep learning networks have specific challenges based on the chosen library (e.g., Keras, TensorFlow)
and the implemented model. Issues related to GPU/CPU compatibility can arise, with errors due to
memory allocation often occurring if too much computation is demanded. Challenges emerge if the shape
of the data passed to the network is inconsistent with the network’s expectations or if data types are
inconsistent. For example, the network may expect real-valued numbers and will error if passed complex
values, leading to potential program crashes.

The batch size can dictate how much memory the pipeline requires, and often, a batch too big will
unexpectedly crash the system. The GPU environments themselves also have limitations on session times.
Google COLAB will time out without enough user interaction; however, these issues may be avoided by
paying for a subscription service, which grants access to more significant memory and processor resources
[28].

Debugging problems in deep learning can be time-consuming due to numerical errors, training anoma-
lies, and obscure error messages [88]. Careful debugging is required to trace issues like tensor shape
mismatches, unsupported data types, and computational resource limitations.

Extracting wavelet features may present further challenges. The CWT offers a flexible, high-resolution
method for signal analysis however, this flexibility can increase computational demands. CWT provides
a shift-invariant representation (remains the same following a time shift), ideal for visualising frequency
changes over time. However, the continuous nature of the CWT can be computationally intensive, pro-
ducing vast amounts of coefficients. Choosing appropriate features like wavelet scales is crucial, impacting
computational cost and classifier performance. Decisions around resolution, scales and coefficients must
balance information gain versus computational needs, too many scales or coefficients may overload hard-
ware and extend training times. Too few may not provide the models with enough feature information
to enable successful identification.

Another primary challenge in deep learning is the need for large datasets (‘big data’) to train effectively.
The sheer volume of data required can strain computational resources [66]. Deep models, especially
when trained on big data, can have prolonged training times, requiring powerful GPUs for efficient
training. Implementing and maintaining the code for deep learning pipelines, especially when integrating
preprocessing, training, and evaluation, can be intricate. The performance of deep learning models is
also sensitive to hyperparameters, the fine-tuning of which demands extensive computational resources
and time.

CNNs have shown exceptional performance in computer vision tasks, with success relying heavily on
big data to avoid overfitting. Overfitting occurs when a model learns to fit the training data perfectly
but fails to generalise well to unseen data. Data augmentation is one common technique to mitigate
the challenges posed by limited data that enhances training datasets by varying pitch and speed or
introducing noise. This allows deep learning models to generalise to real-world variations [71].

In the context of birdsong classification, the challenge is further exacerbated. The British Trust
for Ornithology’s (BTO) Acoustic Pipeline offers state-of-the-art software to assist ecological research.
Their species identification pipeline has processed over 500 terabytes of audio recordings from over 2000
users in 25 countries since its launch in 2021 [23]. While this might seem substantial, deep learning
models, especially those designed for complex tasks like birdsong identification, require vast amounts of
diverse data to achieve optimal performance. The diversity in bird species, their vocal variations, and
the environmental noise in recordings make this task even more challenging.
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1.4. PROBLEM STATEMENT

1.3.2 Bird Song Complexity

Birdsong is a complex auditory signal that varies significantly across different species, populations, and
even individual birds. The variability in these calls presents a unique challenge for learning classifiers
aiming to identify and categorise them. Birds of the same species from different geographical locations
may produce distinct vocalisations. For instance, the D-syllable of the chick-a-dee call of the black-capped
chickadee (Poecile atricapilla) exhibits notable differences across the three types [5]. Even within a single
population, individual birds may have unique call variations. A single bird’s call can vary depending on
the time of day, season, or age, and birds will sing at higher frequencies to thrive in urban settings [6].
Other studies have shown that members of the same blackbird species who live in the forest environment
have higher testosterone levels than their city-dwelling counterparts, resulting in a deeper voice [49].

1.4 Problem Statement

The BirdCLEF competition has seen a variety of methodologies, with most entrants preferring the Fast
Fourier Transform (FFT) and spectrograms [87]. Introducing wavelets to BirdCLEF could offer new
avenues for performance improvement. Wavelet transforms, which provide a more flexible time-frequency
representation, are often overlooked. This project explores a new method of processing bird songs using
wavelets that offer improved time-frequency representations.

This research aims to contribute by developing a robust preprocessing and wavelet feature extraction
pipeline to match or exceed published accuracy rates of over 85% using the training data provided.
Findings could also benefit bird conservation by improving species identification and machine learning
models in other audio-processing tasks.

The diversity of recording devices, the range of environments and the varying skill levels of authors in
the raw data collection pose significant challenges for research. Not filtering samples retains the real-world
data’s natural variability and noise, testing whether an unmodified XC crowd-sourced dataset is sufficient
or if extensive filtering and curation of training data are required for accurate species classification.

1.5 Aims, Objectives and Questions

1.5.1 Primary Motivation

This research aims to challenge and check the validity of published classification results using crowd-
sourced, uncontrolled audio data via deep learning methodologies. To achieve this primary aim, the
research is organised around the following objectives and research questions:

1.5.2 Preprocessing

• Objective: Investigate noise reduction and segmentation techniques to create enhanced song sample
profiles (for example, reduced ambient background noise, less silence or noise between bird calls)
without manual screening.

• Question: How effective are these techniques in enhancing the quality of the raw audio samples?

• Objective: Implement voice activity detection (VAD) and noise reduction algorithms to refine and
enhance the quality of samples from raw recordings.

• Question: What is the impact of the VAD segmentation on the raw audio samples?

1.5.3 Model Development

• Objective: Create a TensorFlow pipeline using CWT wavelet features for CNN classification, man-
aging heavy computational requirements.

• Question: How can a TensorFlow pipeline be optimised for CNN classification using CWT features?
What are the batch sizes and wavelet scale limits for computation in a single GPU notebook?
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• Objective: Train a CNN model on the 2023 BirdCLEF data without complex augmentation, evalu-
ating preprocessing and quality of crowd-sourced data. Aim to exceed the benchmark 50% F1 score
and compare with published results and a more traditional feature-based classifier.

• Question: Can a model be trained within a 12-hour timeframe? How does a CNN model train
on un-augmented, balanced 2023 BirdClef training data in terms of accuracy and against other
models?

1.5.4 Evaluation and Validation

• Objective: Establish methods to minimise overfitting and validate general performance on unseen
test data.

• Question: What techniques effectively minimise overfitting when training a CNN on limited data?
What impact do they have?

• Objective: Compare the performance and efficiency of a deep learning CNN model with a traditional
classifier and published results such as those discussed in Chapter 2.

• Question: How does the wavelet feature CNN compare with a traditional classifier? Are published
results achievable using random, uncurated sets of publicly crowd-sourced data?

1.5.5 Research Approach

The research approach is primarily quantitative, involving the application of audio processing techniques
and evaluating the impact on classifier performance. The performance will be quantitatively measured
using accuracy, precision, recall and F1 score. There will be minimal qualitative analysis of the effects of
the preprocessing by visual inspection (for example, via waveforms and spectrograms) and listening to
audio samples due to time constraints. However, it should be noted that no qualitative measures will be
used for species or sample selection.

1.5.6 Limitations

In light of the computational requirements and challenges discussed in Section 1.3, this project will focus
on classifying a subset of species from the BirdCLEF dataset. The subset of species with the most samples
will be selected.

Given resource constraints, manual inspection and filtering of audio recordings was not feasible for
this project. Instead, the unmodified BirdCLEF dataset from Kaggle is used as provided, without any
preselection or quality assessment of samples. This allows the research to test the sufficiency of the
raw crowd-sourced data for training accurate models without relying on manual curation, a unique
limitation of this research. Rather than hand-picking high-quality samples, the aim is to evaluate whether
uncontrolled contributions can still produce helpful results.

The research will investigate preprocessing methods for feature extraction using freely available and
well-documented Python libraries like TensorFlow and sklearn [1, 56]. A random, balanced sample of
data will be used for training and evaluation to align with computational resource limitations. This may
uncover areas for further research echoing the plans of BirdNET developers to create an app that can
classify newly captured data on limited resources without an internet connection [15].

Several constraints limit the scope:

• Species subset: Nine species are randomly selected based on similar studies, allowing for meaningful
comparison to numbers in related work [34, 68].

• Model simplicity: A simplified CNN architecture with few layers is employed rather than complex
pre-trained networks due to computational constraints. This may limit the complexity of the
features the model can learn.

• Data constraints: No external datasets, heavy data augmentation processes, or pre-trained models
are allowed.

• Compute limits: designed for a single CPU or GPU-enabled notebook environment.
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• Metrics: Intuitive classification metrics like accuracy and F1 score are used rather than mAP for
ease of understanding and comparison.

The focus is specifically on preparing a BirdCLEF subset, extracting wavelet features, and evaluating
a straightforward CNN architecture. Further work could expand the species, leverage ensembles, and
scale up computational resources.

