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Preface

As T finish this thesis, I am drawn to reflect on what brought me here in the
first place. My maths undergrad and summer jobs in the civil service, software
development, and a tech startup gave me a fascination with automation and data
science. Artificial Intelligence was a hot topic in 2021 and I wanted to contribute
meaningful, practical solutions to real-world problems using it. While the COVID-
19 pandemic was a motivator due to a lack of job openings, my core idea was to
work on a green project while continuing the pursuit of learning and honing skills
that are becoming increasingly valuable in industry. This led me to seeking out
Andrew Parnell in Maynooth, who accepted me to work on his project of machine
learning to quantify biodiversity on wind farms via sound.

I began my PhD in 2021, exploring bioacoustics papers that applied machine
learning for wildlife monitoring with acoustic sensors. While developing deep learn-
ing classifiers for bird species using web-scraped data, we started collecting our own
data at wind farm sites. Ian connected me with bird experts in Ireland to assist
with labelling audio clips. To streamline this process, I prototyped a Shiny App,
inspired by feedback from the Bioacoustics Slack group who highlighted the chal-
lenges of manual labelling. Incorporating input from labellers, particularly Mark
Shorten, and later Yves Bas and Yvan le Bras, I refined the app through multiple
iterations to enhance efficiency and data granularity. Though our initial paper sub-
mission was rejected, we improved the manuscript and GitHub repository, leading
to successful publication in 2023.

Wind farm construction disrupts landscapes, and as part of a larger project, I
worked on quantifying land cover change using the SEEA framework, previously

employed by TCD Ecology groups. Ecosystem Extent accounts measure transi-
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tions between land cover types over time. Building on Francesco Martini’s existing
process for the ForES project and Cian White’s experience with remote sensing,
this side project became an iterative effort we eventually finished and was pub-
lished in early 2025.

While scaling our bird species classifier to more species, I hit a wall in per-
formance likely due to poor data quality. I explored various techniques such as
data augmentation, transfer learning, and adding a little human-labeled data, but
none yielded satisfactory improvements. Manual spectrogram data augmentation
methods, such as time shifting or mixup, failed to give meaningful generalised
improvements. Anil Kokaram at TCD suggested synthetic data approaches like
those used in object detection. At the same time, frontier large language models
were beginning to leverage Al scaling laws and synthetic data for training [13,
125, 264] and industry leaders were publicly emphasising synthetic data’s role
in advancing generative Al models [178, 195]. I explored generative adversarial
networks (GANSs), given their established literature and finding available code to
experiment with. Kieran Gibb at the EcoHacK workshop 2023 recommended a
paper [67], which got at the same idea, but my implementation could not produce
synthetic samples of sufficient quality. This prompted me to investigate newer
techniques like Stable Diffusion, whose samples were much more convincing and
improved performance.

Towards the end my PhD, I sought out a research visit at the Okinawa Institute
of Science and Technology, connecting with Dr. Sam Ross. Sam agreed to host
me for a short project focused on detecting the invasive mongoose, which are less
vocal and challenging to monitor in Okinawa’s diverse rainforest soundscape. We
initially explored a few-shot learning approach using a prototypical network, but it
proved ineffective for identifying mongoose vocalisations due to our limited dataset.
Recognising the need for greater robustness to distinguish these signals amidst the
complex acoustic environment, we sought alternative methods to enhance detection

accuracy.
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Abstract

When investigating the ecological and behavioural patterns of wildlife through
sound, bioacoustic studies using machine learning (ML), such as convolutional
neural networks (CNNs), are key for analysing large acoustic datasets. For other
biodiversity monitoring methods like ecosystem accounting, practitioners often do
not have the required technical knowledge. This thesis presents a series of studies
focused on the application of ML methods to bioacoustic data, and providing tools
to assess ecological impacts.

We begin by conducting a systematic literature review of Passive Acoustic Mon-
itoring (PAM) to investigate how it’s used with ML methods and identify trends or
gaps present. We find increases in dataset size over time, and spectrograms being
the most popular representation of bioacoustic data for inference, but highlight
the need for standardized evaluation methods and broader use of open-source to
advance the field.

Our second contribution is NEAL, an open-source Shiny R application, which
enables granular annotation of audio data for use in training and evaluating species
classification models. Its no-code interface and modular design empower use by
non-programmers, improving annotation workflows and supporting machine learn-
ing model development in bioacoustics.

Later, we use generative Al, specifically Stable Diffusion, to create synthetic
spectrograms for use in training bird species classification models. We use a dataset
annotated using NEAL to benchmark these models. We demonstrate that supple-
menting training data with synthetic samples enhances classification performance
on the human-labelled test set.

Our next contribution is ExActR, an open-source Shiny R application which en-
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ables environmental project managers to quantify land cover changes using geospa-
tial datasets. It supports ecosystem extent accounting without requiring GIS ex-
pertise. ExActR facilitates accessible and reproducible ecological assessments, with
potential to expand into a comprehensive tool for ecosystem accounting.

Our final contribution investigates the use of a lightweight CNN to classify
sparse vocalisations of the invasive small Indian mongoose in Okinawa using audio
from camera trap videos. The classifier was then applied to a large acoustic dataset
to gain insights into the distribution of the mongoose across Okinawa and aiding

conservation efforts.
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Introduction

1.1 Onshore Wind Energy and Biodiversity

The wind energy sector in Ireland has experienced rapid and sustained growth
over the past two decades, achieving an annualised growth rate of 16.9% since
2000 (see Figure 1.1). This expansion plays a pivotal role in reducing Ireland’s re-
liance on imported fossil fuels and mitigating greenhouse gas emissions [200]. As a
cornerstone of Ireland’s energy security, the sector is integral to achieving National
Strategic Outcome 8 of Project Ireland 2040! and the All of Government Climate
Action Plan 2021,? which aims to increase renewable energy reliance from 30% to
70% by 2030. Furthermore, wind energy is fundamental to Ireland’s commitments
under the United Nations Sustainable Development Goals, particularly Goals 7
(Affordable and Clean Energy), 13 (Climate Action), 14 (Life Below Water), and

thttps: //www.npf.ie/wp-content /uploads/Project-Ireland-2040-NPF.pdf
’https://www.gov.ie/en/department-of-climate-energy-and-the-environment/
publications/climate-action-plan/
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1.1. ONSHORE WIND ENERGY AND BIODIVERSITY
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Fig 1.1. Installed wind energy capacity in Ireland since 1990. Illustrating
an annualised growth rate of 16.9%. Ireland’s first commercial wind farm was
commissioned at Bellacorrick, Co Mayo in 1992. The figures in blue are real figures
from December of each year, while the figures in orange are estimates based on
the above growth rate.

Recent energy policies, such as the EU Renewable Energy Directive [58], have
driven the adoption of sustainable solutions to address climate change, with wind
energy at the forefront. In 2018, wind energy supplied 30.1% of Ireland’s electricity,
with the potential to exceed domestic demand and transition to an export-driven
model by 2030 [262, 263]. Onshore wind generation in Ireland is among the most
cost-effective energy sources in Europe per MWh [14, 263], making its continued
development essential for meeting decarbonisation targets cost-effectively. Projec-
tions suggest that wind energy could remove up to 450 Megatonnes of CO, from
the Irish economy by 2050 [263]. However, the sector’s sustainability and growth
are challenged by a widespread lack of social acceptance [200], necessitating inno-
vative approaches to balance expansion with public support. Strengthening public

engagement through initiatives such as community benefit fundsa*nd shared own-

Shttps://sdgs.un.org/goals
‘https://energiagroup.com/news-media/meenadreen-community-benefit-fund-promo/
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1.1. ONSHORE WIND ENERGY AND BIODIVERSITY

ership modelsh®ave proven to be popular measures to driving Ireland’s onshore
wind energy industry while maintaining societal support.

Amid the current biodiversity and climate emergencies, onshore wind farms of-
fer more than just energy production. The land they occupy represents significant
natural capital, providing habitats that support biodiversity and deliver critical
ecosystem services. These services, though currently unaccounted for, are vital
for climate change resilience and a sustainable future [169]. With over 300 wind

farms 6

currently spanning approximately 290 km? (based on installed capacity
of 4,934.1 MW and estimate of 16.9 MW /km? [294]) and the possibility for ex-
pansion to 2,705 km?, the national wind farm network holds immense potential
[128]. If managed appropriately, these sites could enhance climate change miti-
gation through increased carbon sequestration, improve ecosystem resilience, and
support essential services such as pollination across wider landscapes. Realising
this potential would yield both direct financial benefits and indirect reputational
gains for the sector.

The UN Economics of Ecosystems and Biodiversity (TEEB) Initiative esti-
mates that habitat degradation and biodiversity loss inflict an annual economic
cost of US$2 — 4.5 trillion [268]. Preliminary studies [253] indicate that wind
farms in Ireland can have both positive and negative impacts on natural capital
and biodiversity. Positive impacts arise from habitat creation, with opportuni-
ties to enhance these effects through improved land management for conservation.
However, birds and bats are particularly vulnerable to the direct negative im-
pacts of onshore wind turbines [200, 269], with effects varying based on wind farm
specifications, topography, habitats, and species diversity [253]. Context-specific
mitigation strategies and detailed assessments of species and habitat sensitivity
are therefore critical areas for further research.

In Ireland, Environmental Impact Assessment Reports (EIARs) are a critical
component of the planning and ongoing management processes for wind farm de-
velopments, as mandated by national and European Union regulations to ensure
sustainable energy projects. These reports comprehensively assess potential envi-

ronmental impacts on local ecosystems, including biodiversity, water quality, and

Shttps://www.seai.ie/case-studies/co-wind
Shttps://windenergyireland.com/about-wind /the-basics /facts-stats
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1.2. NATURE + ENERGY PROJECT

landscape aesthetics, as well as socioeconomic effects on nearby communities [293].
The process involves detailed studies to identify and mitigate risks to wildlife, such
as birds and bats, which are particularly vulnerable to wind turbine operations
[111]. Public consultation is also a key element, allowing community input to ad-
dress concerns like noise or visual impacts [293]. Through rigorous EIAs, Ireland
aims to balance the expansion of renewable energy with environmental protection
and community well-being [111].

Despite industry efforts to address biodiversity impacts, there remains a press-
ing need for eco-innovations that simultaneously support the expansion of wind
energy, enhance social acceptance, and improve natural capital management. By
maximising the positive impacts of wind farms on natural capital and effectively
communicating these benefits to stakeholders, including the public, this research
aims to address these challenges. This will be achieved through the development
of novel natural capital accounting methodologies for widespread adoption across
the sector, the construction of a state-of-the-art smart environmental monitoring
system to enhance data resolution and reduce operational costs, and the imple-
mentation of biodiversity enhancements to maximise the value of natural capital

at a landscape scale.

1.2 Nature + Energy Project

The Nature + Energy project outlines specific objectives to guide this effort, as
illustrated in Figure 1.2. This thesis focuses on the development of a WP2:
Smart Environmental Monitoring System and providing tools to help with
WP1: Natural Capital Accounting.

1.3 Thesis Outline and Contribution

Chapter 2 provides a systematic literature review of computational bioacoustics,
with a focus on passive acoustic monitoring (PAM) and a quantitative lens. This
chapter evaluates the strengths and weaknesses of PAM compared with traditional
manual species monitoring, highlighting its scalability and cost-effectiveness along-

side challenges like background noise interference. It explores the signal processing
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Fig 1.2. Structure and objectives of the Nature 4+ Energy project. The
chart outlining key goals for enhancing natural capital and environmental moni-
toring in Ireland’s wind energy sector. The two administrative structure (purple)
together provide joint activities (green) leading to project work packages (orange)
which each have their own specific deliverables. Reproduction from project pro-
posal

tools commonly employed for acoustic data analysis, and examines how the perfor-
mance of automated monitoring methods is assessed through quantitative metrics.
The chapter investigates the prevalence of open-source code and data practices in
bioacoustics research, revealing opportunities for advancing the field.

In Chapter 3, we introduce the Nature+Energy Audio Labeller (NEAL), an
open-source Shiny application designed to streamline the audio annotation pro-
cess for bioacoustic research. NEAL offers flexible deployment, functioning both
locally and on servers, and includes advanced features such as frequency filtering
on spectrograms to isolate relevant sounds by removing unwanted noise. The ap-
plication enhances usability by displaying detailed metadata for each audio file,
providing critical geographical and ecological context. Users can assign confidence
levels to annotations, search and navigate existing labels efficiently, and export an-
notations in bulk, making NEAL a valuable tool for researchers seeking to improve
the accuracy and accessibility of bioacoustic data labelling.

Chapter 4 explores the application of generative AI to enhance bioacous-

tic classification through synthetic spectrogram generation, leveraging the well-
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established Stable Diffusion model from computer vision for bird species mon-
itoring. Our findings demonstrate that incorporating synthetic spectrograms
into training datasets improves classifier performance across multiple models,
enhancing bird song classification accuracy while reducing reliance on costly
expert-labelled data. The hold-out test set from Chapter 3’s NEAL annotations
validates these improvements.

Chapter 5 presents ExActR, an open-source Shiny application for ecosystem
extent accounting, building on techniques developed for NEAL in Chapter 3. Ex-
ActR enables users to dynamically select grouping variables from their data and
generate extent accounts for two or multiple time points, facilitating detailed track-
ing of ecological changes. The app provides a suite of visualisations to illustrate
shifts in ecosystem extent and supports seamless copying of tables and plots to the
clipboard or bulk export of session outputs for reporting purposes. ExActR em-
powers researchers and conservationists with an intuitive, flexible tool to monitor
and communicate changes in ecosystem dynamics.

Chapter 6 investigates the detection of the invasive small Indian mongoose in
Okinawa as part of the OKEON project, integrating methodologies from Chapters
2 —4. We created a novel dataset of mongoose vocalisations extracted from camera
trap videos and developed a lightweight Convolutional Neural Network, distilled
from a more complex model, to classify mongoose contact and alarm calls. This
classifier was applied to approximately 500 hours of audio collected over eight years
in Southern Okinawa, enabling the assessment of temporal trends in mongoose
vocal activity.

Finally, we conclude our work in Chapter 7 by discussing the contributions,
limitations, and promising areas of future work for each of the chapters of this
thesis. All proposed methods in this thesis were implemented using R and Python,
and their accompanying code are all openly available. In addition, all datasets are

either openly available or accessible upon request.
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Ecological monitoring is essential for understanding biodiversity amid rapid global
change. Within wildlife monitoring, Passive Acoustic Monitoring (PAM) has

become a powerful and commonplace tool. Advances in computational meth-
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2.1. INTRODUCTION

ods—fuelled by affordable data collection and machine learning—have accelerated
its growth, yet challenges persist, particularly in data integration, species coverage,
and classification model evaluation. In this paper, we systematically review the
state of PAM, analysing approximately 80 studies (2005-2024) spanning diverse
taxa and ecosystems. We evaluate its strengths, limitations, and applications. Our
findings highlight significant increases in dataset sizes over time, with spectrograms
dominating preprocessing methods. However, there remains a lack of consensus on
evaluation methods for machine learning models, and code sharing has outpaced
data availability. We propose a roadmap for future research for closing identified
gaps, which includes advocating for open-sourced data and code, improving data
preprocessing, and providing accessible model hosting. Broad uptake of these rec-
ommendations will enhance impact of computational bioacoustics on ecological
science.

Keywords— Bioacoustics, Passive Acoustic Monitoring, Species Recognition, Ma-

chine Learning

2.1 Introduction

Wildlife monitoring is critical for understanding ecological dynamics, both on land and
in marine environments. Tracking bird species diversity can act as a proxy for habi-
tat health and is a commonly monitored metric for signaling broader environmental
stress [242]. Bat surveys safeguard vital roosting habitats, such as caves and forests,
protecting vulnerable species from threats [120]. Insect monitoring can function both to
support pollinator restoration efforts or with pest control [65]. Similarly, marine surveys
can serve either tracking invasive species or detect overfishing or impacts of pollution in
the water [97].

Traditionally, species monitoring surveys have relied on human-intensive methods
such as camera trapping [26], DNA barcoding [140], capture-recapture [38], and radio
tracking [87]. However, the planning and environmental impact assessment of infrastruc-
tural developments such as wind farms often necessitate even more detailed monitoring,
especially in Special Areas of Conservation where species like birds and bats are of
particular concern due to potential mortality risks from wind turbine collisions [296].

In recent years, acoustic monitoring has become a vital tool in wildlife research,

driven by advancements in hardware that have enhanced the efficiency and scale of data
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collection. Bioacoustics, the scientific study of animal sound, involves analysing animal
vocalizations and soundscapes and investigating their ecological behaviour. Meanwhile,
Passive Acoustic Monitoring (PAM) refers to the use of acoustic sensors to non-invasively
capture environmental sounds. Although the terms are occasionally used interchange-
ably in this review, we distinguish Bioacoustics as pertaining to the signal processing
and analysis of audio datasets, while PAM specifically denotes the surveillance technique
itself.

The adoption of PAM has accelerated the shift toward big data in bioacoustics,
enabling researchers to handle increasingly large and complex datasets. Moreover, citizen
science initiatives such as Xeno-canto! and Cornell Lab’s eBird? have contributed to this
trend by expanding the scale and scope of data collection [63].

The integration of Artificial Intelligence (AI) and Deep Learning (DL) has shifted
bioacoustic research away from traditional methods, improving large-scale data pro-
cessing and species identification accuracy with minimal human effort [5]. This review
assesses these advancements, their impact on wildlife monitoring, and future directions,
focusing on the migration towards more fully autonomous methods. Four specific re-

search questions are addressed:

1. What are the strengths and weaknesses of PAM and bioacoustics compared with

traditional (manual) species monitoring methodologies?
2. What signal processing tools and methods are used to analyse bioacoustic data?

3. How do the diversity (defined here as the variety of taxa monitored), use and

performance of automatic monitoring methods compare?