1.6 Structure

The remainder of the thesis will be structured as follows: Chapter 2 provides an overview of current
mobile applications demonstrating the effectiveness of birdsong classification algorithms and introduces
the underlying concepts allowing them to work. Chapter 3 provides an overview of relevant literature on
bird song classification, wavelet transforms, audio preprocessing, and frequency analysis to inform the
full-process design. Chapter 4, Methodology, details the data preparation and preprocessing pipeline,
model architecture and training methodology used in the experiments. Chapter 5 presents the exper-
imental results from the different models and configurations and discusses the impact of preprocessing
methods. Chapter 6 interprets the results, relates them to published study results, revisits aims and
objectives, highlights limitations and identifies future work. Chapter 7, Conclusion, evaluates the overall
achievements and reflects on the personal scholarly journey.
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Chapter 2

Contextual Background

Chapter 2 provides an overview of current mobile applications for birdsong classification, introducing the
fundamental Fourier and Wavelet transform processes and their associating visualisations, spectrograms
and scalograms. The chapter concludes by proposing to train CNN classifiers using the coefficients of the
CWT and highlights the advantages of this approach.

2.1 Classification Applications

In recent years, the study of birdsong has gained significant interest from the scientific community and
bird enthusiasts (‘birders’) across the globe. Mobile applications (apps) can recognise bird songs from
phone recordings, a skill that distinguishes amateur birders from professionals [8]. However, birdsongs
are incredibly complex and diverse, with Lazuli Buntings using over 140 distinct syllables in their songs.
This challenges computer algorithms, especially on mobile devices, as even advanced products struggle
to match human ability in distinguishing between bird calls [68].

Several major universities, such as the Cornell Lab of Ornithology, and private companies, such as
Wildlife Acoustics, have spun off commercial phone versions of their technology, which work in a manner
very similar to the well-known song-identifying app Shazam [69]. The market for bird identification
apps has increased, with users willing to pay subscription fees upwards of $9.99 per year for the most
advanced products. Fierce competition has emerged, especially since the 2017 release of Song Sleuth,
which recognises 200 common species using sophisticated algorithms [48].

Song Sleuth generates spectrograms (graphs displaying the frequency spectrum of bird audio record-
ings) and waveforms to aid the analysis of users’ recordings. Identification is enhanced by geotagging
each recording and refining suggestions based on location, and users can share recordings to get second
opinions on unusual finds.

Figure 2.1: Merlin ID Spectrogram [53]

Merlin Sound ID from Cornell Labs employs CNNs to provide real-time species suggestions by com-
paring recordings against its database of 1,054 species [53]. Figure 2.1 shows a sample spectrogram from
the Merlid ID app service. Users contribute new samples to improve the algorithm, uploading them to the
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eBird checklist and tagging the species audible in the recording. Based on Cornell’s earlier free BirdNet
algorithm, the app generates a spectrogram allowing users to mark specific portions of the image (‘an-
notations’) corresponding to their bird chirp sample. As a result, this contributes to Merlin’s database
with precious hand-labelled segmented recordings, which can be challenging to obtain when attempting
to capture high-quality bird song samples in the wild.

The app encourages anyone with a smartphone to make recordings, keeping a leaderboard of the
highest contributors. However, the developers also mention the low quality of mobile phone recordings
and explain how the accurately annotated data is needed as a compromise for successfully training the
models. The website estimates that ‘more than 100 recordings are needed per species’ and that only 20%
of birds have enough recordings to start training Merlin.

Despite all this, bird identification apps struggle to achieve consistently accurate results; for example,
Song Sleuth often misclassifies the trill of the Chipping Sparrow due to ambient noise and overlapping
songs [44]. Poor user reviews (averaging 2.4/5 stars) highlight the engineering difficulties of creating a
reliable bird classification model [58].

In contrast, Cornell’s Merlin application achieves higher user ratings for classification, benefitting from
the manually annotated spectrograms submitted by experienced birders and ornithologists. Although in-
consistencies remain, Merlin can struggle to differentiate similar species and occasionally misclassifies calls
[57]. Whilst promising current applications have limitations requiring further refinement and evaluation.
Expert ornithological knowledge remains vital to validate results.

2.2 Fourier Transform

All of the discussed applications use the Fourier Transform (FT) in their processes. An audio signal can
be visualised in the time domain as a Waveform displaying amplitude over time. It can also be trans-
formed into the frequency domain as a Frequency Spectrum showing power at each frequency component.
While the waveform represents changes over time, the frequency spectrum shows the signal’s constituent
frequencies but lacks timing information.

The FT is a mathematical technique that decomposes a signal into its constituent sinusoidal waves,
transforming signals from the time domain into their frequency components. However, while the FT can
analyse any signal, it provides a global view of its frequency content without indicating when specific
frequencies occur [10].

The FT transforms the signal to the frequency domain, revealing the frequencies present but losing
time details. This works well for stationary audio but fails for signals where frequency content varies
with time (non-stationary), like birdsong, and it is these limitations that led to the development of
time-frequency techniques like the Short-Time Fourier Transform (STFT).

2.2.1 Short-Time Fourier Transform

The STFT addresses the lack of time localisation in the FT by computing the transform on short windows
of the signal. The STFT splits the signal into segments and computes the FT separately on each window,
capturing how the frequency content evolves [10].

The main parameters of the STFT are the window size and the hop size (the amount by which the win-
dow is shifted for each computation). The window size determines the trade-off between time resolution
and frequency resolution: a larger window gives better frequency resolution but worse time resolution,
and vice versa. The hop size determines the overlap between consecutive windows: a smaller hop size
gives more overlap, which can result in a smoother spectrogram but also requires more computations.
The choice of window size is critical; larger windows improve frequency resolution by sacrificing time
resolution. This trade-off is an intrinsic feature of the STFT [60].

2.2.2 Spectrogram

The spectrogram is a visual representation of the STFT. It displays how signal frequency and power
change over time, similar to having many frequency spectra stacked side by side, each representing a
tiny time slice. Frequency is shown on the y-axis up to the maximum (Nyquist) frequency dictated by
the sampling rate according to the Nyquist-Shannon sampling theorem. The Nyquist frequency is the
maximum frequency that can be accurately captured during sampling without aliasing [43]. Aliasing
occurs when a signal is undersampled and can cause high-frequency components to appear as lower-
frequency components, distorting the signal when reconstructed. According to the Nyquist-Shannon
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sampling theorem, a signal must be sampled at least twice as fast as its bandwidth to be captured
accurately [43].

2.3 Wavelet Transform

This section will cover the development of Wavelet Theory and outline the process for calculating the coef-
ficients (and, therefore, the scalogram). Further details on the choice of wavelet and the scale calculations
are covered in Chapter 4.

The concept of wavelets can be traced back to the early 20th century with the work of Alfred Haar.
In 1909, Haar introduced what is now known as the Haar wavelet, considered the most straightforward
wavelet type [29]. However, the term “wavelet” was not used until the 1980s. The development of wavelet
theory was motivated by the need for a tool to handle irregular patterns and signal trends, which the FT
could not do effectively. The wavelet transforms gained significant attention in the 1980s, primarily due
to the work of Jean Morlet, a geophysicist, and Alex Grossmann, a theoretical physicist. They developed
a new family of mathematical functions known as Morlet wavelets, which are particularly useful for
analysing seismic signals. Their work laid the foundation for the development of the continuous wavelet
transform [47].

In 1986, Yves Meyer constructed the first orthogonal wavelet basis, a significant milestone in the
history of wavelet theory [45]. This work was further developed by Stéphane Mallat and Meyer, leading
to the development of the multiresolution analysis and the wavelet decomposition and reconstruction
algorithm, widely used today [41]. In 1994, Ingrid Daubechies, a Belgian physicist and mathematician,
published “Ten Lectures on Wavelets”, which has since become a standard reference in wavelet theory,
providing a comprehensive introduction to the theory and application of wavelets [16].

2.4 Continuous Wavelet Transform

The CWT provides a time-frequency representation using wavelets. Unlike the FT’s sinusoidal basis
functions, the CWT uses shifted and scaled wavelet functions as bases [64], allowing multi-resolution
analysis, which provides higher resolution than Fourier techniques. This makes the CWT particularly
useful for analysing non-stationary signals (like most real-world audio and birdsong), where the frequency
content can change over time [2].

The CWT is computed by correlating the signal x(t) with a wavelet function ψ(t) at different scales
s and positions u:

CWTx(s, u) =

∫
x(t)ψs,u(t)dt (2.1)

where

ψs,u(t) =
1√
s
ψ(
t− u

s
) (2.2)

Here, ψ(t) is the mother wavelet, s is the scale parameter, and u is the position parameter. The
mother wavelet ψ(t) is the base wavelet function that is scaled and shifted to perform the transform.
Some common examples are the Morlet, Gaussian and Haar wavelet. For instance, the Morlet wavelet,
as shown on the left of Figure 2.2, is defined as:

ψ(t) = ceiωte−
t2

2 (2.3)

Where c is a normalisation constant and ω is the central frequency. The mother wavelet provides the
basic waveform shape and properties on which the CWT analysis is built.

Scale s is inversely related to frequency, with higher scales corresponding to lower frequencies and vice
versa. When the scale is increased, the wavelet function becomes stretched out, prolonging its period
and allowing it to match low-frequency components in the signal. The wavelet function is compressed at
lower scales, shortening its periodicity to match high-frequency components. Hence, low scales focus on
high frequencies, while high scales focus on low frequencies.