4. What is the level of open-source code and data practices in bioacoustics research?

The structure of this paper is as follows. In the Survey Methodology section, we
describe the systematic process used to select and analyse the literature. In the Results
section, we present the primary findings of the review based on the above research
questions. We conclude with some recommendations of best practice moving forward in

using autonomous (in particular machine learning) methods in bioacoustics.

'https://xeno-canto.org/
’https://ebird.org
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2.2. SURVEY METHODOLOGY

2.2 Survey Methodology

Our review employed a systematic approach to identify and evaluate relevant studies,
guided by established protocols for comprehensive literature searches. The methodology
encompassed a broad search strategy with a preference towards articles in peer-reviewed
academic journals. The process involved defining clear inclusion and exclusion crite-
ria, followed by a structured assessment to investigate variables related to the research
questions across the resulting body of literature.

PAM is now a staple of ecological monitoring by utilizing low cost recording and
data storage equipment. While audio processing and machine learning methods did not
gain much prominence in the bioacoustics field until the late 2000s [118, 211], and deep
learning not until 2016 [82], manual surveying by expert ecologists and ornithologists
has remained common in fieldwork since the early 2000s [24, 51, 143]. We have therefore
constrained our search to papers published since 2000.

We used Google Scholar, Scopus and Web of Science for the initial literature search,

which was carried out on 19th November 2024, with the following search string:

("passive acoustic monitoring" OR "species monitoring" OR bioacoust*
OR ecoacoust* OR vocali* OR biodiversity OR "soundscape" OR
"biodiversity assessment" OR "species detection") AND (animal OR
bat* OR bird* OR cetacean* OR insect* OR mammal*) AND (acoustic

OR ultrasonic OR harmonic OR "signal processing" OR software OR
"data analysis" OR "classification accuracy" OR "machine learning"
OR "deep learning" OR "statistics" OR "acoustic indices") AND
("automatic monitoring" OR "automated detection" OR "manual methods"

OR "traditional methods" OR "traditional monitoring")

This search returned 277, 45 and 50 entries on Google Scholar, Scopus and Web of
Science respectively, or 372 entries in total. The literature was then filtered by removing
duplicates, entries with missing abstracts, those not in English, and papers unavailable
or tied to workshops and conferences. Further screening excluded literature reviews, off-
topic papers, and items like theses or non-peer-reviewed preprints. In the final manual
filtering stage, some exclusion criteria, such as not being in English or being review pa-
pers, were applied again since some results were not identified initially through metadata.
Fig. 2.1 gives a visual breakdown of inclusion and exclusion criteria.

This finally yielded 79 entries, ranging from 1 entry in 2005 to 16 entries in 2024.

10
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Fig 2.1. Systematic review collection and filtering stages. (created with
https://sankeymatic.com/)

Five years (2006, 2008, 2010, 2011, and 2012) had no entries. The .bib file published
along with this paper lists all articles, books, proceedings, and reports resulting from this
screening process, along with other articles added for context while writing the review.
See https://github.com/gibbonal/pam_lit_review. Figure 2.2 provides a detailed
depiction of the geographic distribution of study sites referenced in the literature. The
points are coloured by their primary ecosystem types studied, with a notable concentra-
tion of sites along coastal regions. All the continents, excluding Antarctica, have some
level of representation among the included literature.

From each article in the resulting literature list, the following key information was
extracted: publication year, monitoring year, location of the study site, monitored taxa,
dataset size and duration, preprocessing and analysis methods employed, programming
languages used, data and code availability, reported metrics and their corresponding
values, evaluation methods used, and research gaps/limits identified. Some of this infor-
mation was not available in the papers themselves or their supplementary information,
so estimates were made when feasible, otherwise fields were left blank. In particular,
dataset size often had to be estimated using the length (in hours) of the data collected

and the recorder’s chosen sampling rate and bit depth. Similarly, the latitude and lon-
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Fig 2.2. Geographic distribution of the study sites in the literature. The
map has been cropped to remove everything below 60°S, which included Antarc-
tica, as there were no studies present.

gitude often had to be estimated based on Google Map searches of the reported sites.
Furthermore, a number of columns in the extracted data available in the Supplementary
Material are not included here as they are free text fields that we used as reference for
calculation or categorizing discrete values. Table 2.1 gives a full breakdown of the chosen

variables.

2.3 Results

In this section, we begin by comparing traditional manual acoustic monitoring with pas-
sive methods and emerging trends seen in data collection. We then analyse preprocessing
techniques, analysis methods and automation tools utilized in bioacoustic studies. Next,
we explore evaluation methods used to assess acoustic classification model performance.

We finish with some comments on the state of open-source in bioacoustics research.

2.3.1 Traditional versus Passive Acoustic Monitoring

Traditional acoustic monitoring surveys were heavily reliant on human expertise and
simple tools (e.g., listening or non-programmable recorders), with a history of use akin
to traditional trapping. While fully manual data collection and annotation is occasionally
still done, it is often in a lab environment ( [85] for example).

By manual monitoring, we refer to studies where humans were responsible for col-

lecting and processing all the data. Autonomous methods rely entirely on computational
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Table 2.1. Description of variables extracted in this review.

Variable

Description

Source Type

Year

Monitoring Year
Study Sites
Latlong

Dataset Hours
Dataset GB

Taxa

Analysis
Preprocessing
Analysis Methods
Automation Tools
Programming Language
Code Availability
Data Availability

Document type, e.g., book chapter, journal article.
The year the study was published.

The year or range of years when data was collected.
Description of where the research took place.
Coordinates (latitude,longitude) of the study sites.
Total hours of data collection or monitoring time.
Size of the dataset in gigabytes.

The taxonomic group(s) monitored.

Automated, Semi-automated or Manual.

Data cleaning or preparation steps before analysis.
Methodologies and techniques used.

Automation tools or software used in analysis.
Programming language(s) used.

Whether the code is publicly available (Yes, No).
Whether the data can be accessed (Yes, No).

Evaluation Method

Method used to assess results or model performance.

techniques, such as machine learning or other software, to process nearly all the data.
Semi-autonomous methods combine elements of both approaches. The vast majority of
the literature required at least some level of human annotation and inference for at least
part of the data collected to act as a ground-truth evaluation method, so we did not
categorize papers using this approach as wholly manual. Thus, papers identified as using
automated or semi-automated acoustic analysis can be classified as utilizing PAM.
Traditional manual monitoring exhibits several strengths, arising from a longer his-
tory of use than PAM. It is effective in targeting individual or a small list of taxa [201].
There is a low technological barrier, usually requiring minimal equipment such as hand-
held recorders or simply documenting by ear. The data collection process is thus less
likely to fail when compared with passive methods. Direct human observation allows
for real-time interpretation of sounds, which supports immediate management decisions
like crop pest control [139]. Lastly, maintaining the ability to distinguish species by ear
or through basic analysis with trained listeners is needed to validate data [50].
Disadvantages of traditional acoustic monitoring methods stem from the limitations

of human surveyors. These methods are labour-intensive, requiring active human pres-
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ence and listening effort, similar to the demands of sweep netting [201]. They rely heavily
on taxonomic expertise, to identify dozens of species by sound, a scarce resource [292].
Even so, human observation introduces subjectivity, leading to observer bias and in-
consistent, often unverifiable, results, much like transect walks, which hampers repro-
ducibility [201]. Manual monitoring offers limited scalability due to the increased labour
cost, rendering it ineffective for large areas or extended time periods. Finally, temporal
constraints mean traditional methods miss ecological activity outside observation win-
dows, such as at night, due to safety and effectiveness risks for surveyors [201]. These

strengths and limitations are summarized in Table 2.2.

Table 2.2. Strengths and Weaknesses of Manual Acoustic Monitoring

Aspect Strengths Weaknesses
Effectiveness ~ Works well in targeted settings Limited scale
Accessibility ~ Low tech barrier Labor intensive
Real-time use Direct observation Temporal constraints
Precision Species specificity Expertise dependent
Consistency - Subjectivity

The four papers tagged as performing manual monitoring addressed some drawbacks

or limitations to their methods, namely:

o The study by Picciulin et al. [199] analysed the impact of boat noise on fish
and dolphin biophony. Future research aims to mitigate anthropogenic noise and

expand to species-specific contributions to the soundscape.

o Papin et al. [189] developed an acoustic localization method for monitoring grey
wolves at large scales. It mentions integration of automatic detection and local-

ization, as well as expanding to more species.

o Sanchez et al. [236] recorded and analysed the echolocation calls of Natalus primus
bats to support conservation. The research was constrained by a limited study

area and the authors seek to next explore diverse habitats.

o Milanelli et al. [168] examined temporal patterns in the soundscape of a port area
within an urban estuary. Plans for further research includes understanding the
influence of soundscape on species and assessing long-term anthropogenic noise

impacts.
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PAM has become the prevailing analysis setup for acoustic-based wildlife monitoring.
Fig. 2.3 shows the dominance of automated and semi-automated methods as opposed
to purely manual monitoring for the included literature, growing stronger across time.
Manual monitoring features sparingly throughout the study period, appearing only four
times. These studies focused on bats, carnivores, fish and marine mammals. Semi-
automated analysis has been used relatively consistently over time, though at relatively
low levels. Both fish and marine mammals had roughly equal amounts of papers using
automated and semi-automated analysis, owing to the more difficult data collection
process associated with ocean ecosystems. Automated methods are by far the most
popular analysis method since 2020. The trend appears to show that the field will

continue to grow in line with those using computational methods.
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Fig 2.3. Analysis type by year. In the early 2000s, a small number of studies
used automated and semi-automated analyses. Over time, automated methods
grew rapidly, surpassing other approaches and accounting for over two-thirds of
studies by 2024. Studies employing purely manual methods were rare as the volume
of acoustic data collected often requires computational tools.

Anthropogenic noise can be reduced with passive acoustic recorders due to the lack of
a requirement for a human or machine/vehicle present. Expanding the space- and time-
scale of studies quickly outpaces the labour budget and so autonomous data collection
is a worthwhile step [187, 241]. The ease of expanding PAM projects compared to the
costs of purely manual monitoring efforts allows for greater efficiency in gathering data,
calculating species diversity metrics by leveraging economies of scale. The growth in
data collection over time exemplified this migration to acoustic monitoring as a ‘big
data’ problem. Exponential dataset growth, facilitated by cheaper audio data collection

and storage hardware, quickly surpasses what can feasibly be processed by humans alone,
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and so automatic methods are employed to perform inference to match the scope and
granularity of data collection. Fig. 2.4 shows the size and length of the datasets used in

the studies, when available (note the log scale on the vertical axis).
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Fig 2.4. Dataset size of studies, in log scale. The dataset sizes in gigabytes,
when available, is shown by year. The data size ranges from under 1 MB to 50
TB. The slope of the fitted line is 0.226 (95% CI: [0.016, 0.436]) shows a significant
positive trend. Given the log scale, this suggests exponential growth in dataset
size over time.

Several of PAM’s weaknesses, however, can be regarded as strengths of traditional
methods, several of which were mentioned above. The migration towards deep learn-
ing (DL) has raised the technological barrier for non-technical ecologists, particularly
in terms of data quality, microphone range [81], reliance on a singular mode (sound)
compared to humans (sight and sound), and high capital expense of equipment. Studies
often employ classifiers with a static taxa list and frequently mention future plans to
expand it [213, 261], whereas expert ecologists demonstrate greater flexibility. The ques-
tion of recorder placement and management often arises [189, 203]. Data management

poses additional challenges [6, 272].

2.3.2 Signal processing tools and software

The standard acoustic monitoring pipeline typically involves preprocessing before the

bulk of the computation (e.g. DL Models, species classification) is carried out. Spectro-
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grams, by far the most common of these techniques used in bioacoustics, are a visual-
isation of sound that can be treated like an image and can then draw from decades of
computer vision research. Spectrograms can be further modified with the mel scale [116],
log magnitude [272], per channel energy normalization (PCEN), and extracting Mel Fre-
quency Cepstral Coefficients (MFCC) [277]. Data augmentation is still somewhat rare
in bioacoustic studies [116, 188] but is widely used in Computer Vision.

A comparison of preprocessing methods used in each decade in the study period is
given in Fig. 2.5. ‘Other Methods’ are those that only appeared once across the surveyed
literature. Frequency Filters, including High-pass [69] and Band-pass [214] filters, feature
in each decade. Low-pass filters are much less common in acoustic monitoring studies
since the vast majority of biophony occurs at higher frequencies and so that signal should
be maintained. Segmentation, in which audio clips are split into (possibly overlapping)
segments isolate specific sounds or events. It is a standard preprocessing technique in
bioacoustics and may not always be explicitly mentioned in the data or methods sections
of the studies; its relative prevalence is, therefore, likely to be underestimated here.

Bioacoustic researchers utilise a variety of programming languages for their data
analysis, with Python, MATLAB and R being the most commonly used. They feature
in 35, 24 and 16 of the featured literature items, respectively, although MATLAB has
become less prominent since the 2020s. MATLAB offers excellent audio functions, signal
processing capabilities, and integrated development environment, making it intuitive for
beginners. However, it is proprietary and it is unclear if the scripts used could be run
in Octave, its open-source equivalent. Python and R are both open-source. Python
excels in deep learning applications and provides extensive libraries for audio analysis
and signal processing. It has become the default language for deep learning in bioacous-
tics. The most commonly used Convolutional Neural Network (CNN) architectures such
as ResNet, VGG, MobileNet and Inception all have implementations, some even have
possibility of loading weights from instances trained on the ImageNET dataset [43]. R is
particularly strong in statistical analysis and offers several widely used audio packages.
Fig. 2.6 gives the distribution of programming languages used over the survey period.

The counts of analysis methods and automation tools used is shown in Fig. 2.7.
Many papers feature more than one analysis method or automation tool and so the sum
of counts may not equal the number of papers analysed. ‘Analysis methods’ describes
the procedures or techniques employed in the studies, not the software itself. This in-
cludes classification methods, Machine Learning models (CNN, Random Forest, Hidden

Markov Model), sub-fields of deep learning (Transfer learning, Data Augmentation, En-
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Fig 2.5. Preprocessing methods per decade. The y-axis shows the percent-
age breakdown of preprocessing methods used per decade. Stacked bars show the
number of studies using each method. Since some papers use multiple methods,
bar totals do not match the decade’s paper count. Spectrograms are the dominant
method overall, though Frequency Filters (including manual, band-pass and high-
pass filters) were slightly more common in the 2000s. Normalization, common
in computer vision, was frequent in each decade. The category ‘Other Methods’
increases in each decade showing the occasional need for niche techniques. We see
the number of unique methods (including ‘Other Methods’) per decade increasing
from 7 in the 2000s to 26 in the 2020s. Papers published in 2024 alone used 14
distinct methods. Mel-based methods (both mel spectrogram and MFCC) showed
up once in the 2010s then increased significantly to 11 times in the 2020s.

semble learning), and clustering noise reduction. CNNs dominate here as classification
tasks have leapfrogged off computer vision enhancements signalled by the AlexNet [136]
paper. Species accumulation curves plot the cumulative number of unique species de-
tected as sampling effort (e.g., survey hours, number of sites, or volume of recordings)
increases, and tend to asymptote as most species in an area are documented. They are
used to indicate the rate at which a particular site or temporal resolution gains species
richness [166]. ‘Other Methods’, a collection of approaches that each only appeared once
in the literature (once or twice for automation tools), shows a large amount of rare appli-
cations. Papers tagged with ‘Custom Code’ refer to studies where the authors developed
their own code for specific parts of their work, as opposed to using only readily available
software.

Looking at automation tools, these are software used to process the data in some
way. The tools were used to facilitate data annotation (Raven [121], BirdNET [123],
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Fig 2.6. Programming language used per year. There is clear movement
from MATLAB and C++ to more data science oriented languages, i.e., Python
and R. Python’s ML frameworks such as PyTorch and TensorFlow dramatically
reduce the time taken to train ML models. R also has a range of packages for
bioacoustics research such as seewave [259]. SAS and LabVIEW each featured
once and so it is difficult to say whether they are likely to gain popularity.
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Fig 2.7. Popular Analysis Methods and Automation Tools by Taxa.
Most of the obscure Analysis Methods were only used on birds and marine animals.
‘Other Methods’ was by far the largest category, with the majority going towards
fish, marine mammals and birds. For Automation Tools, ‘Custom code’ features
the most, showing the lack of out of the box solutions available for the range of
analyses carried out. Marine Mammals require the largest amount of custom code.

Koogu [159], Tadarida [16], Audacity [8], Kaleidoscope [289], BatDetect [157]); as classi-
fication model architectures and frameworks (LeNet [145], YOLO [210], TensorFlow [1],

19



2.3. RESULTS

Keras [37], and PyTorch [194]); or helper packages (ggplot2 [286], tuneR [148], par-
tykit [105]). The dominance of custom code shows the field’s growing ability to adapt to
computer science practice. However, the lack of a standard to make these trained models
work off the shelf necessitates such a tailored approach. Accessible user interfaces such
as Raven and Audacity as well as the plethora of Shiny apps helps non-technical ecolo-
gists and conservationists work on such projects; the literature features two such Shiny
apps developed [214, 229]. Raven/RavenPro, TensorFlow, Keras and BirdNET are also
popular software used. A large proportion of these tools are packages: PAMGuide and
PAMGuard are MATLAB; tuneR, Shiny and seewave are R packages; Keras, Tensor-
Flow, partykit and koogu are python packages. Almost all of the automation tools were
used on birds or Marine Mammals, as these are the most common taxa in bioacoustics
studies. ‘Other Methods’ here combine those tools used two times or less across the

literature in order to simplify the figure.

2.3.3 Classification models

Species classification models in bioacoustics are evaluated using a suite of methods to
ensure robust performance in detecting and classifying biological sounds. Counts of the
evaluation methods used in papers in each year of the study period are shown in Fig. 2.8.
There is, however, no common evaluation metric for these studies and so comparison of
model performance across time or by taxa or method is difficult. Across all taxa, the
reported mean reported metrics are: AUC (0.853%, n=2), Accuracy (0.897%, n=34),
F1 (0.846%, n=6), Precision (0.921%, n=6), Recall (0.943%, n=4), Sensitivity (0.770%,
n=2).