Generally, the relationship between scale, frequency, and sampling rate is given by:

f =
sampling rate

scale
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Figure 2.2: Morlet and Gaussian Wavelet

.
For example, for a 32 kHz sampled signal wanting to analyse down to 20 Hz (lower human hearing

limit), the scale would be:

32000

20
= 1600

.
Note that this relationship can be specific to the wavelet used in the CWT, and a scale step size can be

used to determine frequency resolution. A smaller step offers higher resolution but increases computation
time as more scales must be computed.

The output of the CWT is a set of coefficients that tell you how much of the signal is represented by
each basis function. The coefficients CWTx(s, u) indicate how closely the wavelet matches the signal at
each scale and position. The CWT is advantageous for non-stationary signals like birdsong, providing
good time resolution for transients and frequency resolution for stable components [42]. Visualising the
CWT coefficients generates the scalogram.

2.4.1 Scalogram

The CWT scalogram is a time-frequency representation that uses wavelets to analyse the signal. Scalo-
grams offer variable resolution, whereas spectrograms have a fixed resolution across frequencies. The
STFT derives the spectrogram by breaking down the signal into sinusoids of different frequencies. In
contrast, wavelet analysis derives the scalogram by breaking down the signal using wavelets (small wave-
like oscillations).

The main advantage of wavelet analysis over FT is variable resolution, providing finer frequency
resolution at lower frequencies and finer time resolution at higher frequencies, making them especially
useful for analysing signals with time-varying characteristics, like bird songs.

Figure 2.3 shows the Waveform, Frequency Spectrum, Spectrogram, and Wavelet Scalogram of an
audio clip from the 2023 BirdClef dataset featuring Egyptian Goose (Alopochen aegyptiaca) with a
sampling rate of 22050 Hz. The spectrogram for the Goose’s call shows brightness across a vast range
of pitches, suggesting activity at nearly all frequencies. In contrast, the scalogram offers a more precise
picture by highlighting specific areas, giving a more accurate understanding of where the most significant
changes in the call occurred.

The spectrogram provides an overview of the call’s features, while the scalogram highlights partic-
ular areas. This research exploits this unique advantage by training the deep learning model on CWT
coefficients, analogous to training the CNN model on images.

2.4.2 Advantages of CWT for Birdsong

The CWT provides several advantages for analysing birdsong and other non-stationary signals relative to
Fourier-based techniques like the STFT. The CWT offers a principled solution to selecting an appropriate
window size well-suited for time-frequency analysis and has been successfully applied in previous studies
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Figure 2.3: Egyptian Goose Audio Visualisation

[34]. The wavelet function is a fully scalable modulated window, enabling multi-resolution time-frequency
analysis [16], providing accurate timing for capturing sudden changes and precise frequency measurement
for stable components - suiting birdsong’s mix of fast and slow elements [70].

However, the CWT has a higher computational cost than the STFT since the CWT is computed at
several scales, while the STFT uses a fixed window size. Balancing accuracy and efficiency can be achieved
during model training by incrementally increasing the scale while considering computational resources,
where reducing the scales will accelerate CWT computation but sacrifice resolution. Compared to the
STFT, the CWT provides a more accurate and higher resolution time-frequency representation, but it also
has redundancy (many coefficients close to zero) that may be minimised via soft thresholding technique
[17].

This research investigates an approach for classifying birdsongs using CWT coefficient-based CNNs
(CWT-CNN). Instead of using spectrogram or scalogram images, the CWT coefficients are used directly as
input, allowing them to be analysed and amended. Thresholding the CWT coefficients can reduce noise
and computational requirements while retaining helpful information [17] making it ideal for analysing
non-stationary noisy birdsong signals.

The next chapter reviews the use of CNN architectures and the CWT in related works.
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Chapter 3

Related Work

This section will review the use of CNN architectures in the published literature, exploring examples of
related works in-depth and supporting studies to influence the model and feature extraction decision-
making explored in Chapter 3.

The use of artificial neural networks for bioacoustic species detection and classification dates back
over two decades. In the early 2000s, neural network classifiers were used to differentiate sounds from
grasshoppers [14] and bat species [54]. By 2014, the shift to deep learning led to significant performance
improvements, as demonstrated by the BirdClef competition cMAP scores discussed in Section 1.2. Turker
et al. [82] used a new handcrafted features-based machine learning model using the wavelet transform to
classify bird sounds with 96.67% accuracy on an 18-class dataset. Toth and Czeba [81] used a CNN to
classify bird species based on spectrograms, achieving a MAP score of 40% for the main species.

Wavelets have been successful in various fields, such as medical imaging [24], time-series analysis
[63], biomedical engineering, and finance. The literature highlights many advantages of transitioning
from Fourier to wavelet bases, such as superior compression over JPEG [84]. In biomedical engineering,
wavelets enable more precise ECG analysis for detecting heart abnormalities [40], while in finance, they
are used for stock prediction, showcasing suitability for non-stationary volatile time series [90].

Prior work has demonstrated successful wavelet-based analysis for mosquito detection [34] using higher
quality but minimal duration audio data. This project investigates whether similar techniques could
be applied to longer-duration, lower-quality crowd-sourced recordings. Kiskin et al. [34] used wavelet
spectrograms as inputs for CNNs to detect mosquitoes. The authors use a CNN architecture that classifies
raw audio data wavelet representations, treating the task as an image classification problem and using the
wavelet scalogram as input. The authors found that their CWT-CNN outperforms traditional classifiers
with F1 scores above 0.925. This presents an opportunity to explore if similar success can be achieved
on the BirdClef 2023 dataset.

Due to limited data, the authors chose a simple CNN architecture with a single convolution layer,
and while promising, this technique warrants further exploration to exploit its potential advantages fully.
More complex networks could enhance performance by extracting intricate features and improving the
model’s generalisation across different bird songs. With more layers, CNNs can learn and abstract various
representations from the wavelet coefficients, which are effective in large-scale video classification [32].

The authors justify their choice of the CWT over the more commonly used STFT, citing superior
time-frequency resolution and selecting the ‘bump’ wavelet family for its popularity in time-frequency
analysis. However, they do not analyse raw data characteristics to match wavelet properties, which has
no transparent methodology as suggested in [68].

For comparison, the authors benchmark several conventional classifiers, including random forests,
with explicit features designed to encode the raw data. They extract ten standard acoustic features
from the raw data, such as spectrogram slices and various entropy measures [25]. However, relying on
hand-selected features may limit the model’s adaptability to new datasets or tasks.

Given the study’s use of controlled, short-duration samples, it is uncertain whether mosquito sound
analysis methods can accurately analyse bird vocalisation data from Kaggle. This research proposal is
more challenging than the research where the authors required low sampling rates (8kHz) for their audio
data, which was also restricted to a frequency range of 150-750Hz.

Selin et al. [68] classify eight bird songs using features derived from wavelet analysis and neural
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networks. The authors conducted a study on bird species recognition, using 3132 sounds for training and
testing purposes. The results showed 78% accuracy for select sounds like mallard and greylag goose. The
authors justify using the wavelet transform, citing its ability to provide frequency and temporal resolution
while analysing transients and spikes. After initial model testing, the Debauchies wavelet produced
optimal decomposition. However, they note that reliable algorithms do not yet exist for automatically
selecting suitable wavelets and decomposition levels.

To extract shift-invariant features, the authors reduce the wavelet coefficients to four normalised
parameters: maximum energy, position, spread, and width. This feature vector is used for classification
training. They note that while beneficial for learning and generalisation, neural networks have limitations
like fixed output classes requiring retraining with the addition of new species. The authors emphasise the
importance of segmentation and noise reduction in obtaining high-quality, comparable samples, manually
checking all sounds after post-processing, and discarding sounds recorded in noisy environments or with
inseparable groups of birds. They also limited their selections to one type of call per species, reducing
variance in the training data.

Other recent work highlights the continued reliance on manual processing and hand-picking of bird
audio data. One study acknowledges the challenge of working with noisy samples, stating they cannot
process low SNR signals soiled by weather conditions [13].

Zhang et al. [87] propose combining CNNs trained on various spectrogram representations to enhance
bird species identification, arguing that spectrograms provide superior time-frequency resolution for ex-
tracting features from the audio. Their models are evaluated on the BirdCLEF2019 dataset of 350 hours
of recordings covering 659 species, achieving a 0.135 cMAP score, slightly below the top score of 0.140-
0.160. The authors propose using deep CNNs to learn complex features and suggest careful parameter
tuning with sufficient samples of all bird species for best performance. They also caution that downloaded
data may hinder model performance, and thorough data selection is needed to avoid overfitting.

A study on denoising earthquake seismogram signals using the CWT is discussed in [46]. The time-
domain seismogram is transformed into a CWT scalogram, allowing for analysis in both the time and
frequency domains. The Morlet wavelet is chosen for its Fourier-like properties, which help to reduce the
effect of seismogram interruptions. ‘Soft thresholding’, a technique that sets small CWT coefficients to
zero to remove noise, is applied to the scalogram, suggesting a potential application to audio captured in
noisy natural environments.

These studies show that deep learning approaches are effective for bird species identification. However,
there is heavy reliance on manual sample selection and preprocessing like denoising and segmentation.
Opportunities remain to investigate whether such labour-intensive cleansing is essential for success on
uncontrolled public datasets.

Although the CWT-CNN detection for mosquitoes shows promise, it must be validated using real-
world bird data. Short, controlled audio samples differ from extensive, noisy, crowd-sourced collections
and extending this research to uncontrolled conditions would better demonstrate effectiveness.

Overall, the literature establishes deep learning networks and wavelet transforms as promising tech-
niques for bird species classification. However, some authors acknowledge that accuracy still falls short of
human experts [68]. Opportunities remain to study the performance of wavelet transforms and validate
performance with public datasets. Without expert feature engineering, CNNs can extract important
hierarchical features from raw audio data, and this study aims to train classifiers using CWT techniques
instead of relying on feature crafting. A traditional classifier will be prepared using the feature-based
methods discussed above to provide a performance benchmark.

The following chapter covers how bird species are classified from raw audio data, including data
selection, audio preprocessing and model training. The model architecture and design, as well as training
methods, are also discussed.
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Methods

This Chapter outlines the approach to classifying bird species from raw audio data. It discusses the
steps taken from data selection to model training. The ”Data Analysis” section examines the dataset
statistics and sampling considerations. ”Audio Preprocessing” describes techniques like noise reduction
and segmentation applied to refine the raw audio data, underscoring the significance and complexity of
preprocessing for audio classification. ”Wavelet Transform Coefficients” describes using the CWT for
time-frequency feature extraction and postprocessing noise removal. ”Model Architecture” outlines the
CNN model and a traditional classifier that contrasts performance. Finally, ”Model Training” describes
the model optimisation process, the use of GPU acceleration, and techniques employed to minimise the
effects of overfitting.

4.1 Methodology

This research presents a CWT-CNN for classifying bird species using noisy audio recordings. The model
of the whole recognition process is displayed in Figure 4.1.

Figure 4.1: Modelling Process Flowchart

Order of preprocessing is crucial. The audio samples underwent several preprocessing steps such as
removal of complete silence intervals, noise reduction using a non-stationary filter [51], removal of ’non-
speech’ periods using a voice activity detection (VAD) algorithm [26], and segmentation of soundtracks
into equally-sized chunks to effectively train the CNN. The effects of the preprocessing pipeline were
manually tested using visualisations and some listening, purely to establish a working process. It should
be noted that no recordings were selected on perceived quality, and the species were chosen solely based
on the maximum number of recordings with a suitable duration, ensuring no selection bias creeps in.

Two models are trained, with one discussed in detail. The CWT-CNN is the primary objective of
this research to test the application of CWT on longer duration, random bird sounds and establish a
working preprocessing pipeline without hand-selecting training samples. The traditional classifier has
been developed using published methods [68, 87, 72] demonstrating the effectiveness of the more common
STFT approach and manual feature extraction.

A ‘bottom-up’ management technique has been employed throughout the pipeline and model devel-
opment process. The bottom-up approach concentrates on building up smaller, manageable tasks that
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all contribute to one big goal [79]. In this research, this one big goal is to achieve classification results of
over 50% whilst also developing an entire process pipeline.

An advantage of the bottom-up approach is the flexibility if changes or issues arise, meaning it works
well if constructed iteratively. The audio preprocessing channels and models have been built up from
essential elements, which are added to following successful testing and feedback. This iterative process is
signified by the version control in the preprocessor and additional trials in the model training, testing and
development cycle. The AudioPreproccesor version control log demonstrates the iterative development
and is shown in Appendix B. Features are added incrementally, tested for effectiveness on small samples,
and progressed on feedback from best-looking results. Table 5.1 in Chapter 5 lists the main iterative
steps in the CNN model build and testing.

4.2 Data Analysis

This section outlines the dataset for bird species recognition and the sampling strategy employed. Only
recordings from the 2023 Kaggle training dataset with a single primary species label were considered to
focus on identifying individual species. Recordings containing secondary labels were excluded to analyse
the impact of preprocessing and wavelet feature extraction without confounding factors (14636 recordings
total). Other metadata fields, such as location coordinates and call type, were excluded from the analysis.
The 333 unique call-type entries lacked information on classification methodology, so they were removed
to align with the research aims of unbiased data processing. Of the total 3781 files, 471 had no labelled
call type.

Figure 4.2: Audio Length Distribution Chart

Examining the distribution of audio lengths showed that 95% of recordings were between 3 and 150
seconds long (13850 files). Nine species were selected from this subset with maximum total audio lengths
aiming to generate the most equal-length segments after preprocessing, thereby limiting imbalance effects
on classifier performance. The sample size aligns with precedents using 8-10 species [34, 68].

Table 4.1 summarises the recordings per species, total length, and length statistics. Appendix A
displays images of each of the nine species. Appendix A displays images of each of the nine species.

Using a balanced dataset, this research aims to match published results by randomly sampling the
provided training data without relying on data augmentation or external additional datasets. Due to
processing times being unknown at first, training and testing started with smaller sample numbers and
increased with each development iteration. At all stages, the number of audio segments for each species
was kept constant to eliminate the effects of imbalance.

4.3 Audio Preprocessing

This research aims to develop a robust pipeline for preprocessing bird song audio files to enable the
training of machine learning classifiers and enhance the audio data quality without manual inspection.
The importance of preprocessing phases like noise removal, signal decomposition, smoothing, and filtering
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Table 4.1: Nine Species for Classification

Class Common Name Files Total (s) Mean (s) Std (s) Min (s) Max (s)

0 Barn Swallow 476 15579 33 29 5 145
1 Common Buzzard 441 17050 39 33 4 150
2 Common House-Martin 379 12565 33 31 3 149
3 Common Sandpiper 484 11854 24 24 5 146
4 Eurasian Hoopoe 366 14030 38 30 4 150
5 European Bee-eater 374 11975 32 28 3 149
6 Thrush Nightingale 356 21619 61 35 5 148
7 Western Yellow Wagtail 472 14553 31 28 5 142
8 Willow Warbler 433 19657 45 33 5 148

is highlighted in recent studies [83], emphasising the impact of noise and irrelevant data, specifically when
training a CNN.

The pipeline involves implementing a series of audio preprocessing techniques using Python and li-
braries such as librosa, scipy, and noisereduce, including steps for downsampling, reducing noise, applying
a bandpass filter, removing silence, and segmenting. The success of each preprocessing step is evaluated
through a series of experiments and confirmed via random manual sampling – using waveform, spectro-
grams and listening to the audio for impact – to assess whether the steps are working correctly. Resource
limitations have restricted the tuning of these steps.

Due to the project limitations, not all audio can be inspected, as often does in the published studies.
However, there may be scope to attribute the success of the preprocessing to the accuracy of classification.
Ultimately, the impact of the pipeline will be evaluated via classification results.

The order of operations is designed to incrementally refine the audio by removing irrelevant data,
retaining the valuable frequency band, increasing call density, segmenting, and downsampling.

Silence detection first minimises the impact on the moving noise average calculation, and then the
noisereduce function [65] is applied to remove ambient noise in the recordings. Next, the remove silence
function with VAD technology separates ‘speech’ (bird song) and ‘non-speech’ (background noise), aiming
to improve the density of bird calls in each segment by removing ‘non-speech’. A bandpass filter retains
only the target bird frequency range, informed by analysis of typical bird vocalisation frequencies. The
audio is then segmented into fixed 5-second chunks and downsampled to reduce the number of CWT
coefficients for efficiently training the CNN.

4.3.1 silence detection

This first preprocessing step removes silent segments from the audio waveform using the bespoke de-
tect silences waveform function. Initial visual manual inspection revealed blank parts in the raw record-
ings. Removing these upfront reduces the amount of data processed and allows more accurate noise
reduction by avoiding misleading noise floor estimates.

The audio is divided into 0.25-second frames, and each frame’s root-mean-square (RMS) energy is
calculated. RMS energy measures the audio signal’s average power; a high RMS energy may indicate a
loud and powerful birdsong [78]. In contrast, low RMS may mean a quieter song or one more subdued by
noise. A period of silence, therefore, will have rms energy close to or at zero. Frames with energy below
a certain threshold are considered silent, and consecutive silent frames are combined into quiet periods,
which are removed. The energy threshold is set to 0.01 to remove only completely silent segments.

Silence detection is performed first to avoid misleading subsequent noise reduction algorithms, which
assume that low-energy areas contain ‘non-speech’ or, in this instance, the background sounds recorded
between bird calls. After noise reduction, a bandpass filter retains only the target bird vocalisation
frequency range, reducing data requirements.

4.3.2 noise reduction

The noisereduce library [51] offers stationary and non-stationary noise reduction. Stationary mode re-
quires a sample noise clip to calculate a spectrogram threshold for gating frequencies. Non-stationary
reduction allows the threshold to vary over time, more suitable for brief bird calls [18] amidst background
noise.
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The reduce noise function applies non-stationary reduction using the sample rate, noise reduction
proportion, and a 0.5s time constant for bird calls [18]. The prop decrease controls attenuation percentage;
a value of 1.0 gives 100%. Higher values risk distorting samples [19]. A prop decrease of 1.0 was chosen
to reduce noise while minimising distortion.

4.3.3 remove silence

The silence removal function from audioSegmentation.py [26] extracts individual audio events from a
recording by removing silent areas. It uses a semi-supervised approach with a classification model trained
on high and low energy frames and applies dynamic thresholding to detect active segments. Consecutive
silent low-RMS energy [78] frames are removed to isolate bird calls and increase call density in each
segment. This clarifies the bird song from background noise, allowing more distinct features to be
extracted from smaller windows where the aim is to condense the vocal signals and remove irrelevant
noise between calls. The effects of these preprocessing steps are further demonstrated in Chapter 5.