2.3.4 Open Science Practices

The landscape of processing PAM datasets is evolving, with increasing amounts of data
and code being openly available, but still falling short of being fully accessible or com-
patible. Initiatives like DCASE [258] and Kaggle competitions such as Bird CLEF [134]
have led the way in promoting open-source practices, requiring participants to share
code in their submissions. However, full open-source — requiring model architectures,
weights, training code and data being open — remains rare outside of these competi-
tions. Model hosting, on platforms such as Hugging Face?, has seen only limited uptake

in bioacoustics [249] despite its potential to streamline access and use of such state of

3https://huggingface.co/
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Fig 2.8. Evaluation Methods. There is no clear consensus in evaluation meth-
ods over time. AUC and cross-validation are good measures of overall performance,
while confusion matrices detail prediction outcomes across categories. Detection
thresholds optimise sensitivity, and manual verification confirms results against
expert checks. Again the ‘Other Methods’ category is a collection of methods that
only appeared once across the study period. Precision-Recall curves are the most
common since 2020.

the art models. Open-source repositories such as GitHub [110], Dryad [52] and Zen-
odo [60] provide platforms for sharing, preserving, and accessing scientific code, data,
and research outputs, fostering collaboration and reproducibility across the bioacoustics
field. Fig. 2.9 gives some insight to the adoption of open code and data over our study

period.

2.4 Conclusion

Almost all studies included in our survey needed to develop code of some level in order
to implement computational bioacoustics methods. While this is an impressive shift
towards automated monitoring of ecosystems, there is still a ways to go before even the
most common ecological questions (such as species classification) can be answered in a
no-code environment. The studies also exhibit a level of short-term bias; the median
monitoring length is 237 hours, and the mean monitoring length is 2.6 calendar years.
Spectrograms and normalization are widely adopted preprocessing techniques in
PAM, acting as a common starting point for acoustic analysis. Issues with the quantity

and quality of labelled data persist, and techniques such as data augmentation have not
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Fig 2.9. Code and Data Availability Trends by Year. (a) Code Availability
by Year shows a steady increase in the proportion of studies sharing code over
time. (b) Data Availability by Year indicates a slower but positive trend in data
sharing practices. With increasing dataset size, it may be less feasible to host
large datasets. By ‘available code and data’ here we mean open-source materials.
If papers mention availability upon request, access is limited or the repository was
not found during the review, then this was marked as a No.

been widely adopted to address this. The use of synthetic data as an augmentation tech-
nique, which is emerging as a promising approach in computer vision and large language
models, is even less popular in bioacoustics, but has been shown to be fruitful [67]. Fur-
thermore, the field often relies on custom code for preprocessing and classifier training
or inference, despite there being many widely-available standard tools. Given that many
preprocessing and analysis steps—such as audio segmentation, generating spectrograms
or feature extraction—are common across studies, a wider adoption of intuitive, user-
friendly graphical-interface pipelines could greatly reduce duplicated effort and lower
technical barriers for new researchers, though several such tools already exist [16, 244].

Classification models in PAM face their own challenges, particularly as the shift
toward deep learning accelerates. While these models offer powerful predictive capabil-
ities, there is a lack of standardised evaluation methods, making it difficult to compare
performance across studies or ensure reproducibility. This move toward deep learning
also sacrifices explainability, a trade-off that complicates ecological interpretation and
undermines its ability to be used in tackling broader ecological research questions, e.g.,
reliably monitoring rare species which we discuss in later chapters. To address these
issues, the field would benefit from greater consensus on metrics and benchmarks, which
would be helped with the open data and hosted models as mentioned above. As PAM
continues to mature, bridging these gaps will be key to unlocking its full potential for

wildlife monitoring and beyond.
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Abstract

Passive acoustic monitoring is used widely in ecology, biodiversity, and conservation
studies. Data sets collected via acoustic monitoring are often extremely large and built
to be processed automatically using Artificial Intelligence and Machine learning mod-

els, which aim to replicate the work of domain experts. These models, when operating
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3.1. INTRODUCTION

as supervised learning algorithms, need to be trained on high quality annotations pro-
duced by experts. Since the experts are often resource-limited, a cost-effective process
for annotating audio is needed to get maximal use out of the data. We present an open-
source interactive audio data annotation tool, NEAL (Nature+Energy Audio Labeller).
Built using R and the associated Shiny framework, the tool provides a reactive environ-
ment where users can quickly annotate audio files and adjust settings that automatically
change the corresponding elements of the user interface. The app has been designed with
the goal of having both expert birders and citizen scientists contribute to acoustic anno-
tation projects. The popularity and flexibility of R programming in bioacoustics means
that the Shiny app can be modified for other bird labelling data sets, or even to generic
audio labelling tasks. We demonstrate the app by labelling data collected from wind
farm sites across Ireland.

Keywords— Bioacoustics, Ecology, Audio annotation, Shiny app, Machine learning,
R

3.1 Introduction

Passive acoustic recording is now a staple of ecological monitoring [219, 95, 260, 217].
Remote sensors can collect vast quantities of high quality audio data at a cost afford-
able to both academic researchers and citizen scientists. However, the volume of data
collected can quickly surpass feasible manual labelling ability, and automatic methods
are actively being developed [172, 22, 17].

Application of deep learning, in particular convolutional neural networks (CNNs)
[145], to image processing for audio classification is growing in both popularity and
effectiveness [99]. High performing models have been produced for bat classification
[157], insects [305], aquatic mammals [270]; and bird calls, ranging from relatively few
[257] to tens [233] to even thousands [123] of classes. While custom CNNs can be
trained from scratch, a lack of large labelled bioacoustic datasets [12] can impede model
performance.

In recent years, audio classification models have benefited from Transfer Learning
[181, 315]. This is where a new model is created with the assistance of a neural network
pre-trained using a relatively large dataset for a similar task (such as another audio clas-
sification [99] or even image classification [247]). The new model adjusts the predictions
of the larger model by performing further training with the small amount of labelled

data available for the task of interest. In both the custom CNN and transfer learning
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settings, some training data are still required to tune to the specific application area,
and routine test data should be annotated to monitor performance over time. For novel
tasks such as medical imaging classification, manufacturing defect detection, agricultural
yield prediction and marine image classification, domain specialists are often needed to
label the initial training data and evaluate the model output over time [238, 179, 251,
141].

Here, we focus on bird species detection, which requires experts to manually label
files so that they can be input into a supervised learning algorithm. We present an audio
annotation tool that aims to reduce the bottlenecks associated with audio annotation,
improving the efficiency of the expert’s time, which is often at a premium, and providing
finer granularity of labelled data (time-frequency limits, species, call type, additional
notes) so multiple classification tasks can be carried out on the same data simultaneously.

In much of the existing audio labelling software, supplemental information important
to decision making, such as the exact time of the recording, general location, geographic
coordinates and shortest distance to the coastline are often not readily available to the
user, reducing the effectiveness of the application as a decision tool. Giving annotators
this temporal and spatial information can help contextualise hard-to-classify sound clips.
In relatively complicated soundscapes, such as wind farms or urban environments, users
often lack the flexibility to temporarily filter out noise and focus on the sound of interest,
further increasing labelling time. We include the ability to display various metadata and
two methods of filtering audio in our app.

We present NEAL (Nature+Energy Audio Labeller), an interactive Shiny app de-
signed for audio data annotation. It allows users to visually and audibly interpret audio
files and label any sounds observed and offers time and frequency granularity for pre-
cise labeling. The app incorporates metadata to inform labellers, as well as labeller
confidence for each annotation to provide quality annotations.

Some of the key strengths of NEAL are that:

e it is primarily intended to be used locally but can also be deployed to a server;

¢ it has automatic frequency filtering of selected areas of the spectrogram to remove

unwanted sounds during analysis;

o it displays clear metadata for each audio file, giving context on the geography,

habitat and time of year recordings were taken;

o labellers can specify label confidence behind each annotation, as opposed to each
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individual classification (e.g. species of a bird vocalisation) being assumed to have

100% confidence associated with it;
e users can search through existing labels and navigate to those of interest;
o user annotations can be downloaded in bulk.

A comparison between NEAL and popular existing tools for bioacoustic annotation
projects ([8, 161, 68, 25]) is shown in Table 3.1. While the Shiny app was built to have a
user-friendly layout for manual annotation of bird vocalisations with the option of local
or server-side use, it doesn’t yet have vast functionality in terms of bulk classification or
training custom species classification models in-app.

The Shiny App NEAL (Fig 3.1) is presented together with open-source code and
sample data to allow for further modification or deployment. Whilst our focus during
development was on bird call detection, the app can be easily changed to enable labelling
of other audio tasks. This facilitates the adoption of the Shiny app in projects where
complicated soundscapes and data quality may differ greatly among sites and equipment.

We provide the overall layout of a labelling project on the Shiny application, as well as
a brief overview of the procedures involved and some of the computational workarounds
to avoid computation waiting time. We then demonstrate a workflow of classifying bird
species on wind farm sites across Ireland, with step-by-step directions of how the app
is utilized. We expand on the input and output formats of the data to allow custom
projects to be established easily. Source code for the NEAL App, as well as a link to
a working demo on an RStudio Server, is available at https://github.com/gibbonal/
neal. Portions of this text were previously published as part of a preprint (https:
//arxiv.org/abs/2212.01457).

3.2 Methods

3.2.1 User Interface (Ul)

The app was built in R [207] using the Shiny [33] framework. Shiny is itself a package in
R. No knowledge of HTML, CSS, or JavaScript is necessary to build a simple application
in Shiny, but small amounts were used here to enhance certain features. One of the many
benefits of the Shiny framework is that its end-users do not need any knowledge of R

programming to interact with the data and provide annotations. Shiny has already been
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Table 3.1. Comparison of NEAL with other free labelling software

Feature

NEAL

Audacity

AviaNZ

Koe

SonicVisualiser
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Label format

(time segments, bounding boxes)
Label confidence slider
Band-pass filter for

selected spectrogram area
Changeable class list
Dynamic class +/-

Site metadata display

In-app label editing

Operates locally

Deployment to server
Changeable spectrogram
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Bulk export annotations
Filter labels by multiple fields
Multiple concurrent
(collaborating) users
Visualise multiple
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Train a species recogniser in-app
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appropriately

are not immediate

Not by default but there may be plugins available

new species added will appear in the list

also operates on its own server

individual label tracks for each file can be downloaded but must be named

9 Quick review mode after batch processing
10 Can view multiple files at once but these must be manually labelled

per-species annotations can be exported from batch processed files
multiple users can work on a single server but this can be slow and updates

used in developing ecology-related apps and decision-support tools, such as in species-

habitat modeling [298], conservation management [193] and forest structure assessment

[245].

NEAL makes use of several open-source R packages [7, 11, 197, 30, 31, 90, 198, 2,
151, 246, 148, 259, 286, 72, 32, 240, 288, 287, 64, 301]. The most notable are:

o shinyjs, which allows for custom JavaScript (JS) plugins, giving extended func-

tionality using only a small amount of JS code. This includes toggling pause/play
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Fig 3.1. Main components of the App User Interface. The main interactive
element of the app is the spectrogram, providing a visual representation of the
sound. This plot can be drawn on with boxes to filter audio or make annotations.
The button on the left underneath the spectrogram is for saving the current
selection on the plot, which will be labelled with the class from the grid of categories
below. Various audio playback widgets are grouped together to the right of the
save button. File navigation allows the user to proceed to the next file in the
workflow folder, or select from a drop-down menu of available files, the second
of which displays the number of annotations present in each file. The collapsed
side panel on the left hand side has extra configuration settings expected to be
changed at most once or twice per session. The class list is dynamic: the core
(green) categories are selected from a drop-down list in the Configuration tab, while
the miscellaneous (orange) categories are static in the current implementation.
Custom categories can be added or removed using the category widgets below.
Users can provide more information than just the primary category (e.g. bird
species) of sound identified; these can include call type, free text additional
notes and label confidence.

of the embedded audio element using the spacebar, disabling UI elements and

reset buttons.

o shinyBS contains extra user-interface (UI) objects such as collapsible panels, giving
the app a more compact layout. In particular, the metadata panel, label edit and
label summary tables are contained within these collapsible panels and can be

opened as needed.
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shinyFiles for file and directory navigation. This is especially useful for deploy-
ments to server where the folder structure may not be as familiar to users. The
folder selected using shinyDirButton and shinyDirChoose is then searched for

audio files.

shinydashboard and shinydashboardPlus for the dashboard layout, sidebar and
header tabs. Moving the less-used settings and widgets to the sidebar and grouping

them into collapsible menus reduces clutter in the Shiny app’s main body.

tuneR for reading and writing audio files. It handles the audio files as Wave objects
during preprocessing - including dB gain, segmentation and normalization - before

passing them to seewave functions.

seewave provides audio waveform manipulation functions, such as spectrogram
computation. A noise-reduced or frequency-filtered spectrogram can be recon-

structed as a Wave object using the istft function.

Graphics are implemented using ggplot2. The spectrogram is rendered using
geom_raster and bounding box annotations are drawn with geom_rect and

geom_label. Additional colour palettes are provided via wviridis.

A full list of packages employed is available in the source code.

Display

Upon opening the app, users are presented with the audio data from the chosen file in the

form of a spectrogram, which highlights the sound intensity of many frequency levels over

time (Fig 3.1). Spectrograms are one of the most visually perceptible forms for audio

data [149]. The audio file can be played with an embedded audio player underneath the

visual.

3.2.2 General labelling workflow

The standard use of the app is as follows:

1. Once the user has opened the app and clicked start labelling, the first audio file

in their workflow is loaded and the corresponding spectrogram is generated.
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2. The spectrogram parameters such as colour palette and contrast may need to
be adjusted until the user is comfortable with the visual distinction of the sounds

present.

3. The user plays the audio and, when they come across a sound of interest, they
draw a bounding box around the vocalisation. This updates the audio player
with a temporary filtered audio file, keeping only the times and frequencies

within the box drawn.

4. Once they have identified the class of sound from the class list, they draw a tight
box around the vocalisation and click save selection. This will draw a permanent
(unless deleted) bounding box labelled with the given class. If they are unhappy
with any of the bounding boxes, they can be deleted using the delete button in

the label buttons section.

5. If a new class is being added or deleted, or the base species list is changed, this
will affect the class list - the grid of classes to choose from. This is only a
minor computation and the user should not see any delay unless there are several

bounding boxes present in the plot.

6. The user continues annotating the file by repeating steps (2 ) to (5 ) until no

more unlabelled sounds of interest remain.

7. The user clicks on the arrow to proceed to the next file and returns to step
2).

The Shiny framework uses reactive programming, meaning that inputs (in the user
interface) changed by the user automatically affect those outputs to which they are
connected. This gives a smooth experience for users, where the app does not have to be
refreshed manually whenever settings are adjusted. In the case of the app, rendering the
spectrogram is the most computationally intensive process. Avoiding the plot refreshing
every time an unrelated input is changed is key to a seamless user experience. The
back-end of the app includes some modular code to split up dependencies (user inputs),
which affect outputs of the user interface. We elaborate on how this code works below.

Fig 3.2 shows the full layout of the workflow including some of the back-end compo-
nents. These components are invisible to the user but are required to reduce redundancy

in computation. (1) to (5 ) correspond to those points in the workflow above.
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Fig 3.2. Workflow diagram. Demonstration of the front and back-end workflow
of the NEAL App. Any analyses or adjustments carried out by the user in the User
Interface only affect the relevant processes in the back end. This keeps the user
focused only on the elements being updated while reducing downtime compared
to the event that the entire page is refreshed every time. Each of the steps (1

to (5 ) in the front end—the actions and changes performed by the user via the
UI—have corresponding processes in the background which are in decreasing order
of computational demand. The advantage is that these back-end processes have
little to no overlap, meaning they can be run separately when the front-end changes
are unrelated. If the change is minor (far right, in white) we do not want this to
result in an avoidable refresh involving large computations (shown to the left of
the figure in orange).

3.2.3 Back-end workflow computation
Spectrogram plot rendering

While the computation of spectrograms is relatively fast, primarily due to efficiencies
gained by implementing the Fast Fourier Transform (FFT) algorithm [21], rendering the
result in R using ggplot is slow and creates a noticeable bottleneck for the annotation
procedure. As an example, a 15 second audio clip with a sample rate of 24 kHz will pro-
duce a spectrogram with dimensions of 128 x 5622 when applying the seewave: :spectro
function with an FFT window of 256 points and a window overlap of 75% between two
contiguous windows. The geom_raster function would then have to plot ~ 720,000

equally-sized tiles, which is four times that with the linear interpolation needed for ade-
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quate resolution, and then colour by the amplitude (in dB) and apply the chosen colour
scale.

This computation must be done at least once for each audio file opened, and may
be re-run several times when adjusting FFT parameters, colour palette or zooming in
on selected areas of the plot. The common ggplot procedure of adding plot components
(such as bounding boxes or frequency guides) to the one plot is not ideal here due to the
hindrance caused by frequent interactions with, and thus changes to, the spectrogram
plot. If even a small parameter was changed (such as adding a class to the class list
UI), the entire plot would have to be re-rendered. Avoiding these barriers to labeller
efficiency is paramount to the viability of the Shiny app as an audio annotation tool.

To reduce much of this unnecessary computation, we split the computation work
of the spectrogram generation into overlapping panels, shown in Fig 3.3. These are
often independently generated or refreshed by different widgets in the Ul. The panels
(c) and (d) have a transparent background and identical axes and padding to the main

spectrogram (b). This alignment ensures that all plot layers match exactly.

Fig 3.3. Spectrogram plot. The full spectrogram plot (a) is a combination
of overlapping panels. From back to front: (b) highlights the main spectrogram,
which is the slowest to render; (¢) shows the labels panel displaying bounding box
annotations; and (d) emphasizes the time/frequency guides which gauge the time
and frequency ranges the sound clip occupies, as well as tracing the shape of the
bounding box should a label be saved.

If the user wants to get a closer look at a particular sound in the spectrogram, a
section can be zoomed in on by selecting the area of interest and double clicking on
the selected area. The plot should then re-render to show only the selected ranges in
time and frequency. The parameters in FFT settings can be tuned further to investigate
more complex sounds at this level of magnification. In particular, increasing the FFT

window size can put more emphasis on frequency resolution and less on time resolution.
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Decreasing this parameter has the opposite effect. To zoom out, the user double clicks

any point on the plot, or clicks the Reset Zoom button.

Filtered audio production

To display the audio to end-users, it is converted to a spectrogram, a visual representation
of sound. This is achieved using the Short-Time Fourier Transform (STFT) algorithm
[4], which applies the FFT algorithm on successive windows of the audio waveform. The
output of this transform is a 2D array of complex numbers, before the modulus is taken
and the results (scaled to dB) are printed to the screen.

When selecting the audio area of interest, it is often helpful to remove or significantly
reduce obvious noise which can hinder clear identification. By default, the app keeps
the selected area of the (complex) spectrogram the same, sets all values outside this
area to zero (or near-zero) and reconstructs a filtered audio clip using the Inverse Short-
time Fourier Transform (ISTFT). To do this, the complex values of the spectrogram
are kept in the back-end, rather than just the magnitudes used for visualisation. These
complex values are passed into the seewave::istft function, based on a MATLAB
implementation [313]. When the user selects some time/frequency range, only those
time/frequency segments will be played. Alternatively, if the audio frequency range slider
is adjusted, the entire duration of the audio file is included, but only those frequencies
within the filtered range. A similar reconstruction is performed through the spectrogram
noise reduction techniques carried out by noise reduction of the complex spectrogram
data. Fig 3.4 illustrates a comparison of the spectrogram and audio player appearances.

The refined audio can often sound unnatural or distorted when the magnitude of
the spectrogram values outside the selection are collapsed to zero, so the app has an
alternative option to reduce the magnitude of the audio outside the selected region by
a factor of 100. The user deselects Zero Audio outside Selected in the Spectrogram

Settings, and when the plot is clicked outside the selected box, the audio is reset.

Bounding box display

The annotations created by the NEAL app are bounding boxes: rectangular regions
defined using time and frequency coordinates by the lower left and upper right corners
of the object. The purpose of providing a bounding box as the main label is to maximize
the detail captured in a sound event annotation project. Fig 3.5 describes the varying

definitions of sound classification projects, based on the diagram in [254].
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Fig 3.4. Audio Player and spectrogram. The three versions of the audio
UI element the user will see (in Chrome), with corresponding spectrogram. The
spectrogram has been zoomed in to 0-bkHz (y-axis) and 3-6 seconds (x-axis) to
more clearly illustrate the filtering features: (a) shows the default audio player
and spectrogram shown to user; (b) conveys row-wise noise reduction applied; (c)
displays frequency filtering applied, i.e., the audio within the greyed out box is
masked and the remaining audio is reconstructed. (a) shows the raw audio file
from the workflow folder, while (b) and (c) show the temporary filtered audio files.

(b)

(c)

(a)

Blackbird

Frequency.
Frequency,
Frequency,

Wren/Blackbird/Human/.../Noise Blackbird Wren Noise Noise
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Time' Time”™ Time™

Fig 3.5. Three common types of sound event detection and classifica-
tion. (a) shows the most common setup where an entire audio clip is labelled
either using binary (e.g. bird/not bird) or multi-class classification. It does not
give any explicit temporal resolution; (b) displays sound event detection (SED).
Labels have fixed time durations, but automatic detection models classify succes-
sive time windows (small fractions of the file duration) for each class, merging
consecutive windows of the same class into larger sound events. Here, the black-
bird classification is longer than the other two detections. This illustration does
not include any frequency resolution (the annotations span the entire y-axis) but
typically, species occupy specific frequency bins; (c) is object detection setup using
bounding boxes. This clearly shows highest resolution detail among the annotation
examples shown, with the possibility of overlapping sound events in both time and
frequency domains. In this toy example, the two wren annotations have differing
frequency ranges which gives richer frequency information. Adapted from [254].

Classifying the sound clip as a whole (a) gives no indication of the duration or
regularity (how often it occurs) of a sound event, or whether multiple species are present

in a single audio file. Annotation setups where labels transcribe the time dimension
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with either no frequency resolution (b) or with a small number of set frequency bins is
called sound event detection. This does not have the flexibility to account for overlapping
vocalisations in the frequency dimension, or a large number of classes where the frequency
bins are difficult to distinguish.

Time- and frequency-specific bounding boxes (c) therefore give millisecond level
timestamps (both start and end) for sound events, as well as maximum, minimum and
median frequencies of the labelled sound clip. If not used directly for object detection
[318], frequency metrics can serve as auxiliary input to train machine learning models

for species detection [152].

Class list update

The class list is a group of buttons representing the available classes to label the identified
sounds in the audio files. A predefined list of classes is important for consistency within
and among labellers, reducing the time taken to repetitively type class names, as well
as minimizing the need to correct typos during post hoc analysis.

The list is displayed in CSS grid (default) or flex containers. The flexbox layout
makes the buttons as wide as the text for each class and automatically wraps row-wise.
The grid layout has a custom number of columns, which can be adjusted using the
Number of Columns parameter in Other Settings. The grid layout is neater while the

flexbox layout is more compact. The differences can be seen in Fig 3.6.

(a)

Blackbird Goldfinch House Sparrow  Linnet Magpie =~ Wren

Blackbird Goldfinch House Sparrow

T e o uman | B ;Nude::P,:,,Nse ———
e [ e | e [

- B
) T ey
Fig 3.6. Class list layouts. Shows the possible class list layouts for a small
example list of classes, as well as the miscellaneous categories and one manually
added class. (a) is the default layout of the classes in a grid, with the number of
columns decreased to 3 for display purposes. (b) is the same list in flexbox layout.
Note the reduced amount of empty space from shorter class names. (c) shows the
same flexbox layout with class names changed to their corresponding British Trust
for Ornithology (BTO) codes, where applicable. The space is compacted further
which becomes more apparent with longer class lists.

The different groups of classes are colour coordinated to distinguish the main classes,
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miscellaneous categories and manually added classes. Core classes in the selected site
species list have green borders, while classes manually added to the list are in blue.
Miscellaneous sounds such as human, insect or weather noise are outlined in orange. If
a label is present in the file that is not in the collective class list, its bounding box is
coloured grey in the plot.

When a new class is added to the list, the list is searched and if it is not already
present, the class is appended. If the class is found, an error message is thrown saying
the class is already present in the list.

The British Trust for Ornithology has a list of 2-letter species codes for over 250 bird
species. The app has the ability for users to view classes in the displayed list with their
corresponding code, if they have a matching species in the BTO list. bto_codes.csv
acts as a lookup table, which was sourced from https://www.bto.org/sites/default/
files/ul6/downloads/forms_instructions/bto_bird_species_codes.pdf. It has
two columns, bto_code and species_name: the first column has the two letter code
associated with the species name in the second column. An example of the conversion

is shown on Fig 3.6.

3.2.4 Other workflow features

At the top left of the screen, there is a hidden/collapsed sidebar that contains multi-
ple adjustable drop-down menus of settings. These include Configuration: general
setup inputs for the annotation project, such as the directory containing the audio files,
uploading more files to the user’s folder, uploading annotations from previous projects
and the column of species_list.csv with the relevant classes for labelling, which is
expanded upon in Extension to other audio labelling projects. Sound Settings: ad-
justable inputs for processing incoming audio files, including dB gain (or amplification
factor) and the length of audio clips to display in the spectrogram (the default is 15
seconds). Spectrogram Settings: adjust the visual aspects of the spectrogram plot,
e.g. the colour palette, plot height and whether to include time and frequency guidelines
for boxes drawn. FFT Settings: parameters for the Short-Time Fourier Transform
(STFT) calculation via the spectro function. Other Settings: miscellaneous widgets
for adjusting the class list, label summary table and label edit table.

Metadata is a helpful addition to annotation workflows, providing context for users
who may not have been involved in the project design or data collection phases. The app

attempts to link audio files to a predefined list of recorders that were deployed in order to
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give information to end-users on aspects of the study site such as habitat type, location
and distance to coastline, then displays them in a collapsible panel to be consulted as
desired. For example, the location of the recordings may give important context for
detecting species, in particular for migratory birds. Addressing the information needs
of labellers by providing all available metadata for context can improve the accuracy of
the classifications [173].

With a key objective of the app being labeller efficiency, using keyboard shortcuts
instead of repetitive mouse drags and clicks enables increased precision and productivity.
This was not included in the main procedure but is a useful addition to efficient labeller
workflow. Available hotkeys include saving and deleting labels, navigating to the previous
or next file, pausing and playing the current audio file and adding or deleting classes in
the class list.

The label edit table is an interactive revision tool that describes all labels for the
current file. This can be enabled in the Other Settings tab in the sidebar, where it
then appears at the bottom of the app. It will only display when the current file has
at least one label. Some of the fields from saved annotations can be edited, such as the
time/frequency limits of the bounding boxes, class identified and label confidence.

The summary table is another revision tool providing an abridged description of all
files in the workflow folder. It can also be enabled through the Other Settings tab. The
user can filter these files by name, number of labels present per file and even split the
label counts per file by the classes present. Users can quickly navigate between a large
number of files to find other examples of previously labelled species.

When the labelling project is complete and the user wishes to access their labels
(especially on a server), they can be exported using the Download button. This is
located in the Label buttons section towards the bottom of the main body of the app.
These labels are exported to the Downloads folder of the user’s local machine. This

download feature works both on a server or local deployment.

3.3 Case Study

All examples and results in this paper come from data recorded for the Nature+Energy
project [160], part of which involves developing an acoustic monitoring system for
on-shore wind farm sites in Ireland. Over 1,700 hours of audio was collected be-
tween April and July 2022. Wildlife Acoustics Song Meter Mini Bat (https://www.

wildlifeacoustics.com/products/song-meter-mini-bat) units were mounted at
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approximately 1.5 metres above the ground, placed between a wind turbine and some
linear feature such as hedgerows or gaps in tree cover. For the first stage of the project,
we selected five recording sites (one recorder per location) representing the variety of
habitat types present.

Nature+Energy is a collaboration between academic researchers and industry part-
ners that aims to measure and enhance biodiversity at onshore wind farms throughout
Ireland. The project focuses on exemplar wind farm sites, located in typical habitats
where wind farms are situated in Ireland.

Wind energy is undergoing substantial growth in Ireland, providing over 30 percent
of its energy needs in 2020 and expected to reach 80 percent by 2030 [44]. With the
increase in wind turbines comes the possibility of biodiversity degradation, with bird and
bat populations being particularly vulnerable to collision mortality [212, 36]. The need
for monitoring systems is crucial to inform habitat management planning, potentially
reducing habitat decline, fatalities and issues specific to each site. Through the Nature
+ Energy project, a number of acoustic sensors were set up as a non-invasive monitoring
method at select study sites across the country. A description of each recorder, and the

sites where each was deployed, is given in Table 3.2.

Table 3.2. Summary of Wind Farm Study Sites. The study sites represent a
diverse array of land use types, including coastal and inland agricultural lands and
commercial forestry. Sites vary significantly in characteristics such as area, number
of turbines installed, and hours of acoustic and ultrasonic recordings. The volume
of data collected is based on the length of recorder placement and frequency of
recorder maintenance.

Hours recorded
Site Land Use Type Area (Ha) | No. Turbines | Acoustic | Ultrasonic
Carnsore Point Agricultural (coastal, pasture) 80 14 547 19.6
Cloosh Valley Commercial forestry on peat substrate 1378 36 438 11.9
Rahora Agricultural (inland, arable) 24 5 170 14.2
Richfield Agricultural (coastal, arable) 112 18 850 52.4
Teevurcher Agricultural (inland, pasture) 60 5 156 1.7
Total 1654 78 2161 99.8

Passive acoustic monitoring provides rich insight into species abundance, and tem-
poral and spatial granularity [282]. Due to the nature of where the recorders are located,
anthropogenic noise from the wind turbines has an adverse effect on data quality, espe-
cially for labelling species with calls occupying lower frequencies. There is a need for
frequency granularity to conceal other species or noise sources occurring simultaneously.
Metadata, as mentioned in Other workflow features, is a helpful addition to give labellers

insight on aspects of the study site such as habitat type, time of day/year, and location.
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Project annotation procedure

A version of the app was deployed to an Rstudio Connect server integrating user login
via AuthO (authO.com). Users (bird experts) were assigned a sample of audio files from

multiple wind farm sites that were believed to contain sounds of interest. A summary of

the actions involved in labelling a selected segment of audio with a bounding box (Steps
@ to @ in Detailed labeller instructions) is outlined in Fig 3.7 below.

oz e a Rtz e

Fig 3.7. Spectrogram labelling exémple. (a) View spectrogram an play
audio. (b) Drag a box around the audio of interest. (c) Select identified class. (d)
Click Save Selection.

Results of labelling

A small sample of the results obtained from labelling are shown in Fig 3.8. These
examples illustrate the diversity of bird vocalisations found on wind farms, even within
the same species. The structure, duration and frequency ranges of bird vocalisations are
shown to vary, the latter of which could not be extracted via one dimensional labels.
Noise from the wind turbines on the study sites is especially noticeable in the examples
on the left.

A sample of the count data for non noise-related classes labelled are shown in Ta-
ble 3.3. There are several zeroes in the table, indicating the diversity of the selected
study sites, which cover different geographic regions and habitat types. Further details
on the bird species identified by bird experts, using NEAL, during the case study are

included in Table S3.1 in Bird conservation status in the appendix. It displays bird con-
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ple audio collected from wind farm sites across Ireland. (a), (¢) and (e) in the first
column show different vocalisations of the chaffinch. (a) can be readily identified
both visually and through listening to the audio, whereas (c) and (e) are increas-
ingly difficult to distinguish from noise. Adjusting the contrast or applying noise
reduction in the spectrogram settings may help with identifying examples similar
to these. The structure of the vocalisations in (a) and (c) are quite dissimilar
despite coming from the same species, which can be optionally captured using the
call_type input. (b) shows a distinct robin vocalisation which was easily identified
given little background noise. (d) includes three separate vocalisations of a linnet,
since the sounds are separated by a natural pause. (f) contains three vocalisations
of a blackbird. This sits partially in the range of wind turbine noise, and would
be difficult to identify if the noise was more prominent or the bird was located
further from the recorder.

servation data and information on their distribution across Ireland, and was obtained
from [80].

Some common species such as the Blackbird, Meadow Pipit and Robin are present
across almost all sites, while the Yellowhammer is only present at one site due to it
being a rare species that feeds on cereal crops. The annotations that were discerned
to be birds but could not specifically be identified (representing about 8% of non-noise
related labels collected, not included in the table) can be returned to the same labeller
for deeper analysis or given to another labeller for a second opinion. Both could make
use of the output of a trained species recognition machine learning model to inform the

decision.
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Table 3.3. Example raw species counts from labelled data

Carnsore Cloosh Conservation

Class Point Valley Rahora Richfield Teevurcher Status
Blackbird 37 0 107 73 96 Green
Chaffinch 0 141 0 32 0 Green
Dunnock 26 1 0 12 0 Green
Goldfinch 12 0 0 0 0 Green
Hooded Crow 0 0 13 1 16  Green
House Sparrow 0 0 20 0 0 Amber
Linnet 49 0 15 42 2  Amber
Meadow Pipit 17 1 33 15 51 Red
Pied Wagtail 7 0 1 4 2  Green
Robin 0 62 4 49 7  Green
Rook 0 0 10 83 0 Green
Sedge Warbler 11 0 0 1 0 Green
Starling 0 0 37 0 0 Amber
Stonechat 30 0 0 0 0 Green
Wren 26 0 12 143 0 Green
Yellowhammer 0 0 60 0 0 Red
Blue Tit 0 0 0 7 0 Green
Buzzard 0 0 2 0 1  Green
Coal Tit 0 6 0 1 0 Green
Curlew 1 0 0 0 0 Red
Goldcrest 0 3 0 0 0 Green
Grasshopper Warbler 3 0 0 0 0  Amber
Great Tit 0 0 0 5 0 Green
Jackdaw 0 0 0 0 1  Green
Magpie 0 0 1 0 0 Green
Mallard 3 0 0 1 0 Green
Opystercatcher 1 0 0 0 0 Amber
Pheasant 0 0 1 0 0 Green
Skylark 1 0 0 0 0 Amber
Song Thrush 3 0 0 0 0 Green
Swallow 1 0 0 0 9  Amber
Teal 0 1 0 0 0 Amber
Woodpigeon 0 0 4 1 0 Green

The table details the most and least common species identified by NEAL. The
top species were those with a total count of more than 10, while less frequent
species are shown below. Some bird species, such as the Robin (Erithacus
rubecula), regularly exploit a wide variety of habitats and food resources, and
thus are common and widely distributed. Others however, have more specific
habitat requirements. Oystercatchers (Haematopus ostralegus), for example, are
limited to coastal habitats where they feed on large invertebrates such as
mussels. NEAL identified several birds of conservation concern in Ireland (Status
Red), including the Yellowhammer, Curlew, and Meadow Pipit.

The table details the most and least common species identified by NEAL. The top
species were those with a total count of more than 10, while less frequent species are
shown below. Some bird species, such as the Robin (Erithacus rubecula), regularly

exploit a wide variety of habitats and food resources, and thus are common and widely

41



3.3. CASE STUDY

distributed. Others however, have more specific habitat requirements. Oystercatchers
(Haematopus ostralegus), for example, are limited to coastal habitats where they feed
on large invertebrates such as mussels. NEAL identified several birds of conservation
concern in Ireland (Status Red), including the Yellowhammer, Curlew, and Meadow
Pipit.