Data: Audio Files
Result: Preprocessed Audio Files
for each audio file do

Load audio file
if silence detection then

Detect and remove silent periods
else

end
if noise reduction then

Apply non-stationary reduce noise
else

end
if remove silence then

Using VAD to separate ’speech’
else

end
if band pass filter then

Apply bandpass filter
else

end
Save audio - downsample and segment

end
Algorithm 4.1: Audiopreprocessor Pipeline (AP)

4.3.4 band pass filter

Band-pass filters allow specific frequency components to pass while blocking others [75]. Urban noise
contains lower frequencies with a 231 Hz peak in one study [6], while bird songs vary from 1300Hz to
7800Hz across studies [70, 18].

Following the bottom-up development approach, a 250Hz high-pass filter was applied to reduce low-
frequency noise and retain bird vocalisations [18]. Limited time and resources led to the use of published
frequency ranges. A detailed analysis of the training data could improve filter selection. Band-pass
filtering isolates bird calls by removing non-vocalisation frequencies. The filter cutoff was refined based
on literature ranges, but data-driven optimisation could be explored.

4.3.5 save audio

The BirdCLEF competition users employ five to ten-second segments for classifier training and the
competition rules stipulate five-second windows for evaluation [3, 52]. This research uses five-second
chunks at 12kHz downsampling, giving 60000 coefficients per sample, to match the standard approaches
and competition constraints. This significantly increased the data and audio processing requirements
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compared with similar CWT-CNN studies focusing on brief events like mosquito wingbeats, with audio
typically under 200ms long and sampled at 8kHz [34].

The fixed five-second length ensures consistent model input, with padding for short samples. CNN
training requires equal-sized arrays [86]. Audio outside 5s is trimmed, and padding is applied to shorter
audio to conform all samples.

4.4 Wavelet Transform Coefficients

The CWT extracts time-frequency features from the audio signals, representing a signal in both time and
frequency. This makes it well-suited for non-stationary signals like bird vocalisations, where frequency
content varies over time [42]. Choosing appropriate wavelet scales is key for capturing distinguishing
frequency patterns.

4.4.1 Wavelet Family and Scale

The Morlet wavelet is selected for its Fourier-like properties that enable frequency spectra analysis. Mo-
hammed et al. [46] show the Morlet’s effectiveness on seismic data, using soft thresholding of CWT
coefficients to denoise signals and has been adopted for use on the bird audio collected in noisy environ-
ments. The Morlet wavelet’s sinusoidal shape provides frequency resolution while maintaining localisation
in time.

The PyWavelets’ pywt.cwt function[80] computes the CWT using the signal, wavelet scales, and
wavelet type. Downsampled audio is analysed at 64 linear-spaced scales from 200Hz to 6000Hz, estimated
to cover vocalisation frequencies up to the Nyquist Frequency.

CWT coefficients are normalised by dividing by the maximum absolute value, an essential preprocess-
ing step for the CNN [86], and avoids significant variances that could complicate learning. The resulting
coefficients capture multi-resolution time-frequency patterns for classification training.

4.4.2 Denoising Wavelets

Background noises like wind or rain have varied frequency content depending on characteristics, for
example, wind noise can contain low and high frequencies from gusts and raindrops. The preprocessing
pipeline applied cautious noise reduction but could not eliminate all noise from every sample. Wavelet
thresholding is another potential method for post-processing denoising.

Thresholding sets small wavelet coefficients, deemed as noise, to zero while retaining more significant,
signal-related coefficients [17]. This assumes the bird vocalisation has the most important values where
the wavelet matches its time-frequency patterns. Setting coefficients below a threshold to zero may
remove most noise components.

However, thresholding risks also removing the actual signal if noise shares similar frequencies. Ap-
pendix C shows a raw goose call scalogram compared to thresholding at 5% of the maximum coefficient.
This drastically reduces coefficients but retains the main vocalisation features. More adaptive threshold-
ing methods may better isolate signals from noisy backgrounds [89].

4.5 Model Architecture

This section discussed the structure of the CNN used for bird species classification, outlining the specific
layers and their roles in feature extraction and pattern recognition and the bespoke data generator
function which ensures the model receives features efficiently for training.

4.5.1 CNN Overview

CNNs originate from biological processes observed in the human visual cortex, where neurons respond to
restricted visible regions, being mimicked by convolutional layers. CNNs learn spatial features hierarchi-
cally, progressing from simple edges to complete shapes and objects, just like the brain’s visual processing
hierarchy [86].

Lower convolutional layers may detect edges, mid-layers combine these into shapes, and higher layers
identify complex structures by compiling prior knowledge. Convolutional layers consist of filters (kernels)
that scroll input data to learn features and share weights, reducing parameters for efficient learning [37].
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Pooling layers downsample the feature maps, filtering less critical details like the brain does [86]. Fully
connected layers at the end perform classification based on extracted features.

It is worth noting that CNNs are highly effective for tasks involving images, provided that they have
access to extensive labelled datasets and sufficient computational resources. To avoid overfitting, which
is often observed in deeper networks, regularisation techniques such as dropout are commonly employed
[73].

4.5.2 Model configurations

The final CNN model comprised two convolutional and one dense layer and was developed in TensorFlow
using a data generator for efficient batch processing. The tensor input shape was calculated from the
CWT coefficient array produced by the data generator. Increasing the number of wavlet scales increased
the size of this array accordingly. Dropout was applied for regularisation. Flattened features feed into
dense layers, with a ReLU-activated 128-node layer and 9-node softmax output for the final classification
of the nine species.

A complete list of CNN model parameters and variables is shown in Appendix D for future reproduc-
tion.

4.5.3 Data generator function

A Python generator function supplies training batches (BA) to the model on the fly for memory efficiency,
looping through the data at each epoch (EP), yielding CWT coefficients and labels. The generator reads
in audio files, computes CWTs using the configured wavelet and scales, and assembles fixed-size batches.
On-demand batch generation reduces memory requirements compared to loading the entire dataset.
Normalisation and thresholding are applied to the CWT coefficients for robust learning. The generator
output shape matches the model input shape for seamless training.

4.6 Model Training

Training a neural network involves finding the kernels and weights that minimise the difference between
predictions and ground truth labels. This is done using the backpropagation algorithm and an opti-
misation algorithm like gradient descent. Learnable parameters are updated based on the loss value
[86].

The CNN model was trained on CWT coefficients from the audio recordings. Optimisation used
Adam with a cosine annealing learning rate schedule for 20 epochs (EP). Sparse categorical cross-entropy
loss was minimised, using GPU resources for efficient batch processing. The model was evaluated at each
epoch on the validation set to track accuracy and loss—this guided architecture refinements like altering
dropout probability rates.

4.6.1 Dropout

Dropout is a computationally cheap and effective way to improve generalisation error in deep neural
networks by randomly dropping out nodes during training. This encourages each node to learn robust
features useful across architectures, improving generalisation and reducing overfitting and works more
effectively when there is a limited amount of training data [9].

The CNN applies dropout after the convolutional and dense layers; it is not used on the output layer.
The default interpretation of the dropout hyperparameter is the probability of training a given node in a
layer, where 1.0 means no dropout, and 0.0 means no outputs from the layer. Higher dropout rates can
lead to node independence, but excessive dropout can cause underfitting [73]. To prevent this, iterative
tuning guided by validation is necessary due to the limited training data. A higher dropout rate of 0.4
was tested during the development cycle.

4.6.2 Challenges and insights from the training process

To prevent the COLAB session from crashing, smaller batches were needed due to limited memory. Errors
caused by inconsistent input sizes from various audio lengths were resolved through padding and trimming
in the preprocessing pipeline — local COLAB storage optimised file transfer over the internet to minimise
transfer times and free up storage space. However, when memory was freed after execution, the training

22



4.7. TRADITIONAL CLASSIFER

history was initially accidentally lost. Overall, hyperparameter tuning was constrained by long training
times, but the iterative process still produced a robust CNN architecture for bird call classification.

4.7 Traditional Classifer

An XGBoost (XGB) gradient boosting model was trained using standard feature extraction methods
for comparison. XGB is a popular gradient-boosting algorithm known for efficiency, scalability, and
performance on complex data [33]. Gradient boosting combines weak models, like decision trees, into a
robust ensemble by iteratively correcting errors [67].

Features included wavelet decomposition, STFT, and MFCCs as defined in [68, 87].
The XGB hyperparameters were optimised via grid search for regularisation. The iterative develop-

ment process balanced model complexity and overfitting, as shown in Chapter 4, Table E.1. Comparing
the CNN to a mainstream classifier like XGB provides a benchmark for the CWT approach. Appendix
E shows a complete list of the XGB model parameters.

4.7.1 Metrics

Several metrics evaluated the multi-class bird species classifiers:

• Accuracy: Proportion of correctly classified samples.

• Precision: Ratio of true to predicted positives, important when false positives are costly.

• Recall: Ratio of true positives to actual positives is crucial when false negatives are detrimental.

• F1 Score: Harmonic mean of precision and recall.