Counts of annotations from the first set of data gathered from deployed recorders are
shown in Fig 3.9. It displays the activity periods of selected species from the recordings.
The recorders were deployed from April-July, which in Ireland is a period when day
length is at its greatest; on June 21st, the summer solstice and longest day of the year,
Ireland receives approximately 17 hours of daylight. This figure provides an example of
the type of data that can be extracted from acoustic recordings, and it could potentially
be used to aid management decisions, especially for particularly vulnerable species such
as raptors. Some species such as the Yellowhammer tend to be identified throughout
the day, whereas others such as the Robin and Chaffinch occur in shorter bursts of
activity interspersed with lulls. If multiple recorders were placed on the sites, it could
also inform how bird species are using the site throughout the day - for example, to
determine whether they are just passing through the study area or are foraging multiple

locations throughout the day.

Yellowhammer[n=60]

Wren[n=181]

Rook[n=93] *:

Robin[n=106]

— T e——
Meadow Pipit[n=117] _
—— T e T e ee—

Linnet[n=108]

Chaffinch[n=173] *———.—

Blackbird[n=313]

o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 2
Hour of day

Fig 3.9. Distribution of selected labelled species by timestamp in record-
ing.
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3.4 Extension to other audio labelling projects

Our app is built so that it can be configured for other audio labelling tasks beyond
the bird species classification demonstrated in our case study. Here we provide some
guidance on setting up the input files if they are being expanded to similar areas or
changed to cover other domains.

To proceed, a new user merely needs to download (or clone) the GitHub repository.
Upon running, the app automatically will create a new user if one is not found in the www
directory. The user can then add audio files into the XXX directory. The expected audio
filename format is RECORDERNAME_YYYYMMDD_HHMMSS.wav. If the files are split up into
smaller segments, the additional convention _start_MM_SS should be appended before
the filename extension to indicate the number of minutes/seconds into the recording that
they start. This allows the date and time to be parsed from the above filename format
and shown in the metadata panel.

Users can copy annotations (or upload if using on a server) from previous labelling
projects using the upload button in the Configuration tab in the sidebar panel. These
labels could be from manual work or generated by an ML model or some other automatic
method. The CSV label data should at least contain the following:

o file_name: Name of the corresponding audio file in the Data Folder
o start_time: Start time (in seconds) of the bounding box

o end_time: End time (in seconds) of the bounding box

o start_freq: Start frequency (in kHz) of the bounding box

o end_freq: End frequency (in kHz) of the bounding box

o class_label: Class of sound (e.g. bird species) assigned to this bounding box

Labels will be stored in labels/labels_<username>.csv if such a folder by this
name exists in the above directory. Otherwise the labels are saved in labels/labels_tmp.
The information contained in each label includes: the time the annotation was made;
for which audio file; the start and end time/frequency bounds of each bounding box;

the class name; label confidence; labeller and optional call type and additional notes.
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The app uses multiple read-only input data tables to accompany the folder of audio
files. These include the recorder (study site) location data, species lists and BTO codes.
If any of these are edited or replaced for a new annotation project the files should be
located in the parent folder of the GitHub repository, and saved in .csv format using

UTF-8-BOM encoding. This ensures that column names and text strings are read correctly.

Species List

NEAL allows for multiple species lists to be included, all of which are stored in
species_list.csv. The file has one column for each site being studied, with the
first entry of each column being the site name. Columns can have different numbers of
rows (species), i.e. all those one expects to find at the given site. The species names
can be stored in the column in any order as they are sorted alphabetically at run time.
Columns can be appended to it by uploading via a widget in the Configuration tab.
Each of the columns in the uploaded data not already present in the species data are
appended.

The location_list.csv file has a list of recorders that were deployed along with
accompanying metadata about the sites studied. If the current audio file in the above
format matches a recorder in the list, the following columns of the file are passed to the

metadata tab:

e recorder_name: prefix for audio file names recorded by this device

lat: latitude of the recorder for the study period, in decimal degrees

¢ long: longitude of the recorder for the study period, in decimal degrees
¢ location_name: name of the study site

¢ location_county: county of study site

¢ habitat_type: primary habitat type of the study site

o dist_to_coastline: approximate distance to the nearest coastline in kilometres

If any of this information is unavailable, the column name in the metadata panel will
still appear but the body of text will be blank. Extra columns can be added to the file,

where they will be printed verbatim to the metadata panel.
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3.5 Conclusion

NEAL is an open-source application for visually examining and annotating audio data.
The tool was designed with the primary goal of improving labeller efficiency and con-
sistency. Vocalisations are tagged with comprehensive annotations providing time and
frequency detail, accurate to several decimal places. Call type and an open text field
for notes attempt to capture multiple modes of information, with the possibility of per-
forming multiple labelling tasks simultaneously. A labeller providing classifications of
different bird species, as well as the call type and identifying sources of noise in each
sound clip, has generated three potentially separate sets of labels without expending
more effort than generating only one. These can each serve as targets for a machine
learning algorithm to predict.

The Shiny package for R allows for an interactive front-end, while its reactive ability
reduces unnecessary computational expense. Its no-code interface allows domain experts
to interact with the data without any knowledge of R programming. While the app was
designed mainly for classifying bird audio, it can be expanded to projects with data
focusing on bats, frogs, small mammals and insects - all are popular in bioacoustics
research.

There is room for extending the functionality of the app. Expanded contextual in-
formation such as weather data, proximity to Special Areas of Conservation and habitat
type could prove particularly useful. New interactive tables and visualisations (even
the static summary visualisations presented in this paper) could be used to investigate
outliers and labeller inconsistency. For example, it may be informative to highlight indi-
vidual audio clips or entire species where labellers frequently disagree with the majority
consensus, or to compare the average label confidence of each species found. The app
being open-source means others can contribute or request features, driving innovation
for future releases. R is one of the most popular programming languages in bioacoustics
and new features to the app can be easily added on through the Shiny app’s modular
design.

While we did spend a significant amount of time during the development of the app
to reduce the rendering time for the spectrogram plots, we could not find a feasible
way to get to the speed of the compared-with apps in R which would also produce high
resolution interactive plots. Future versions of the app hope to find methods to speed
up computation to more acceptable levels. Since the app uses ggplot, which we have

found to be slow in rendering a large number of tiles for the spectrograms, NEAL’s
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performance should improve in line with its development. If the app continues to lag
behind the compared-with software, some C++ plugins may be able to help with render

speeds.
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3.A Supplementary Information

Detailed labeller instructions

A more detailed version of the general workflow defined above in General labelling work-

flow carried out by labellers is below. Items without numbers are optional steps.

1. Go to the deployed app at the given URL. Login via the AuthO page.

46



3.A. SUPPLEMENTARY INFORMATION

. Click the user icon in the top right, then start labelling. The first audio file and

corresponding spectrogram should load

Nagivate to the next file with little or no annotations. This can be inspected with

the dropdown menu, displaying the number of annotations in brackets.

Tune parameters in the sidebar to the desired configuration. In particular, the
spectrogram parameters such as colour palette and contrast may be adjusted until

the user is comfortable with the visual distinction of the sounds present.

If the user can already visually detect sound events (e.g. bird vocalisations or

common forms of noise), these can be annotated as described in steps (3 -(6 ).

. Play the audio until the user comes across a sound of interest. Once identified,
place the mouse at the top left corner of the vocalisation you identified and drag

to the bottom right of the object, drawing a moderately tight box around it.

. The audio player now updates to have a filtered audio file, reconstructed using
only the times and frequencies within the box drawn. This should assist the
user in identifying the sound by removing much of the noise present from other
frequencies, and cropping the audio to the small clip of interest. To return to the

raw audio file, click anywhere on the plot.

. Once they have identified a sound: if it is in the class list, click the corresponding
class’s button; otherwise, add it using the text box below and then add it to the
list.

If any additional information can be extracted from the audio, such as the call type
of the species or miscellaneous notes, or the labeller’s confidence of a particular
annotation is less than certain, they can be included using the text fields on the

bottom right of the app’s main page.

. When the desired class is selected from the class list, redraw a tight box around
the vocalisation and click Save Selection directly below the plot. This will save

the annotation and draw a bounding box with the chosen label onto the plot.

If the user wishes to change any of the bounding boxes, they can be deleted using
the delete button in the label buttons section and and redrawn using the above

steps. Alternatively they can be edited using the label edit table which can be
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enabled in the Other Settings tab. This is described more in the Extension to

other audio labelling projects section.

7. Continue annotating the file by repeating steps (3 ) to (6 ) until no more unla-

belled sounds of interest remain.

8. Proceed to the next file using the file navigation menu or adjacent navigation

buttons and go back to step (3 ).

9. Once the user finishes their session, click the user icon again, followed by End
Labelling to finish.

Bird conservation status

Table S3.1. Bird species identified with conservation status and distri-
bution across Ireland

Conservation
Common Name Scientific Name Bird Family Status Ireland Distribution
Blackbird Turdus merula Thrushes Green Widespread and common resident
Blue Tit Cyanistes caeruleus Tits Green Widespread and common resident
Buzzard Buteo buteo Raptors Green Widespread and common resident
Chaffinch Fringilla coelebs Finches Green Widespread and common resident
Coal Tit Periparus ater Tits Green Widespread and common resident
Declining resident population &
Curlew Numenius arquata ‘Waders Red winter visitor to wetlands
Dunnock Prunella modularis Dunnocks Green ‘Widespread and common resident
Goldcrest Regulus regulus Kinglets Green Common resident (coniferous forests)
Goldfinch Carduelis carduelis Finches Green Widespread and common resident
Grasshopper
‘Warbler Locustella naevia Warblers Amber Widespread summer visitor
Great Tit Parus major Tits Green Widespread and common resident
Hooded Crow Corvus cornix Crows Green Widespread and common resident
House Sparrow Passer domesticus Sparrows Amber Widespread and common resident
Jackdaw Corvus monedula Crows Green Widespread and common resident
Linnet Carduelis cannabina Finches Amber Widespread and common resident
Magpie Pica pica Crows Green Widespread and common resident
Mallard Anas platyrhynchos Ducks Green Common resident (wetlands)
Common resident
Meadow Pipit Anthus pratensis Pipits Red (rough pastures and uplands)
Resident & winter visitor
Oystercatcher Haematopus ostralegus ‘Waders Amber (coast and inland lakes)
Introduced - Widespread
Pheasant Phasianus colchicus Game Birds Green and common resident
Pied Wagtail Motacilla alba yarrellii ‘Wagtails Green Widespread and common resident
Robin Erithacus rubecula Chats Green Widespread and common resident
Widespread
Rook Corvus frugilegus Crows Green (absent from expansive uplands)
Acrocephalus
Sedge Warbler schoenobaenus Warblers Green Widespread and common summer visitor
Common resident
Skylark Alauda arvensis Skylarks Amber (uplands and areas of farmland)
Song Thrush Turdus philomelos Thrushes Green Widespread and common resident
Starling Sturnus vulgaris Starling Amber Widespread and common resident
Widespread resident
Stonechat Saxicola rubicola Chats Green (scrubland, mainly near the coast)
Swallow Hirundo rustica Swallows & Mar- Amber Common summer visitor
tins
Teal Anas crecca Ducks Amber Small numbers throughout Ireland
Woodpigion Columba palumbus Pigeons & Doves Green Widespread and common resident
‘Wren Troglodytes troglodytes ‘Wrens Green Widespread and common resident
Declining resident mainly in the east and
Yellowhammer Emberiza citrinella Buntings Red south. Strongly tied to cereal cultivation
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& Mﬁ‘(lg?s".w NEAL: A SHINY APP FOR AUDIO ANNOTATION

Anthony Gibbons

Nature+Energy Supervisors: Andrew Parnell, Ian Donohue

Hamilton Institute, Department of N ¢ wnd Statistics, Maynooth Univer:

Passive acoustic monitoring is used widely in ecology, biodiversity, and conservation studies. Data sets collected via acoustic monitoring are often extremely large and built to be processed
automatically using Artificial Intelligence and Machine learning models, which aim to replicate the work of domain experts. These models, being supervised learning algorithms, need to be
trained on high quality annotations produced by experts. Since the experts are often resource-limited, a cost-effective process for annotating audio is needed to get maximal use out of the
data. We present an open-source interactive audio data annotation tool, NEAL (Nature+Energy Audio Labeller). Built using R and the associated Shiny framework, the tool provides a
reactive environment where users can quickly annotate audio files and adjust settings that automatically change the corresponding elements of the user interface. The app has been designed
with the goal of having both expert birders and citizen scientists contribute to acoustic annotation projects. The paper is in preprint on arXiv [1].
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4.1. INTRODUCTION

Abstract

Obtaining data to train robust artificial intelligence (AI)-based models for species clas-
sification can be challenging, particularly for rare species. Data augmentation can boost
classification accuracy by increasing the diversity of training data and is cheaper to
obtain than expert-labelled data. However, many classic image-based augmentation
techniques are not suitable for audio spectrograms. We investigate two generative Al
models as data augmentation tools to synthesise spectrograms and supplement audio
data: Auxiliary Classifier Generative Adversarial Networks (ACGAN) and Denoising
Diffusion Probabilistic Models (DDPMs). The latter performed particularly well in
terms of both realism of generated spectrograms and accuracy in a resulting classifi-
cation task. Alongside these new approaches, we present a new audio data set of 640
hours of bird calls from wind farm sites in Ireland, approximately 800 samples of which
have been labelled by experts. Wind farm data are particularly challenging for clas-
sification models given the background wind and turbine noise. Training an ensemble
of classification models on real and synthetic data combined compared well with highly
confident BirdNET predictions. Each classifier we used was improved by including syn-
thetic data, and classification metrics generally improved in line with the amount of
synthetic data added. Our approach can be used to augment acoustic signals for more
species and other land-use types, and has the potential to bring about advances in our
capacity to develop reliable Al-based detection of rare species. Our code is available at
https://github.com/gibbonal/SpectrogramGenAl.

Keywords: Bioacoustics, Data Augmentation, Deep Learning, Generative Models,
Generative Adversarial Networks, Passive Acoustic Monitoring, Species Recognition,
Stable Diffusion

4.1 Introduction

Species monitoring is a major component of assessing biodiversity and ecosystem health,
serving as a barometer of environmental change and conservation needs. The dynamics
and diversity of bird communities are key indicators of ecosystem health and environmen-
tal change [142]. Birds provide valuable ecosystem services, which include limiting pest
populations [71], seed dispersion [162] and pollination [271]. The fields of bioacoustics

and ecoacoustics have long studied the behaviour and diversity of bird species activity
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via sound. Acoustic monitoring has become increasingly popular due to increased ef-
ficiency, and reduced cost, compared to traditional methods [47, 221]. However, many
concerns remain surrounding the accuracy and ability of software to identify bird species
from acoustic recordings [77, 225].

Computer vision developments have carried over to the field of bioacoustics to detect
species via sound. Audio is represented as spectrograms in order to use image classifica-
tion methods [254]. Labelled data is required to train such classifiers, necessitating audio
clips annotated to the degree of detail desired with, for example, content such as species
[256], call type [20], individual animals [150], or other audio events present. However,
manual labelling of these datasets is both costly and time-consuming to obtain, requir-
ing expert knowledge of bird vocalisations and skills in annotation software. Machine
learning, in particular supervised learning, can automate large parts of such classifica-
tion workflows, and requires high quality training data. Bioacoustics is still a nascent
field and lacks standardised labelled datasets [254] to facilitate training these models.
To expand on the limited data available, data augmentation is often applied. However,
not all data augmentation methods designed for images apply readily to spectrograms
due to their inherent time-frequency structure [316].

We investigate both Auxiliary Classifier Generative Adversarial Networks (ACGAN)
[184] and Stable Diffusion models [218] as data augmentation methods for enhancing
bird call spectrogram classification models, with the aim of reducing the amount of
domain-specific labelled data required to train species classifiers. Our key contributions

include:

e Application of Stable Diffusion to bird species monitoring. The model generates
high-quality and diverse spectrograms of bird sound, as supported by both image
and audio quality evaluation metrics. As far as we are aware, this is the first

application of stable diffusion to bioacoustic classification of bird species.

e Improved classification. Each classifier we used found some improvement by in-
cluding synthetic data. Classification metrics generally improved in line with the

amount of synthetic data added.

¢ Ecoacoustic pipelines. We suggest generative models to enhance bioacoustic clas-
sification pipelines. Our Stable Diffusion model produces high-quality diverse
spectrograms, improving bird song classification accuracy and reducing the need

for expensive expert-labelled data.
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Our paper is structured as follows. First, we give background on acoustic species
classification and data augmentation and place our techniques in the context of existing
data augmentation methods. After describing the details of our acoustic dataset, we then
detail the audio pre-processing and the generative models we employed. We use the terms
stable diffusion, diffusion models, Denoising Diffusion Probabilistic Models (DDPMs),
and latent diffusion interchangeably once the stable diffusion model is introduced. We
then provide a detailed description of our experimental design and results, and follow

this up with in-depth discussion of our results, limitations and paths for future work.

4.2 Existing Methods

Passive Acoustic Monitoring (PAM) is a non-invasive technique where sensors are de-
ployed in the field to record audio, usually on a pre-defined schedule, for weeks, months
or years at a time without intervention. The ever-decreasing cost of recording equipment
and data storage has allowed much larger PAM datasets to be collected [134, 165, 220].
The advancement of deep learning methods has continued to grow, allowing automatic
species detection methods to achieve higher classification performance for the growing
volume of data emerging via PAM. The scale and sophistication of these classifiers has
advanced rapidly from presence/absence [158] to classifying single digit [215] to tens and
hundreds [3, 315] of species. BirdNET [123] and Perch [75], both considered among the
current state of the art in terms of bird classification capabilities, were trained on over
6,000 and 10,000 bird species globally, respectively.

The typical bird species classifier’s input format will be as spectrograms, a visual
representation of sound (see Figure 4.4). The spectrograms are coloured by sound energy
levels across time and frequency. These may be standard (linear-frequency), mel (to
better align with human sound perception), or log-frequency spectrograms. Other audio
representations used as input for classification include Scalogram [239], MFCC [27§],
Gammatone Filterbank [190], Constant-Q Transform [281] and the raw waveform itself
[146].

While generalised solutions for bird species classification such as BirdNET and Perch
are widely applicable, fine-tuned approaches are often desired for specific tasks [144]. The
benefits include optimising hyperparameters, improving performance and robustness or
reducing the number of parameters, which, in turn, reduces the size and computational
cost of deploying such models [117, 147]. Training custom classifiers is commonly done

through techniques such as transfer learning [312] and knowledge distillation [88, 101].

54



4.2. EXISTING METHODS

These training processes necessarily require some amount of labelled training data from
the specified task of interest. This can, in the case of acoustic data containing bird
species, be time- and labour-intensive to obtain. When the amount of reliably labelled
data is limited, additional strategies become appropriate to increase the utility of the
available recordings.

Semi-supervised learning is a strategy to remedy class imbalance or issues with low
volumes of high quality data, where labelled datasets are supplemented with unlabelled
data [89]. It is common, for example, to train a classifier on a small amount of labelled
(human-verified) data, run through a large amount of unlabelled data, and take the
highly confident predictions to be pseudo-labels. Unsupervised learning models are also
commonly used to generate these pseudo labels. The model is then retrained with both
the labelled and pseudo-labelled data and, now that it has more examples to learn from,
this often results in improved performance. Semi-supervised learning has been applied
to bird call classification with few shot learning [174], beluga whale detection [314], and
individual bird recognition via object detection [62]. In our setting, the entirety of our
training and validation datasets are unlabelled, i.e. pseudo-labelled by highly confident
(over 50% confidence level) BirdNET predictions but not human verified. The test set
contains highly confident human annotated data from the same sites, and our aim is for
a robust model that performs well on this unseen test dataset.

Data augmentation is widely used to improve the performance of image classification
models by artificially increasing the diversity of training data. Common augmentation
techniques such as flipping, rotation, cropping, translation, and scaling/zooming help
improve generalisation by providing varied perspectives of the same image content [243].
However, these methods are less applicable to spectrograms due to the inherent time
() and frequency (y) structure of the latter [70]. For example, excessive translation in
the form of time or pitch shifting can distort the temporal correlation or pitch accuracy,
leading to misleading representations of the audio content [316]. While techniques such as
mixup [310] and adding background noise [176] are somewhat common for augmenting
spectrograms, they also present challenges. Mixup, which interpolates between two
samples, has shown promise [175], but can introduce temporal correlation artifacts or
fail to maintain the original signal’s integrity. Additionally, adding background noise can
degrade the quality of the signal, especially if a large volume of clean samples with birds
present is not available, potentially hindering the model’s ability to distinguish between
the target sound and the noise [131].

Generative models have emerged as a popular technology capable of creating diverse
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content, be it text, images, videos, or music/audio. There has been a recent surge in
interest in generative AI with the release of Dall-E [208], MidJourney [167] and Stable
Diffusion [218], which are being used in personal and commercial projects of all scales.
Synthetic image generation started with autoencoders [279, 133] and autoregressive mod-
els [275], before Generative Adversarial Networks (GANs) became the state of the art
[83]. Many more specific architectures based around GANs were designed and trained for
their own specific use cases in image generation, such as GauGAN for generating images
based on an initial semantic layout [191]. WaveGAN and SpecGAN generate audio in
the form of raw waveforms and spectrograms respectively [49]. A similar approach using
mel spectrograms is melGAN [138]. Diffusion models are a more recent advancement
that led to Stable Diffusion, involving both an autoencoder and a diffusion model on
the latent representation of images. Latent diffusion models have begun to be used for
spectrogram generation [106].

Our implementation of generative Al focuses on supplementing training data to im-
prove classification performance that has been demonstrated in bird species classification
[93]. In contrast, many generative Al uses are purely focused on image/data synthesis
for direct use. ACGAN has specifically been applied for acoustic classification of bird
species [34, 67] but we include here since it is a more widely used architecture and is
faster at generating samples than diffusion models. Diffusion models have been used
to improve classification performance of marine mammals [192] but, as far as we are
aware, this is the first implementation of them as augmentation methods for bird species

classification, and the first use of either method for species classification at wind farms.

4.3 Materials

In this section, we discuss the audio data collection setup and the steps required to gen-
erate pseudo-labelled training and validation sets using a state-of-the-art classification
model. We use a set of human-labelled data using NEAL [79], an audio annotation Shiny
app, as an unseen test set to assess our classifiers.

For our study, audio data were collected from five wind farm sites across Ireland using
the Song Meter Mini Bat recorder from Wildlife Acoustics [290]. The data were collected
as part of the Nature+Energy Project, a research collaboration between academic sci-
entists, industry partners, and governmental agencies that focuses on facilitating the
enhancement of biodiversity on onshore windfarms in Ireland [84]. Sites were selected

as representative of onshore windfarms across Ireland, and the habitats and land-uses in
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which they are typically co-located [132].

The acoustic settings were configured as follows: a sample rate of 24 kHz was used,
with a recording schedule of 5 minutes followed by a 15-minute non-recording interval
to extend deployment time. The right channel gain (the left channel is the ultrasonic
microphone) was set to 24 dB. The files were saved in .wav format. For this study,
recordings from one recording cycle of each of the five wind farm sites were used, totalling
approximately 640 hours of acoustic data. Deployments varied in length, as did the
frequency of collecting batches of data stored on the SD cards. Some summary statistics

about our data set are shown in Table 4.1.

Table 4.1. A description of our wind farm audio dataset.

Site Location Date range # files  # hours

Carnsore Wexford 06 Jul 2022 - 23 Aug 725 60
2022

Cloosh Valley Galway 22 Dec 2022 - 19 Jan 920 7
2023

Rahora Kilkenny 07 Jan 2023 - 16 Apr 2612 218
2023

Richfield Wexford 05 Jul 2023 - 27 Jul 1504 125
2023

Teevurcher Meath 30 May 2022 - 26 Jun 1921 160
2022

Total 7682 640

We ran the classification model BirdNET [123] on each file in the dataset, which
partitions the data and classifies each 3 second clip. The model produced 67,163 detec-
tions in total, or approximately 56 hours, representing 8.7% of the dataset. The data
were refined further by selecting only those bird classes with at least 100 examples. We
chose this threshold to ensure reliable estimation of per-class accuracy metrics and to
allow meaningful training and validation of both the generative and classification mod-
els. For each of these species, we selected up to 500 of the most confidently identified
examples (confidence over 0.5) by BirdNET. Our final filtered dataset has 8,248 audio
clips involving 27 distinct bird species. A further 17,810 clips with confidence between
0.25 and 0.5 were included in the training and validation sets in later runs for a more
generalised model, for a total of 26,058 audio clips.

The BirdNET pseudo-labelled dataset was used as a training and validation set,
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with a 90-10 split stratified by class to deal with the imbalanced distribution of the
data. Table 4.2 shows a list of the classes together with their split in terms of training,
validation and test sets by class.

The test set consists solely of human-labelled audio samples, where experts annotated
the data with NEAL [79] software with each annotation containing a confidence score.
The annotated data are from the same sites as listed in Table 4.1 but from files that
are not included in the training or validation datasets. Keeping the test set distinct
ensures that it remains independent, preventing overfitting and data leakage. After
some remapping of class names to account for slight discrepancies with custom labels,
and including only those with one of the 27 classes mentioned above, we arrived at a
test set with 1,334 examples. These labels were in the form of bounding boxes and could
be up to 15 seconds long. We thus only took the first 3 seconds of each label to match
with BirdNET samples. Cropping the annotations thus has a chance of excluding parts
of the vocalisations that occur later in the clips but the annotations always begin when
the species is already clearly vocalising. After removing labels with labeller confidence
less than 0.9, the final test set had 825 examples.

The test set distribution is different to both training and validation sets, with some
of the 27 classes not being in the test set. We chose to keep those extra classes not in the
test set in order to 1) give the generative models more data to learn from and 2) train
more generalised, robust classifiers, i.e., models capable of handling changes in the data
distribution and maintaining performance across varied conditions as would be required
in noisy environments such as wind farms. Furthermore, due to the limited size of the
test set, we decided not to include any real examples in the training or validation data
and preserve the full amount as a human benchmark. During evaluation of the test set
we ignored these missing classes when calculating the accuracy of predictions for the

classifiers.

4.4 Methods

Our study employs a multi-step approach to generate and evaluate the quality of spec-
trograms of bird sounds. We begin this section by describing the preprocessing steps
involved converting the raw audio into mel spectrograms. We then give background
on generative models used, how controllable generation allows for generating (labelled)
samples of a specific class, and the differences between the reference models and ours.

We assess the quality of synthetic images to decide on the better generative model to

58



4.4. METHODS

Table 4.2. Distribution of species in the dataset. The data were split via
class-stratified random sample: 90% for training, 10% for validation, with human

labels as test. The horizontal bars visualise the distributions.

Note that some

classes are missing in the test set because of the limited amount of human-verified
samples. For example, Carrion Crow is quite rare in Ireland, and does not appear
in the test set. Examination suggests that these pseudo-labels are likely to be
Hooded Crow.

Common name # Train  # Val # Test % train % val % test

1 Barn Swallow 299 33 0 m4 m4 0

2 Carrion Crow 250 28 0 m34 m34 0

3 Common Chaffinch 195 22 112 m26 2.7 ml13.6

4  Common Wood-Pigeon 250 28 3 m34 m34 104

5 Dunnock 450 50 11 mo6.1 m61 11.3

6 Eurasian Blackbird 414 46 251 m 56 w56 w304

7 Eurasian Blue Tit 383 43 3 mbH?2 mb52 104

8 Eurasian Linnet 450 50 41 mm6.1 mG61l §b

9 Eurasian Magpie 121 13 0 116 11.6 0
10  Eurasian Skylark 429 48 0 mb58 m58 0
11 Eurasian Wren 450 50 96 mm 0.1 mG61l ml11.6
12 European Goldfinch 379 42 6 mbH.1 mb51 107
13 European Greenfinch 99 11 0 113 11.3 0
14 European Robin 450 50 63 mm0.1 mG61l m7.6
15 European Starling 95 10 31 11.3 11.2 138
16 European Stonechat 450 50 9 mo6.1 mo6.1 111
17 Goldcrest 121 13 3 116 116 104
18  Great Tit 123 14 4 117 11.7 105
19 Hooded Crow 190 21 18 m26 25 122
20 Meadow Pipit 450 50 65 mmG.1 m61 m79
21 Redwing 90 10 0 112 11.2 0
22 Rook 450 50 52 mm 6.1 m61 m6.3
23 Sedge Warbler 108 12 1 115 11.5 101
24 Spotted Flycatcher 125 14 0 nl1.7 1 1.7 0
25 White Wagtail 232 26 5 m3.1 32 106
26 Willow Warbler 119 13 0 116 11.6 0
27 Yellowhammer 251 28 51 m3.4 m34 m06.2

use as a data augmentation method. Finally, we give details on the equipment used in

the generative and classification model training processes.
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4.4.1 Preprocessing

In order to exploit a variety of image classification and generation techniques, the audio
samples were converted into a visual format as per standard practise in the field [254].
The audio recordings were transformed into a visual representation known as the mel
spectrogram. The methods we use require square images to work in the existing frame-
work so we aim to transform the .wav files into spectrograms that are approximately
square. Mel spectrograms offer several advantages over traditional linear spectrograms;
being an effective representation of time-frequency dynamics present in animal vocali-
sations, offering reduced dimensionality compared to raw waveforms, and aligning more
closely with human auditory perception [252].

The spectrogram is computed from the raw waveform using librosa.feature.melspectrogram
[163] and parameters: 256 mel filters (n_mels), a Fast Fourier Transform (FFT) size of
512 (nfft), and a hop_length equal to 75% of the nfft value. The transformation is
carried out on 3-second inputs with a sampling rate of 48kHz, consistent with BirdNET.
The extra width in the mel spectrogram is then cropped to 256 wide and the resulting
square matrix is converted from its amplitude squared to dB, which involves a log
transform. The resulting spectrogram is then saved using matplotlib.pyplot.imsave
[109] to give a 256 x 256 single-channel (greyscale) image with pixel values from 0-255.
Alternatively, the spectrograms could have been stored directly as floating-point ten-
sors (e.g., .pt or .npy files), which would preserve full numerical precision. However,
storing them as .png images offered several practical advantages: it facilitated rapid
visual inspection and quality assessment of thousands of spectrograms during prepro-
cessing, enabled seamless use of standard torchvision image-loading and augmentation
pipelines, and aligns with widespread practice in the audio representation-learning lit-
erature. When the images are read in for training models, a torch transform normalises
each spectrogram’s pixel values to the range -1 to 1.

Although numerous data-augmentation techniques exist for audio classification tasks
(applicable either directly to waveforms or to spectrogram images), we decided not to ap-
ply them as additional preprocessing layers for this paper. Preliminary experiments with
waveform-level techniques—including UNet-based denoising, mixup with other samples
from the same dataset, and random time shifting—yielded no consistent improvement in
validation performance. We therefore chose to use entirely generative methods as data

augmentation techniques.
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4.4.2 Generating Artificial Spectrograms
Generative Adversarial Networks (GAN)

Generative Adversarial Networks (GANs) are a class of machine learning model consist-
ing of two neural networks, that is, a generator and a discriminator, that compete in
a two-player minimax game [83]. The generator takes in a latent (or noise) vector z
and outputs synthetic data resembling real samples, while the discriminator attempts to
differentiate between the real and synthetic data. Both models start out with randomly
initialised weights and improve in tandem. As the generator improves, it becomes better
at fooling the discriminator, leading to increasingly realistic data outputs, i.e. min-
imising the loss function conveying the difference in distribution between the real and
synthetic data. Conversely, as the discriminator improves, it becomes better at distin-
guishing real from synthetic data, i.e. maximising this same loss function. At the end
of the training process, the generator is used for generating synthetic data, while the
discriminator can be discarded or used to determine the quality of the generated images.
GANSs have gained widespread attention for their ability to generate high-quality images
[280, 154], audio [10, 308], and video [122, 232] content as well as biological sequencing
[177], camouflage design [265], and classifying bats using radar [285].

Auxiliary Classifier GANs (ACGAN) build on the original GAN architecture by
incorporating class information to the framework [184]. The generator’s latent vector z is
now a concatenation of a one-hot encoded vector of class information y and a noise vector.
The discriminator is given the additional task of predicting class labels for both real and
generated data, as with a standard image classifier. In an ACGAN, the discriminator
outputs both the probability that the input is real or fake, as in the standard GAN, as
well as the probability of the image coming from each class. The addition of an auxiliary
task has two key benefits: it allows ACGANS to create more realistic and diverse images
as the classifier component of the discriminator’s loss is backpropagated through both
models [231], and the generator is now capable of synthesising fake examples with explicit
class information guiding the model. The latter is known as controllable generation.

By incorporating species/class information into the training process, ACGANs allow
for more fine-tuned generation of synthetic examples. These samples can later be filtered
(if necessary) to keep just the highest quality samples, as determined by the discrimi-
nator, which can then be iteratively added to the training data. These larger datasets,
depending on their design, can have increased diversity or help address class imbalance,

enhancing the robustness of the training process. The ACGAN extension has been ap-
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plied to acoustic classification [34, 67] to generate realistic spectrograms to supplement
and enhance the existing datasets, which then improves classification accuracy of the
models trained on these datasets.

We trained an ACGAN to generate mel spectrograms for supplementing our dataset.
We wrote the training script and model definitions in PyTorch. The Generator and
Discriminator block architectures were based on [67]. We then modify the setup as

follows:

o single channel 256 x 256 images were used instead of three-channel images, as spec-
trograms, being time-frequency representations of sound, are inherently greyscale

and do not require the RGB colour structure.

e an open source PyTorch implementation that can be adapted for future use. The

training loop was based on code from [299].

¢ using negative log likelihood and log-softmax outputs rather than categorical cross-
entropy and raw logits as the discriminator auxiliary loss for more training sta-
bility. We found that training on data with significant background noise required

this step.

The architecture of the ACGAN we use is shown in Figure 4.1.

Denoising Diffusion Probabalistic Models (DDPM)

Diffusion models are another class of generative Al model that generate data by gradually
transforming noise into structured samples. The models utilise a two-phase process, a
forward diffusion process (adding noise to the data) and a reverse diffusion process, which
undoes the forward process [250]. In the forward process, Gaussian noise is progressively
added, t times, to the data xy to produce a somewhat degraded image x;, up to a
maximum degradation xp for some T which would be pure Gaussian noise. The reverse
diffusion process uses a UNet model, a convolutional neural network architecture, to
predict the noise that was added and produce a reconstruction Zg of the original image
from ¢, i.e. To = 2 — UNet(z;). During the image generation (inference) phase, some
pure Gaussian noise, xr, is generated and the predicted noise is successively subtracted
one step at a time, to generate g, the final synthetic image. Figure 4.2 shows a schematic
of the DDPM process.

DDPMs are a specific type of diffusion model that formalises this noise-reduction

process using a probabilistic framework [102]. The training loop involves maximising
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Fig 4.1. Auxiliary Classifier GAN (ACGAN) architecture. For training,
real images = and their (one-hot encoded) labels y are given, and sample noise
vectors and y are concatenated into latent vectors z. The Generator G generates
images G(z) which come from the same distribution as . Both x and G(z) are
passed to a Discriminator D which predicts 1) whether images are real or fake,
and 2) their classes. A two-player minimaz game arises, where G learns to create
images to fool D and D learns to better tell x and G(z) apart even as G improves.
Images are then generated using the generator as above for subsequent sampling.
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Fig 4.2. Denoising UNet from diffusion model. We have a defined forward
process q(xt | xt,l) to add noise to an image x; ; to create an image x;. The
reverse process pg(x;_1 | z;) is performed by the UNet with parameters 6.

the likelihood of reconstructing the data from its noisy counterpart. The timestep t is
also passed to the model allowing the model to learn the conditional probabilities at
each step of the diffusion process (from 0 to T'), which enables it to denoise the data
step by step in reverse. The UNet takes in the noisy image and outputs the predicted
noise component, as in the above equation for 3. The loss then compares actual and
predicted noise. The model’s ability to successively remove noise from input images
results in high-fidelity images comparable or superior in quality to other generative
models such as GANs. Diffusion models for data generation have seen wide application

in medical imaging [29, 108], music synthesis [249], molecule design [283], and filling in
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missing or degraded parts of an image [155].