The F1 Score is a robust measure of performance that balances precision and recall to provide a single
metric for each class and when weighted across all classes [56, 1].

4.7.2 Computational Resource

The CNN model was trained in the Google Colab environment [28], utilising a Python 3 runtime on
a Google Compute Engine equipped with a Tensor Processing Unit (TPU). The system had 35 GB of
RAM and a disk capacity of 225 GB. The dataset was partitioned into a 70/15/15% split for training,
validation, and testing purposes.

The XGBoost model was trained on a laptop machine running Windows 10 with a 64-bit architecture,
Intel64 CPU, with a total of 15 GB RAM. The dataset was partitioned into an 80/20 split for training
and testing. Additionally, 20% of the training data was set aside for validating the gradient-boosting
model.

The next chapter presents the classification results and demonstrates the impact of the preprocessing
pipeline steps.
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Chapter 5

Results

This chapter presents the key findings and results of two model development processes. The classification
results are reported for both the CNN and Gradient Boost (XGB) models, showing the impact of different
architecture and parameter choices. The iterative development process is outlined to provide details of
the experiments conducted. The data preprocessing steps of noise removal and VAD segmentation are
presented visually, highlighting their importance in preparing the raw audio for analysis.

5.1 Development Cycle

Model development proceeded in an iterative fashion, using feedback from each trial to guide parameter
adjustment and model refinement. Table 5.1 summarises the CNN experiments, showing the progression
in accuracy as architectural (C = Convolution Layers, D = Dense Layers), sample size (n), wavelet type
(WAVE) and scale (S) changes were made.

Similarly, the key milestones in the XGB pipeline are outlined in Appendix E, highlighting the boosts
obtained from increasing sample size, adding transform extracted features and refining STFT window
parameters. This process required careful interpretation of the features defined in the studies outlined in
Chapter 3.

Table 5.1: CWT-CNN Iterative Development Cycle

TL AP n WAVE S TH C D DP BA EP TRA VAL V F1 TST T F1 t (s)

2b v5 800 morl 14 - 2 2 0.25 16 3 0.49 0.46 - - - 4049
2b v6 800 morl 24 - 1 1 0.25 2 2 0.45 0.40 0.30 - - 3261
2b v7 800 morl 24 - 3 2 0.25 8 5 0.60 0.40 0.35 0.38 0.30 5617
3 v8 540 morl 24 - 3 2 0.25 8 2 0.43 0.46 0.25 0.47 0.25 1670
4 v8 1000 cmor1-1 32 - 3 2 0.40 10 6 0.71 0.58 0.48 - - 14121
5 v9 1000 cmor1-1 32 - 3 2 0.35 10 4 0.52 0.45 0.30 0.43 0.29 23009
6 v9 1000 Gaus2 32 0.05 3 2 0.35 10 3 0.57 0.58 0.47 0.57 0.46 20556
7 v9 1000 morl 64 0.05 3 2 0.40 15 6 0.77 0.58 0.55 - - 40355
8 v9 1000 morl 64 0.05 2 1 0.45 10 3 0.74 0.57 0.51 0.57 0.52 38302

5.2 CNN Classification Results

The CNN model achieved reasonable F1 scores of 57% on the unseen test data, indicating that the CNN
was able to learn distinct features and patterns in the CWT coefficients. These results validate the CNN
as a promising new approach for bird call classification.

Figure 5.1 shows the final results on the test set for the best-performing CNN architecture. Com-
bining convolutional and dense layers and regularisation through dropout produced improvements in
classification.
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Figure 5.1: CWT-CNN Final Trial Results

5.2.1 Overfitting and Dropout

Figure 5.2 highlights the problem of overfitting encountered during the training of the CNN and the
effectiveness of dropout in regularising the network. The left-hand plot (relating to trial 2) shows the
validation loss increasing immediately after one epoch. Following the addition of dropout by Trial 6,
the loss decreases in line with the training loss before finally showing signs of overfitting after the third
epoch, as shown in the right-hand plot.

Figure 5.2: Effects of Dropout on CNN Training

5.3 XGB Classification Results

The final tuned XGB classifier displayed strong results, as shown in Figure 5.3, by combining several
numerical and transform-based features such as wavelet decomposition (for multi-resolution) and MFCC
for a compact audio representation. This combination of multiple approaches proved successful. Us-
ing multiple transforms and methods helped strengthen the feature space and provide a solid basis for
classification.

5.4 Noise removal and Segmentation

Preprocessing the audio signal with noise removal and VAD segmentation was critical for achieving high
accuracy. Figure 5.4 shows a screenshot of the Audacity software [77] illustrating the impact of these
steps in clarifying and isolating the most relevant parts of the bird call.

Noise reduction is first applied to remove background noise, clarify bird song and help differentiate
song from background silence. Then, the VAD segmentation was used to isolate the sections containing
bird calls, removing stretches of background noise before and after. Performing noise removal first was
essential to allow the VAD function to work more accurately.

The top track displays the raw audio signal for sample XC19922.ogg before being processed in the
Audio Preprocessor pipeline developed in this study. The bottom track shows the resultant file, two equal
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Figure 5.3: XGB Final Trial Results

five-second segments. Comparing the plots shows a considerable amount of noise reduction, as told by
the peaks of the waveform and the lower peaks in the processed tracks. The red boxes have been added
to highlight the approximate five-second windows segmented for training.

Figure 5.4: Audacity Example [77]

Reducing noise helped the models discriminate the dominant and most crucial bird call features. The
segmentation helped ensure empty audio outside the calls did not deteriorate learning and improved
efficiency as important audio sections were concentrated.

The next chapter, Discussion, interprets these results, acknowledges limitations, and suggests future
work.

27



CHAPTER 5. RESULTS

28



Chapter 6

Discussion

This chapter critically discusses the classification results from Chapter 5, relating them to the relevant
literature in Chapter 3 and the methods outlined in Chapter 4. The analysis also connects the findings
to the original research aims, objections, and questions stated in Chapter 1.

6.1 Research Objectives and Methodology

The primary objective of this research was validating and extending the CWT-CNN approach of Kiskin
et al. [34] for mosquito detection to bird species classification, replacing the high-quality, controlled
Mosquito recordings with the noisy, crowd-sourced Kaggle data. Their recommendations guided the
experimental design, notably the CWT feature extraction and few-layer CNN architecture.

Another aim was to compare the CWT-CNN to a traditional classifier using manually-crafted features.
Shift-invariant wavelet features recommended by Selin et al. [68] were combined with transforms popular
in the BirdClef competition [3, 72, 4] to train a gradient boosting algorithm, a famous top performer in
prior contests as noted by the Kaggle community [33].

Contrary to expectations, the gradient-boosting classifier outperformed the CWT-CNN on this dataset.

6.2 Comparative Analysis

6.2.1 Deep Learning vs Traditional Classifiers

As discussed in the literature review, deep learning has shown incredible success in bioacoustic classifica-
tion [82, 81]. However, most studies manually inspect data, providing models with clean samples. They
also restrict variability, only using one call type per species [68], giving them significant control over the
quality of the raw training material and a clear advantage over this work.

Manually screening the 16.9k samples here (over 670k seconds or 180 hours) was infeasible, given this
projects intentional aims to avoid biases from selective data curation intentionally.

The gradient-boosting classifier (XGB) achieved a 65% F1 score, outshining the CWT-CNN’s 53%
performance on unseen test data. While below expectations, the CWT-CNN exceeded the 50% project
benchmark and improved with more data, demonstrating effectiveness for classification. Apparent over-
fitting aligned with the literature that deep learning requires ample training data [88], albeit these effects
were reduced with the dropout countermeasures.

Overall, the XGB’s superior F1 score and in-species classification results demonstrate the importance
of traditional classifiers, mainly when working with noisy public datasets, challenging the popular notion
that deep learning is always the optimal choice.

6.2.2 Relation to Previous Work

While the success of the XGB model aligned with competition expectations and prior history [33], the
performance of the CWT-CNN did not reach the same heights as the deep learning studies of chapter 3.
This sub-optimal performance may be attributed to the challenges posed by the dataset, being far noisier
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and of lower quality due to its collection in the wild via a range of devices. This work confirms and
contradicts the published results, demonstrating the difficulty of applying machine learning techniques
to real-world audio signals and highlighting the potential.

Increasing to three convolutional and two dense layers boosted accuracy, aligning with Zhang et
al.’s [87], whose highly successful single feature identification model included eight convolutional layers.
However, after adding noise removal and voice activity detection (VAD) segmentation preprocessing,
reducing layers to mitigate overfitting and improve training time, showed simpler networks can match
complex ones post-processing.

Increasing wavelet scales boosted accuracy by generating more training coefficients and capturing
higher signal resolution. However, redundancy emerges with extra near-zero coefficients, potentially in-
creasing training time without benefit. Simple thresholding did not improve efficiency, though overfitting
reduced, suggesting it may enhance sample quality by decreasing variability. While redundant coefficients
can aid information recovery [17], this highlights the delicate balance in threshold tuning.

6.3 Performance Metrics and Results

6.3.1 Classifier and Feature Performance

The gradient boosting classifier achieved promising 81% F1 scores, indicating practical training on un-
curated data is feasible. However, varying per-species performance from 28-74% F1 may reflect extreme
sample noise and quality differences in the training data. The performance of CWT-CNN surpassed the
50% benchmark and demonstrated potential for enhancement with additional data, particularly if the
training data was extended.