Stable Diffusion models, originally known as Latent Diffusion Models, are similar in
design to DDPMs, with the extra step of first encoding the images into a latent space,
for example using an autoencoder [218]. The images (in what is called pixel space) are
transformed into the latent space, where the forward and reverse (probabalistic) diffusion
processes are carried out, before being decoded back to the original image size in pixel
space. Since the UNet is the more computationally intensive model, and it is run many
(up to T') times during generation, it is much more efficient to carry out this step in the
latent space than pixel space, allowing for faster generation and high-resolution outputs.

We employ a stable diffusion model and embed species information for training and
generation, as we did with ACGAN. We based our stable diffusion model on the condi-
tional DDPM created by [27] and modify it as follows:

o single channel input images were used instead of three-channel images, as spectro-

grams are inherently greyscale and do not require the RGB colour structure.

o work with a lower dimensional latent space with tensors of shape 64 x 64 x 4 to
train the UNet rather than the 256 x 256 images themselves, making it a stable

diffusion model,

o using a Vector Quantised-Variational AutoEncoder (VQVAE) to encode to and
decode from latent space [186], which has the benefits of producing a discrete
latent representation, more learnt behaviour in terms of the prior and avoiding
posterior collapse (where the decoder ignores the latent structure and outputs

generic images), thereby producing better quality samples.

Figure 4.3 shows our model architecture diagram (based on [218]).

4.4.3 Evaluating the Quality of the Generated Spectrograms

We evaluated the quality of the synthetic images generated using two metrics: the
Inception Score (IS) [235] and the Fréchet Inception Distance (FID) [100]. IS measures
the diversity and clarity of the generated images, ranging from zero (worst quality) to
N (best quality), where N is the number of classes. FID assesses the similarity between
the generated and real images and ranges from 0 to infinity, with a lower FID indicating
closer resemblance to the actual dataset. These metrics were used to compare generated
samples from both the GAN and Diffusion models, to evaluate how effectively each set

of synthetic examples replicate the characteristics of actual spectrograms.

64



4.4. METHODS

C N ([ A

> Diffusion Process
— > > . —>
(add noise)

R
M) v Conditioning

I  [€—Decoder— va < (—[ Denoising UNet ]:

Label

N ) \Z %) | e

Fig 4.3. Conditional Latent Diffusion architecture. For training, an image
x is encoded to a latent z using the VQAE encoder. A random timepoint ¢ from
1,...,T is taken. Noise is added to z for t steps giving z;. The UNet, with
inputs z;, t and y, outputs predicted noise and the loss compares the predicted
noise with the actual noise added to z. For sampling, a latent z and class y are
generated /given, either pure noise or a partially noised image. For T steps, the
UNet runs with z, t = 1 and y as inputs and the output subtracted from z itself,
updating z. Once denoised T times, this Z is vector quantised, decoded to  and
saved.

While both image quality metrics have previously been used to measure the quality
of spectrograms [67], there have been issues raised with measures like Inception Score
[15]. These stem mainly from the fact that its predictions come from the Inception
V3 model, which was trained in a different modality and set of classes (in our case
ImageNet rather than spectrograms of bird calls). However, it is primarily used as a
heuristic to sanity check the quality of training samples after what can be a lengthy
training and generation process, rather than as an all-encompassing benchmark. The
diffusion samples were more convincing than the GAN samples and so human judgment
would have prevailed in either case.

To obtain a more appropriate assessment of audio quality, we converted the gener-
ated spectrograms back to audio waveforms using the Griffin-Lim algorithm [91]. We
then evaluated the resulting signals with the Fréchet Audio Distance (FAD) [92, 130].
FAD functions like FID, but with embeddings coming from an audio model. We chose
embeddings from the CLAP audio encoder [55], which is trained contrastively on diverse
audio-text pairs and thus well-suited for general-purpose audio evaluation. Lower val-
ues of FAD suggest the generated audio samples more closely align with the real audio

dataset in the embedding space.

65



4.5. EXPERIMENTAL DESIGN AND RESULTS

4.4.4 Experiment Environment

The hardware environment for running our experiments includes a Unix Server, accessed
via a web browser, with 566 GB of memory, an Intel(R) Xeon(R) Silver 4214 CPU @
2.20GHz with 12 cores and 24 threads, and an NVIDIA Tesla T4 GPU with 15 GiB
memory. The operating system is Ubuntu 22.04.4 LTS. The programming environment
consists of Visual Studio Code version 1.93.1 [39] for prototyping, training and post-
processing. Within this, we used CUDA Version: 12.2 [182], Python 3.10.12 [66], and
PyTorch 2.0.14+cull7 [267].

4.5 Experimental Design and Results

Both generative models were trained for 200 epochs with square, greyscale images of size
256 x 256 x 1 (see training results in Figure S4.1). After training, both models were set
to generate a random collection of images with equal weighting across classes, a total of
250 x 27 = 6,750 synthetic images from each model. Figure 4.4 shows some example
images synthesised by each generative model. While the ACGAN-generated samples
show some clear learning of distinct features for each of the species, they often overly
focus on the background noise, with some artefacting or undesirable feature exaggera-
tion observed. Conversely, the DDPM-generated spectrograms are not only convincing
but diverse, and appear higher quality than the GAN samples. The structure of the
background noise also looks reasonable, with little artefacting. Whilst visually appear-
ing better than the ACGAN samples, next we provide more numerical comparisons of
the performance of the generated spectrograms.

Image quality scores support this observation, with DDPM samples showing a 7%
increase in IS and 51% decrease in FID score relative to ACGAN samples (Table 4.3).
Furthermore, DDPM samples also perform better on the audio quality metric FAD,
showing an 8.4% lower score than ACGAN. The scores reinforce our informal visual
inspection. We therefore decided to thoroughly evaluate the utility of supplementing
our training data with DDPM samples for training acoustic classifiers.

Next, we use our generated samples to determine whether they can assist in improv-
ing the classification performance of the model. We set up our experimental datasets as
follows: The training data was supplemented with [0,50,100,150,200,250] DDPM-
generated samples per class, providing up to 6,750 more images (an ~81% increase

in data set size) to learn structures in the spectrograms for distinguishing bird species.
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Fig 4.4. Real and Synthetic Spectrograms. The first two (leftmost) red-
outlined images in each row are real spectrograms. The next three orange- outhned
images are generated by the ACGAN, while the last three blue-outlined images
are synthetic samples generated using the DDPM. The z-axis of each spectrogram
represents time, ranging from 0-3 seconds. The y-axis represents frequency, ranging
from 0 to 12kHz on the mel scale. Brighter colors (using the viridis colour palette)
indicate higher energy or loudness. The ACGAN-generated Dunnock and Hooded
Crow samples do show some species-specific features, but the Great Tit samples
are poor imitations. The DDPM-generated samples show close similarity to the
real examples in red but also have variety. The Great Tit examples generated by
DDPM are clearly more convincing than the ACGAN samples.

Dunnock

Great Tit

Hooded Crow

Table 4.3. Synthetic data quality metrics. The baseline IS, FID and FAD
scores were calculated on the real data and thus serve as a target value for those
created by ACGAN and DDPM. Higher IS scores and lower FID and FAD scores
indicate better performance. Note that the FID and FAD scores comparing the
dataset with itself are both zero.

Model IS FID FAD
Baseline/target 2.00 0.00 0.00
ACGAN 1.62 64.97 1.07
DDPM 1.73 32.05 0.98

The validation and test datasets remained unchanged to prevent data leakage from using
synthetic examples derived from the training data.

For each dataset combining real and (possibly no) synthetic examples, a selection of
off-the-shelf classification models were chosen: MobileNetV2 [237], ResNet18 [98], and

VGG16 [248]. These models were trained via transfer learning, where early layers were
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kept frozen but with the last few layers being trainable. The weights were loaded from a
version pre-trained on ImageNet, a large scale computer vision benchmark dataset [42].
The final layer of each was overwritten to match the number of classes for this dataset
(27) and whose weights were randomly initialised. To provide an alternative to the pre-
trained models, we also included a small custom Convolutional Neural Network (CNN)
trained from scratch (see Table S4.1). Finally, once all four of these models were trained
(that is, MobileNetV2, ResNet18, VGG16, and our custom model), an ensemble model
[317] was constructed by taking the concatenated 108-dimensional probability vectors
(27 classes x 4 models) produced by the individual classifiers and feeding them into a
single trainable linear layer that outputs the final 27-class distribution. The linear layer
was trained on the same training set while keeping the base models fixed. A comparison
of the model sizes is given in Table S4.2.

Each of the five above models used the same training hyperparameters: Adam op-
timiser, learning rate of 0.001, a batch size of 32, and 50 epochs. For the evaluation of
these classifiers, a set of metrics was employed to assess their performance comprehen-
sively: accuracy, precision, recall, F1 score, and top-5 accuracy. Figure 4.5 shows the
best validation accuracy for each training process across different models and levels of
synthetic data added. While there is an upward trend seen in classification performance
by adding synthetic labelled samples, the validation set used also came from BirdNET

pseudo-labels.

custom mobilenet resnet vgg ensemble
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Fig 4.5. Classification Accuracy Results. Top-1 (red line) and Top-5 (blue
line) validation accuracy (y-axis) with varying synthetic data per class (x-axis). All
models show a positive trend in accuracy improvement when including synthetic
examples, particularly VGG. While the ResNet model’s accuracy decreases beyond
50 additional synthetic samples per class, these values are still better than with
only real data.
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A better test of each model’s robustness uses human-verified samples. Although the
ensemble model achieved the highest validation accuracy, it lagged behind BirdNET on
the test set — likely because training relied on only highly confident BirdNET predic-
tions. To build a more robust model, we retrained the ensemble (with and without
synthetic examples) using knowledge distillation, where the model learns BirdNET’s
output distributions rather than one-hot labels. This approach should better transfer
BirdNET’s insights as a state-of-the-art bird call classifier.

As mentioned in Section 4.3, a larger dataset of 26,058 samples was used, again with
a 90-10 split for training and validation. This was done in order for the model to learn
the more difficult examples and better approximate BirdNET’s distribution than only
its most confident outputs. However, including less confident pseudo-labels to enhance
generalizability risks incorporating a non-negligible number of incorrect labels, a problem
potentially exacerbated by background noise from the wind farm data.

To train using knowledge distillation, the logits from the embeddings were converted
into probabilities using the softmax function, with a temperature T = 3, Kullback-
Leibler (KL) divergence was used as the distillation loss and cross-entropy as the loss for
the hard labels. The losses were combined with a weight of & = 0.7 for the distillation loss
and 1—a = 0.3 for the cross-entropy loss. Figure 4.6 shows that, while the models trained
on BirdNET’s predictions from the real data alone do give reasonable performance on the
test data somewhat, the models trained with both real and synthetic data outperform

the ones trained on real data alone.

4.6 Discussion

The synthetic images generated by Stable Diffusion appeared more realistic than those
produced by ACGAN. Training off-the-shelf models on a dataset combining the original
data with DDPM-generated samples yielded validation accuracy consistently higher than
using real data alone. This suggests that increasing data quantity and quality can be
as effective as, or more so than, model-centric improvements or domain-specific features
engineering [264].

The classifiers employed included MobileNetV2, ResNet18, VGG16 with ImageNet-
pretrained weights and the last few layers unfrozen, and a small custom CNN trained
from scratch. An ensemble model was trained, combining outputs from these four models
and adding a final linear layer. The ensemble model, augmented by training with 250

extra synthetic examples added per species, achieved the highest accuracy overall on the
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Fig 4.6. Test Set Evaluation. The bars represent the classification accuracy of
models on human-labeled test data. Models include: BirdNET-base (comparing
against the model’s single class prediction), BirdNET-mask (using the maximum
probability from the 27 indices in the BirdNET embeddings corresponding to our
bird species of interest, rather than all classes), Ensemble (the ensemble of four
models above retrained with knowledge distillation, using 0 or 250 synthetic sam-
ples per class), and Large Ensemble (ensemble retrained on a larger dataset in-
cluding less confident BirdNET predictions, again with knowledge distillation and
0 or 250 synthetic samples per class). The Ensemble model with both real and
synthetic samples improves accuracy by 3.3% compared to real samples alone but
underperforms BirdNET-base and BirdNET-mask. The Large Ensemble model
achieves 60.0% and 64.0% accuracy with real and real plus 250 synthetic sam-
ples, respectively, surpassing the BirdNET-base but not BirdNET-mask. Further
improvements would require more diverse data and higher-quality samples (e.g.,

including human-labelled data in training and validation).

validation set of 91.3%.

Performance was evaluated on a hold-out test set with human-verified labels from the
same wind farm sites as the pseudo-labelled data, comparing six setups: BirdNET, Bird-
NET with non-target (not in the 27 chosen) classes masked, an ensemble of four models
trained on real and real plus synthetic data, and the same with a larger, less confident
pseudo-labelled dataset with or without synthetic data. These setups achieved accura-
cies of 56.4%, 77.2%, 52.6%, 55.9%, 60.0% and 64.0%, respectively. Our results suggest
that incorporating high-quality synthetic spectrograms into training data improves bird
song classification performance on expert-labelled data.

The largest performance gain came from expanding the dataset to include more real
samples (7.4%), but required a 3.2x increase in the dataset size. Augmenting both the

initial and larger real datasets with synthetic examples further improved performance
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to 3.3% and 4.0%, respectively. However, this only required adding 82% and 26% more
samples to the datasets, respectively. Although real data scaling yielded the largest indi-
vidual gains in classification performance, adding synthetic samples provided meaningful
additional improvements more efficiently in terms of data volume, collection effort, and
training time.

Our final model achieved accuracy of 64% on a 27-species bird sound classification
task with expert-verified labels. While the state of the art is 13% higher, the attained
accuracy is already sufficient to provide reliable broad-level species presence and relative
activity patterns, even if individual predictions are not always highly confident. We
suspect the bird classifier will be ecologically and practically useful overall, supporting
scalable, automated biodiversity monitoring where traditional surveys are infeasible.

There still exists a notable gap between BirdNET’s performance (77.2% for BirdNET-
mask) and the best ensemble classifier (64.0%) on the hold-out test set. Several factors
may contribute to this discrepancy. First, our dataset of 26,000 spectrograms corre-
sponds to less than 24 hours in total, which may not be enough to generalise quite well
enough even to a handful of habitats on Irish wind farms. BirdNET’s was trained on a
vast global dataset and likely captures a broader range of acoustic features from a wide
variety of habitats and variations in bird vocalizations, enabling it to generalize better
to the noisy wind farm environment. Second, the reliance on entirely pseudo-labelled
data, processed by BirdNET itself, especially in the larger, less confident dataset, may
introduce noise in the training process, as a non-negligible portion of these labels could
be incorrect, as noted earlier. Additionally, while synthetic spectrograms improved
performance, their quality and diversity may not fully replicate real-world variations,
limiting the classifiers’ ability to match BirdNET.

We have identified some further limitations with our approach, which we list below

to support future work:

e Automatic data pruning. Several generated samples were noticeably distorted
or contained artifacts, reducing their realism. A pruning method of removing such
poor examples at scale would improve the quality metrics further and likely lead

to more relevant learning.

o Pseudo-label bias. Both the generative and classification models were trained
and tuned by BirdNET pseudo-labels, with the embeddings used for the knowl-
edge distillation of the final embedding models. This poses a risk of inheriting

BirdNET’s biases and systematic errors, especially given it may itself have been
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trained on very little data from a domain close to our noisy environment (Irish

wind farms).

¢ Computational overhead. The DDPM generation phase is slow, requiring ap-
proximately 1,000 denoising steps per image batch. Recent work [93], using a
similar VQ-VAE architecture, has improved efficiency in synthetic bird sound gen-

eration.

e More controllable generation. Generative Al can be guided by adjusting
specific input parameters. While species labels are effective here, other metatata
such as weather, call type or time information could improve the variety of samples
and align better with users’ needs. Some Stable Diffusion papers [192] have used
an inpainting mask to direct the image generation process to specific areas in the

spectrogram image.

The audio classification and generation approach developed for bird species can be
adapted for other taxa with distinct vocalizations, such as bats, anurans, or marine
mammals. For species with high-frequency calls, such as bats or certain insects, the
preprocessing steps should be adjusted to target the relevant frequency range common to
all species being classified, enhancing clarity of the spectrogram for deep learning models.
For both generative and classification models, the question of whether to train a single
model for multiple taxa or a separate models per taxon is worth exploring. By reducing
reliance on human-labelled data, this method could support broader conservation efforts

through enhanced species classification.

4.7 Conclusion

Incorporating generative Al into bioacoustic pipelines can significantly enhance classifi-
cation accuracy on domain-specific data, offering ecologists a valuable tool to supplement
datasets constrained by data collection logistics and costs. This study demonstrates that
augmenting bird species audio classification tasks with high-quality synthetic data gen-
erated using a Stable Diffusion model, improves performance in noisy environments com-
pared to relying solely on the original data. Adding up to 250 DDPM-generated samples
per class improved classification accuracy by 3.3% for the ensemble model and up to
64.0% for the large ensemble model on human-labeled test data, though it did not sur-
pass BirdNET’s accuracy. The DDPM-generated spectrograms were highly convincing,
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achieving a 7% higher Inception Score (1.73 vs. 1.62), a 51% lower FID score (32.05 vs.
64.97) and 8% lower FAD score (0.98 vs. 1.07), and underscore the potential of synthetic
data augmentation over traditional approaches like model expansion or fine-tuning and
so warrants further research. We foresee broader applications of synthetic generation of
bird sounds - such as non-invasive bird deterrence and enriching educational tools and
public engagement with nature - emphasizing the transformative impact of generative

AT on ecological research.

Author Contributions

AG, ID and AP conceived the ideas and designed methodology; AG and EK collected
the data; All authors analysed the data; AG wrote the code and made the data available;
AG, ID and AP led the writing of the manuscript. All authors contributed critically to

the drafts and gave final approval for publication.