Experiments assessed additional preprocessing steps and methods to mitigate overfitting through an
iterative model optimisation process within the strict time and resource project constraints.

The iterative CNN development provided insights into practical techniques and areas needing re-
finement. Results supported wavelets like Morlet and Gaussian, though the performance difference was
insufficient to suggest a preference for either. Performance varied with architecture and parameters,
presenting optimisation opportunities.

6.3.2 Overfitting and Regularization

Overfitting presented a particular challenge in this research, given the objective of limiting data to the
2023 BirdClef data only. Overfitting means that the model performs well on the training data but fails
to generalise to unseen data, undermining the purpose of the model. In this work, the problem is even
more severe given the variability and ambient noise in the wildlife recordings, aiding the model to learn
noise patterns rather than bird call patterns.

Limited data inhibited overfitting, the severe impact of which was limited via the application of
dropout, with scores increasing at 0.35 dropout probability. However, diminishing returns emerged at
0.40, with more extended training and negligible improvement. This suggests the regularisation techniques
have restricted capacity with small datasets, needing tuning for optimal impact. Future work could
explore alternative regularisation techniques, such as L1 or L2 regularisation, or even ensemble methods
to improve the model’s robustness.

In summary, the optimised CNN beat the baseline 50% F1 metric, showing valuable features can be
learned from wavelets without complex feature engineering.

6.4 Data Quality

6.4.1 Impact of Data Quality

Throughout the CNN experiments, training accuracy remained higher than test accuracy, implying poor
generalisation due to the small dataset. The effects of an imbalanced dataset were eliminated by setting
the sample numbers equal from the outset of every iteration. However, this approach did not consider
the quality of the recordings for each species or provide enough training data for the models. While
data augmentation could potentially improve the situation, it goes against the project’s goals. Instead,
refining pre-processing techniques and scaling resources may still be a better way to address this issue.

Further analysis using VAD-based SNR calculations could confirm species sample quality variations.
Given effective preprocessing, manual screening may be unnecessary, highlighting the need for objective
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crowd-sourced audio ratings to reject poor samples. With a robust pipeline, results suggest labour-
intensive curation could potentially be avoided.

The quality of the crowd-sourced data directly affected the classifier’s performance. Bird call audio
noise, and sparsity posed significant challenges but provided a realistic testbed for model accuracy. The
impact of high-quality raw data cannot be overstated. It presents not only a challenge to projects but
also a potential opportunity for future research aimed at enhancing quality with minimal resource.

6.4.2 Preprocessing Techniques

Manual inspection may offer the advantage of human expertise, but it will come at considerable cost
and subjectivity, especially when dealing with large datasets. This subjectivity introduces potential bias,
potentially skewing results and undermining the project’s aims to avoid such measures.

The noise reduction and VAD were shown to be effective via manual inspection. The noise reduce
algorithm and its associating parameters, such as the time constant and proportional decrease, proved
effective in manual checks - however, the impact on many samples remains unknown. Relying on 5-
second segmentation risks misrepresenting bird calls. The CWT’s time-frequency resolution offsets this
inaccuracy, but more sophisticated statistical segmentation methods may improve resolution.

The overall pipeline impact could not be quantified without an objective audio quality metric like
SNR. In combination with a tested noise model, SNR could streamline the preprocessing pipeline, allowing
for automated, unbiased selection or rejection of audio based on quality.

Overall, despite its variable and uncontrolled nature, results indicate that crowd-sourced data can
be a valuable resource for species identification. They also suggest that traditional classifiers should not
be overlooked, especially given their proven competitive successes under constraint. With training times
typically of over four hours per experiment in the later stages of development, compared with twelve
hours for the CNN models, these traditional classifiers trained on CPU provide positive encouragement
that more subtle expert features may still prove successful over their deep learning counterparts.

6.5 Limitations

The results in Chapter 5 demonstrate the study successfully addressed the primary aims and research
questions, showing that crowd-sourced data can enable meaningful scientific analysis. However, several
limitations could have impacted the full potential of the methods used.

Computational constraints due to limited time and funding restricted the options to cost-effective
solutions rather than an entire market exploration. Consequently, the study focused on nine species
using only a subset of the available data, restricting the scope and general findings.

The quality of the raw audio, marked by high background noise and variability in recording methods,
posed challenges for the classifiers. Furthermore, time constraints limited the fine-tuning of preprocessing
and transform parameters. The absence of an accurate noise model and objective SNR-type metric
further complicated these issues. Training accuracy consistently exceeded testing, indicating dataset size
modelling constraints. Balancing classes addressed the imbalance but not the quality or quantity of the
raw audio. Though honest in its pursuit, the research goal of unaugmented training potentially restricted
the machine learning models from performing better.

The extended CNN training times and computational demands, significantly when increasing sample
sizes and wavelet scales, caused exponential CWT computation growth compared to the mosquito study.
Alternative resources, like cloud computing, may have better suited the feature pipeline.

These limitations by no means diminish the value of the research but rather serve as prompts for
further investigation and act as essential caveats for the results.

6.6 Future Work

This research has provided valuable insights into applying CWT-CNN models to classify bird songs.
Whilst results are promising, several areas of potential improvement and further analysis have been
identified. This section outlines these areas and provides recommendations for future research.

6.6.1 Model Enhancements
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• CWT Images: Instead of relying on coefficients, future studies could explore CWT images, possibly
combining with pre-trained models like ResNet and ImageNet, which have demonstrated superior
performance [3]

• Ensemble CNN Models: This study trained a single-channel CNN model. Constructing ensemble
CNN models using images from scalograms, spectrograms, and other transforms could mitigate the
weakness of an individual method and enhance classification accuracy.

• CWT Thresholding: Exploring more sophisticated thresholding methods, such as the SureShrink
and BayesShrink (assuming prior distributions for the signal and noise) and Adaptive Thresholding
(where different threshold values are used for different subbands of the wavelet transform) [89].

• Exploration of CNN Architectures: The study employed a relatively simple CNN architecture.
Diversifying CNN architectures with more layers and elements like transformers or attention mech-
anisms could be explored. Conducting a systematic GridSearch for optimal parameters could also
improve the model.

6.6.2 Preprocessing Enhancements

The study used basic noise reduction and VAD techniques, which, whilst effective to some degree, leave
room for more sophisticated approaches that could substantially improve performance and maintain the
project ethos of never manually selecting data.

• Bird Frequency Analysis: A detailed analysis of frequency ranges and statistical tests can provide a
more precise understanding of bird song characteristics. This information can then inform decisions
made in the preprocessing pipeline, such as defining sampling rates, bandwidth, window sizes, and
segmentation to assist in isolating relevant frequencies.

• Wavelet Choice Analysis: The study employed a general-purpose wavelet for the CWT using sug-
gested literature findings. Given the optimal wavelet choice is far from settled and warrants further
investigation, future work could experiment with different wavelet families and scales. By using an
inverse transform, a reconstructed audio signal could be compared with the original, with the best
approximation measured to select the best wavelet.

• Adaptive Audio Segmentation: Creating structured methods for segmenting recordings could sim-
plify the preprocessing phase. This includes refining VAD technologies or machine learning algo-
rithms to differentiate bird songs from silence, which could automate tasks like the manual an-
notation system used by Cornell. More advanced methods are available, such as Hidden Markov
Model-based segmentation [26].

• Audio Rating System: Creating an unbiased and quantifiable method to evaluate audio quality
would be extremely helpful for this research and the wider bioacoustic community, especially for
curators of the Xeno-canto collection. This system could rely on various acoustic characteristics and
act as a dependable way to screen out low-quality audio samples before they are used for training.

In summary, this research has explored bird song classification using CWT-CNN models on raw audio
data unlike any other. Whilst the XGB classifier outperformed the CNN model in terms of F1 score, the
deep learning method still demonstrated potential for improvement, particularly given more extensive
datasets and higher computational resources. These findings challenge the notion that deep learning is
always superior in classification, especially when dealing with noisy, real-world data.

The study re-establishes a clear need for data quality and preprocessing techniques, revealing that even
public datasets can provide valuable scientific insights when managed appropriately. Despite limitations,
the research objectives were primarily met, providing a robust platform for future improvements.

The research serves as a crucial reminder that traditional methods still have a role to play alongside
the advanced machine learning techniques and that signal processing steps warrant far more attention,
with the potential to improve classifier performance before advanced tuning of model parameters even
begins.

The final chapter recaps the research goals and critical outcomes, placing them in the existing literature
to highlight their significance and potential impact.
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Conclusion

This concluding chapter revisits the original research objectives and questions that motivated the study.
It provides a condensed summary of significant findings and accomplishments. The research is positioned
within the context of existing literature to emphasise its importance and potential impact.

This thesis explored CWT features for CNN classification models, the primary aim was to validate
published accuracy results for identifying bird species in crowd-sourced audio data. The project was
determined to avoid manual selection and curation of data samples, with the objective to implement
an effective modelling process that could work with raw, unfiltered data. Additional goals included
comparing the performance of CNNmodels with traditional classifiers. This work also aimed to investigate
various signal processing techniques, design a TensorFlow pipeline, and train a CNN model within a
specific timeframe. Further objectives were to minimise overfitting without relying on data augmentation
and to develop a traditional classifier using established techniques for comparison.

The project successfully navigated computational and memory constraints through systematic exper-
iments, using a bottom-up project management approach guided by published literature. The results
demonstrate effective bird classification with limited, raw, randomly sampled data and constrained re-
sources. The traditional classifier achieved the highest F1 score of 65% on test data, outperforming the
CNN in per-species testing and aligned with published literature, with some species achieving as high
as 81% F1 score. However, the CNN achieved a final F1 score of 57% in under 12 hours, meeting its
F1 target score and timeframe requirements. Furthermore, at least three species were classified with an
F1 score exceeding 70% using both classifiers, aligning with and exceeding some published results and
BirdClef competition entrants.

The CWT-CNN approach proved effective using controlled, short-duration samples. This research
complements the existing work by extending the CWT to longer, lower-quality recordings, thereby demon-
strating the potential and versatility of the wavelet transform. It also showed that handcrafted features
from conventional transforms, paired with a traditional classifier, outperformed deep learning models on
this dataset, contrary to the literature findings discussed in chapter 3.

The noise reduction and VAD segmentation methods enhanced audio quality and decreased non-tweet
time, improving classification performance based on trial results and visual inspection. However, optimal
audio preprocessing parameters could not be explored due to time constraints. The project designed an
end-to-end infrastructure aligned with the core objective. All components displayed proven functionality
with room for advancement. Dropout optimised the CNN’s generalised performance, confirming the
technique’s effectiveness.

While meeting primary aims, the study was limited to nine species due to computational constraints.
This necessary compromise allowed for a more in-depth analysis of the CNN architecture and reasonable
training and test times. Acknowledging the challenges encountered, particularly in building the Tensor-
Flow pipeline, is essential. Memory allocation issues arose due to oversized batches, leading to crashes
that required troubleshooting and adjustments. Additionally, incorrect tensor shapes and coefficient for-
mats from the CWT feature extraction necessitated further refinements to the preprocessing stage. These
setbacks consumed valuable time and incurred additional computational costs. Training times stretched
to 11 hours per model, further complicated by disconnection and session issues when using COLAB,
straining both time and financial resources and patience.

This research provides a solid basis for future studies that use crowd-sourced data for bioacoustic
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classification, offering a comprehensive, end-to-end classification model-building process that can be easily
adapted and scaled. With studies relying on manual inspection and so much publicly available data often
mislabelled, this study has shown that valuable identification information can be extracted, demonstrating
that even noisy, unstructured, crowd-sourced datasets can be a goldmine for scientific discovery. The
research has also identified numerous areas for exciting exploration.

Expanding the number of species would improve the model’s utility. Refining the preprocessing
pipeline by fine-tuning the parameters using statistical analysis of the audio dataset could provide sig-
nificant classification gains. Scaling up the computational resources could enable more complex models,
hyperparameter tuning and efficient analysis.

Overall, this research met its extensive list of ambitious aims and opened many more questions
than it answered, offering numerous future enquiries. As a pursuit of academic study, this research has
underscored the joy of the ‘scientific method’ with many an emotional upturn and downturn experienced
during its completion.

Despite the solitary nature of the work, which proved troubling at times, the project stands as
a testament to the power of scientific enquiry, best enriched through collaboration with friends and
colleagues.
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Nine Species for Classification
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Appendix B

AudioPreprocessor Audit Log

Table B.1: Audio Preprocessor Version Control
Version Date Comments

v1 15/07/2023 Load audio and process in batches
v2 17/07/2023 Refactored, detect silence added, high pass filter
v3 19/07/2023 Remove silence (leading and trailing only)
v4 27/07/2023 Added trim and removed batch size (wasn’t being used anymore)
v5 31/07/2023 Parameters for noise reduction (e.g. prop decrease)
v6 01/08/2023 Reduce noise (spectral gating) added, order changed
v7 02/08/2023 Remove silence upgrade, segment, trim the silence and rejoin
v7a 03/08/2023 Chop 5s segments, produce labels and copy of the dataframe rows
v8 13/08/2023 Tweaked noise reduce using non-stationary and small window
v8 13/08/2023 Have added silence removal using the pyAudioAnalysis method

Table B.2: Final Audio Preprocessing Parameters
Name Value Comment
df sample df Metadata file for samples
input dir INPUT DIR Directory for input files
output dir OUTPUT DIR Directory for output files
down sample 12000 Downsampling rate in Hz
lowcut 250 High-pass filter cutoff
highcut 5950 Low-pass filter cutoff
gain 1.0 Amplitude adjustment
top db 20.0 Silence threshold
apply filter True Apply bandpass filter
apply noise reduction True Apply spectral gating
stationary False Stationarity flag
prop decrease 1.0 Proportional decrease
apply remove silence True Remove leading and trailing silence
apply detect silences waveform True Detect silence within waveform
silence threshold 0.0001 Silence detection threshold
silence duration 0.5 Silence duration in seconds
silence margin 0.001 Silence margin
apply normalise False Apply audio normalization
norm type ’standard’ Normalization type
trim audio False Flag for audio trimming
trim length 5 Length for audio segments
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Appendix C

CWT Thresholding Visualisation

Figure C.1: CWT Thresholding Example
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Appendix D

CNN Variables and Parameters

Table D.1: CNN Model Parameters
Name Value Comment

General Parameters
Model Name CNN Convolutional Neural Network

CNN Layer Parameters
First Conv2D Layer 16, (3, 3) 16 filters, 3x3 kernel
First MaxPooling (2, 2) Pooling size 2x2
Second Conv2D Layer 32, (3, 3) 32 filters, 3x3 kernel
Second MaxPooling (2, 2) Pooling size 2x2
Flatten - Flattening layer
First Dense Layer 128 128 neurons, ReLU activation
Output Layer 9 9 neurons, softmax activation

Other Parameters
Dropout Rate 0.45 Rate for dropout layers
Regularization L1=0.001, L2=0.001 L1 and L2 regularization

Table D.2: Variables and Parameters for Bird Sound Classification
Name Value Comment
Model Name CNN Convolutional Neural Network
wavelet type ’morl’ Type of wavelet used
fs 12000 Sampling rate in Hz
frequencies np.linspace(6000, 200, 64) Frequency range
scales Derived Converted from frequencies
batch size 10 Number of samples per batch
num classes 9 Number of output classes
epochs 20 Number of training epochs
prob drop 0.45 Dropout rate
initial learning rate 0.001 Initial learning rate
decay steps 100000 Decay steps for learning rate
decay rate 0.96 Decay rate for learning rate
l1 0.001 L1 regularization term
l2 0.001 L2 regularization term
early stop patience 3 Patience for early stopping
optimizer Adam Optimization algorithm
loss ’categorical crossentropy’ Loss function
metrics Various Accuracy, Precision, Recall, AUC, F1Score
checkpoint path ’best model.h5’ Path to save the best model
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Appendix E

XGBoost Development Cycle,
Variables and Parameters

Table E.1: XGB Iterative Development Cycle

TL AP n EST SUB DWT STFT WPD MFCC CV TRAIN TEST TEST F1

1 v4 70 10000 - db10 2048 - - - 1.00 0.43 -
1b v5 230 10000 - db10 2048 - - - 1.00 0.46 -
2c v5 400 10000 - db10 2048 - - - 0.83 0.48 -
3a v6 300 5000 - db10 512 4 - 5 0.87 0.50 0.50
4 v8 800 5000 - db10 512 4 - 5 0.75 0.37 0.37
5 v8 540 5000 0.90 db10 512 4 13 5 0.85 0.56 0.56
7 v8 1000 5000 0.90 db10 512 4 13 5 0.83 0.65 0.65

Table E.2: Variables and Parameters for Bird Sound Classification
Name Value Comment
Model Name GradientBoostingClassifier Traditional Classifier for comparison
test size 0.2 20% of data used for testing
random state (split) 42 Seed for data split
n estimators 5000 Number of boosting stages
learning rate 0.1 Rate of learning each stage
max depth 3 Maximum depth of trees
validation fraction 0.2 Fraction for early stopping
n iter no change 10 Iterations with no improvement
tol 0.01 Tolerance for early stopping
random state (model) 42 Seed for model training
subsample 0.9 Fraction of data for boosting
cv (cross-validation) 5 Number of folds in k-fold
scoring ’accuracy’ Metric used for evaluation

49


	Introduction
	Birdsong
	BirdClef
	Challenges
	Problem Statement
	Aims, Objectives and Questions
	Structure

	Contextual Background
	Classification Applications
	Fourier Transform
	Wavelet Transform
	Continuous Wavelet Transform

	Related Work
	Methods
	Methodology
	Data Analysis
	Audio Preprocessing
	Wavelet Transform Coefficients
	Model Architecture
	Model Training
	Traditional Classifer

	Results
	Development Cycle
	CNN Classification Results
	XGB Classification Results
	Noise removal and Segmentation

	Discussion
	Research Objectives and Methodology
	Comparative Analysis
	Performance Metrics and Results
	Data Quality
	Limitations
	Future Work

	Conclusion
	Nine Species for Classification
	AudioPreprocessor Audit Log
	CWT Thresholding Visualisation
	CNN Variables and Parameters
	XGBoost Development Cycle, Variables and Parameters