Acknowledgments

This paper comprises an output of the Nature+Energy Project, funded by Research
Ireland (12/RC/2302_P2), industry partners (Wind Energy Ireland, NTR Foundation,
ESB, SSE Renewables, Asper Investment Management, Ecopower, Energia, EnergyPro,
Greencoat Renwables, Orsted) and MaREI, the Research Ireland Research Centre for
Energy, Climate and Marine Research and Innovation.

We thank our labellers Harry Hussey, David Kelly, SeAn Ronayne and Mark Shorten,
who annotated the majority of the audio files in the test set using NEAL. We also thank
the on-site personnel and surveyors for carrying out recorder maintenance, i.e., data and
battery transfers, as the wind farms are widely spread across Ireland.

Andrew Parnell’s work was supported by: the UCD-Met Eireann Research Professor-
ship Programme (28-UCDNWPAI); a Research Ireland, Northern Ireland’s Department
of Agriculture, Environment and Rural Affairs (DAERA), UK Research and Innovation
(UKRI) via the International Science Partnerships Fund (ISPF) under Grant number
[22/CC/11103] at the Co-Centre for Climate + Biodiversity + Water. For the purpose of
Open Access, the authors have applied a CC BY public copyright licence to any Author

Accepted Manuscript version arising from this submission.

73



4.A. SUPPLEMENTAL INFORMATION

Data and Code Availability

Code and documentation for training both generative models, all classification scripts are
available at https://github.com/gibbonal/SpectrogramGenAI. The post-processing
scripts, to generate the plots used in this paper, are also available here. The large
datasets of spectrograms, embeddings and labels are available at https://zenodo.org/

records/15729847.

4.A Supplemental Information

Layer Type | Output Shape | Param # | Description

Input -1, 1, 256, 256] - Spectrogram input
Conv2d -1, 16, 256, 256] 160 3x3 convolution, 16 filters
MaxPool2d -1, 16, 128, 128] - 2x2 max pooling

Conv2d -1, 32, 128, 12§] 4,640 3x3 convolution, 32 filters
MaxPool2d -1, 32, 64, 64] — 2x2 max pooling

Conv2d [-1, 64, 64, 64] 18,496 3x3 convolution, 64 filters
MaxPool2d -1, 64, 32, 32] — 2x2 max pooling

Conv2d -1, 128, 32, 32] 73,856 3x3 convolution, 128 filters
MaxPool2d -1, 128, 16, 16] - 2x2 max pooling

Flatten [-1, 32768] - Flatten to 1D vector
Dropout [-1, 32768] - Dropout layer

Linear -1, 256] 8,388,864 | Fully connected, 256 units
Dropout [-1, 256] - Dropout layer

Linear -1, 27] 6,939 Fully connected, 27 units
Total 8,492,955

Table S4.1. Architecture of the Custom Model

Model Total Params | Multiply-Adds (billions) | Est. Size (MB)
ResNet18 11.19M 2.39 92.94
VGG16 134.37TM 20.30 648.40
MobileNetV2 2.26M 0.20 30.02
Custom 8.49M 0.24 47.65
Ensemble 156.32M 20.88 762.61

Table S4.2. Key Metrics for Each Model
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* DDPM performed particularly well in terms of both realism of
generated spectrograms and accuracy in a resulting classification task.
* Birds are key ecosystem health indicators and are increasingly See Figure 1.
monitored through cost-efficient acoustic methods.

* The x-axis of each spectrogram shows time (0-4 seconds), while the y-
Machine learning can scale bioacoustic species classification but axis shows frequency (0-12 kHz) on the mel scale. Brighter colors
depends on costly, expert-labeled training data. Wind farms are indicate higher energy or loudness.

particularly challenging given the background wind and turbine noise.

« Synthetic images were then generated by the diffusion model, 250 per

+ Data augmentation can boost classification accuracy by increasing the class, for a total of 6,750 synthetic spectrograms. These will serve as
diversity of training data and is cheaper to obtain than expert-labelled further training data by supplementing the original training data used
data, but many of these techniques are not suitable for audio for the bird species classification models.
spectrograms.

« Training an ensemble of classification models on real and synthetic
data combined gave 92.6% accuracy (and 90.2% with just the real

. i . . data) when compared with highly confident BirdNET [5] predictions.
* We investigate two generative Al models as data augmentation tools to

See Figure 2.

synthesise spectrograms and supplement audio data: Auxiliary

Classifier Generative Adversarial Networks (ACGAN) [1,2] and o obionet oot o nsemble

Denoising Diffusion Probabilistic Models (DDPMs) [3,4]. toor BN rr = %3 a5
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Figure 2: Classification Accuracy Results. Top-1 (red line) and
Top-5 (blue line) validation accuracy (y-axis) with varying
synthetic data per class (x-axis). All models show a positive trend
in accuracy improvement, particularly MobileNet and VGG.
While the ResNet model's accuracy decreases beyond 50
additional synthetic samples per class, these values are still
better than with no synthetic data added.

Our approach can be used to augment acoustic signals for more species
and other land-use types, and has the potential to bring about a step-
change in our capacity to develop reliable Al-based detection of rare
species. The paper is in preprint on arXiv [6].
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5.1. INTRODUCTION

(SEEA-EA) was adopted by the United Nations as a set of international standards for
the collection of habitat data and compiling ecosystem accounts. The ecosystem extent
account is one of the four pillars of the SEEA-EA framework, where the spatial compo-
sition of an ecosystem accounting area is grouped by habitat types, and the land cover
change over time is quantified. Although a variety of tools exist for preparing extent
accounts, most of them require moderate to high levels of technical expertise. Here,
we present ExActR (Extent Accounts in R), an open-source application for generating
extent accounts using shapefiles, a geospatial vector data format. The app is built in R
and the associated Shiny framework, which automatically updates as the user interacts
with it. The application supports multiple timepoints, where extent accounts (tables)
are generated for consecutive pairs of timepoints, accommodating users’ needs for dy-
namic ecosystem assessments across several periods. Data visualisations are generated
in the form of both interactive (leaflet) and static maps of each timepoint, and barplots
to illustrate land type composition and change. A version of the app has been deployed
(available at https://gibbonal.shinyapps.io/extent_app/), offering a space for in-
teractive exploration of ecosystems. Shiny’s reactivity, combined with JavaScript plugins
for copying tables into multiple formats, including LaTeX and plots, make the applica-
tion results suitable to insert directly into reports. The app is suitable for using with
any spatial grouping variable, such as ecosystem type, elevation, rainfall or population.
We test its functionality on small and large study sites on CORINE land cover data
[59], as well as land cover maps generated using very-high resolution satellite imagery of
a wind farm site in Ireland, during and post construction, demonstrating its ability to
adapt to various land cover classification systems. The tool can be used to understand,
visualise and track changes in ecosystem assets, aiding interpretation by both scientists
and stakeholders.

Keywords— SEEA, Ecosystem Accounts, Ecosystem Extent, Land cover Change,
Shiny App, R, Shapefiles, Geospatial Data, Data Visualization

5.1 Introduction

Land cover maps document the area, configuration and category of what is physically
present on the Earth’s surface in an area of interest. They are useful for environmental
monitoring, particularly as comparing two land cover maps of the same location over a
period of time allows detection, quantification and monitoring of land cover change, a key

driver of biodiversity loss [94, 103, 119]. Loss of natural habitats due to anthropogenic
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land use change creates cascading effects that ultimately impact humans through loss of
biodiversity and reduced supply of key ecosystem services [28, 54, 156, 273]. In addition
to human modifications to natural landscapes, climatic changes can also contribute to
habitat degradation and loss [114]. In many cases, the interaction of land conversion and
climate change exacerbates biodiversity loss due to synergistic effects between the two
pressures [180], although such effects are likely dependent on the taxa under study and
local conditions [171, 311]. Although most changes in land cover and land use negatively
impact nature, it is also possible to reverse the trends and lead to the recovery of bio-
diversity through appropriate land management. For example, agricultural landscapes
are known to host greater biodiversity when landscape heterogeneity is higher [202] and
there are examples of biodiversity recovering following restoration actions [45, 107].

Studies documenting changes in land cover and land use are not new, but un-
til recently there was no agreed standard framework to report them. The EU has
demonstrated the importance of systematically documenting and monitoring ecosys-
tems, thereby sparking broader interest in consistent reporting frameworks [113]. In
2021, the United Nations (UN) approved the System of Environmental Economic Ac-
counting — Ecosystem Accounting (SEEA-EA), the first step in providing an agreed and
standardized methodology to report the extent, condition, and delivery of ecosystem ser-
vices (e.g. fresh water and climate regulation) at the national, regional, and local scales
[274]. A number of studies have since been published that use the system and many
governments are starting to produce the accounts required [9, 61, 230]. The EU’s Corpo-
rate Sustainability Reporting Directive (CSRD) is another case study where ecosystem
accounts can provide a useful metric to inform reporting requirements where reports
may need to be produced at scale, and often by non-experts, to measure organisations
impact on ecosystems.! The CSRD will require organisations, as soon as Jan 15¢ 2025,
to disclose the risks climate change will have on them and the impacts their business
can cause to both the climate and ecosystems.? The intended aim is that the accounts
produced following the SEEA-EA will become a global standard for monitoring environ-
mental change, including any effects upon the economy and, with regular updates, offer
continuous insight into the the status and trends of ecosystems, as captured by their
extent, condition, and provision of ecosystem services.

The first step in the SEEA-EA, upon which all subsequent steps are based, is the

Extent Account. This account quantifies the extent (usually in hectares or km?) of

https://eur-lex.europa.eu/legal-content/en/TXT/?uri=CELEX: 32023R2772
2https://seea.un.org/content/how—natural—capital—accounting—can—help—accelerate—finance-nature
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each ecosystem type in a study area—called Ecosystem Accounting Area—at one point
in time. When multiple time points are available, the SEEA-EA provides a consistent
framework to present any changes, represented by tables and maps. The extent ac-
count of the SEEA-EA can serve as a template to follow, not only by studies producing
accounts, but by any researcher or land manager interested in documenting changes in
land cover over time. Several classes of tool are available to calculate land cover changes,
each with strengths and weaknesses. Organisations with in-house GIS expertise will de-
velop custom workflows using tool such as ArcGIS, QGIS, or EnSym, while those with
in-house programming expertise could develop scripts in languages such as R or Python
for automating land cover change assessments. Indeed custom tools for SEEA-EA exist
- ARIES creates extent accounts for any EU region using Corine Landover Maps. Here,
we introduce a tool for an underserved user group - non technical land managers. Many
land managers are not experts in GIS or programming, but have a wealth of habitat
maps based on habitat classifications to their region. Our target audience are those
land managers, project managers and ecologists who require point and click tools that
ingest custom habitat maps allowing the creation of Extent Accounts. We provide a tool
following the SEEA-EA approach, without the need for advanced technical expertise.
Further, most tools fail to make the operations repeatable, limiting reproducibility (we
expand on this key point in the Discussion).

We introduce FzActR, an interactive shiny app to facilitate the generation of extent
accounts and accompanying visualisations to streamline this process for spatial datasets.
The app allows users to upload two or more sets of vectorised spatial data and calculate
the increases and decreases in area according to a grouping variable of interest, e.g.,
habitat type.

Some of the key features of the app are:

e The grouping variable is selected dynamically from the data loaded from each
shapefile. These names can be different in each timepoint to help with situations
where naming conventions change or the column names of interest are indexed
in some way. For example, users can compute the extent account between the
Habitats_2000 column of one dataset and the habitats_18 column of another

dataset.

e While the majority of extent accounts are expected to just have two timepoints
(an opening and closing map), it is possible to include multiple timepoints. With

n time points, this generates n — 1 extent accounts, with extent account ¢ showing
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the difference from timepoint i — 1 to 4, for ¢ € 2,...,n. Note that the timepoints

are assumed to be in chronological order.

e As well as the leaflet maps on the main page, the app provides a tab with an array

of plot outputs to visualise changes in extent.

e Using both Shiny’s existing functionality and some JavaScript extensions, users
can easily copy the table and plot outputs to their clipboard, or bulk export all

outputs for the session.

The structure of our paper is as follows. We first provide the overall layout of the
Shiny application, as well as a brief overview of the libraries used. We then demonstrate
a step-by-step workflow of how the app is utilised for generating extent accounts and
give more detail on the computational back-end. We provide three examples of extent
accounts to demonstrate features of the app and to show its flexibility when it comes
to handling vectorised spatial data. We conclude with a discussion of how the app
compares with other methods and plans for future work. Source code for the EFzActR
app, as well as a link to a working demo on an RStudio server, is available on GitHub
at https://github.com/gibbonal/ExActR.

5.2 Methods

User Interface (Ul)

The EzxActR app (Fig. 5.1) was built in R [207, 228] using the Shiny [33] framework.
Shiny is itself a package in R. No knowledge of HTML, CSS, or JavaScript is necessary
to build a simple application in Shiny, but small amounts were used here to enhance
certain features. One of the many benefits of the Shiny framework is that end-users
do not need any knowledge of R programming to interact with the data and produce
accounts. Shiny has already been used in developing ecology-related apps and decision-
support tools, such as in acoustic annotation of wildlife [79], species-habitat modeling
[298], conservation management [193], forest structure assessment [245] and visualising
macroalgal canopy photosynthesis levels [119].

EzActR makes use of several open-source R packages [33, 7, 11, 266, 31, 234, 35,
126, 72, 196, 286, 185, 300, 288, 287], of which the most notable are:

e sf - Simple features, standardised way to read and manipulate spatial vector data.
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Fig 5.1. Main components of the ExActR App User Interface. Each
timepoint has a File Upload widget and a Leaflet Map displaying the spatial
data. The Timepoint Name can be edited (the default is the shapefile name)
and carried down to all outputs. The polygons in the data for each timepoint are
coloured by a Grouping Column, which will later be used to generate extent.
The Extent accounts (Main extent table, extent as a percent of opening area
and ecosystem type change matrix) are a set of tables and the main desired output
of the app. The tables in the diagram are placed side by side to save space but
these are stacked vertically in the app, with different timepoints of each table
type on the same horizontal if there are multiple. Most settings are contained in
the Sidebar such as choosing the coordinate reference system, adding/deleting
timepoints as well as downloading all outputs in bulk. Users can navigate to other
Tabs to access other plots, tables and instructions.

e terra - Spatial data analysis, used here for intersecting two maps.
o shinyBS - This contains extra user-interface (UI) objects such as collapsible panels.

o shinyjqui - Allows jQuery UI functionality, primarily used here for resizable plots.

e shinydashboard - Dashboard layout. Moving the less-used options to the sidebar

reduces clutter in the Shiny app’s main body.

o shinycssloaders - lllustrates loading for some of the slower plot and table outputs.
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leaflet - Interactive visualisation of spatial datasets on maps.

viridis - default colour palette for plots.

colourpicker - choosing colours for the map and plot outputs.

ggplot2 - Graphics library for bar charts (geom_bar) and sf objects (geom_sf).
magick and zfun - keep these dimensions of resized images on exporting.

dplyr - data and string manipulation, respectively. Part of tidyverse.

ztable - formatting tables as W ITEX and HTML when exported.

Workflow and computation details

Upon opening the app, users are presented with two upload widgets for map data, with
a blank map window under each. Once the spatial data are uploaded, the interactive
leaflet maps will be rendered for each. The extent tables below this are similarly hidden
until they have data to work on. The Composition Plots and Habitat Explorer

tabs remain blank until data are uploaded and accounts are generated.

The standard use of the app to generate extent accounts is as follows:

1.

Upload opening files (requires .shp, .dbf, .shx and .prj files uploaded together
or in a .zip file, or a .geojson file). Repeat with closing files. For multiple
timepoints, use the sidebar button to add more and upload them in chronological

order.

. Select grouping variable, e.g. habitat classification system, for each time point.

These do not have to be the the same name, but should be some ecosystem type
to compare areas between time points. Any column from the data can be used as
the grouping column and is not specific to those chosen in the case studies below.
Moreover, a lookup table can be uploaded to replace the grouping column’s codes
with corresponding values, allowing users full flexibility in defining and interpreting

land cover categories.

. The colours for each unique value in the list of combined grouping variable values

can be (optionally) edited using the colour pickers in the Colour Mapping Panel.

Click Generate Extent. This is included to stop the accounts from generating

for some overly large grouping variables before the user is ready.
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5. Wait for and inspect extent table and plot outputs, then copy or export as desired.

The Shiny framework employs reactive programming, allowing user changes in the
interface inputs to automatically impact related outputs. This creates a seamless expe-
rience for users, as the app updates without the need for manual refreshes when settings
are modified. Specifically, generating the Ecosystem Type Change Matrix represents
the app’s most demanding computational task as it involves intersecting two (possibly
large) spatial objects and investigating changed and unchanged regions. The matrix is
useful for quantifying changes in land use across multiple ecosystem types at the same
time by showing the interaction between each pair of land cover types at opening and
closing. Ensuring that this matrix does not refresh with every unrelated input change
is crucial for a fluid user experience. The app’s back-end features modular code to sep-
arate dependencies (user inputs) that influence the interface’s outputs. Further details

on generating this Ecosystem Type Change Matrix are provided below.

1. Uploaded sf objects are read in to sfs[[i]] for each timepoint i. sfs itself is a
list.

2. Each timepoint i uses a grouping variable G; (a column of sfs[[i]]) which is
used for comparison across timepoints. Their unique values form a list G for a

consistent plot colour map.

3. These sf objects can be optionally simplified using the simplify geometry option

in the sidebar, reducing resolution to speed up computation at the cost of precision.

4. The spatial dataframes sfs[[i-1]] and sfs[[i]] are converted to spatial vectors
using terra::vect, intersected using terra::intersect, then converted back
into an sf object, df _int[[i]], for 2 < i < n (see Fig. 5.2). Using terra here

significantly speeds up generating the intersection compared with just sf.

5. The opening-closing pairs (g,g’) of all combinations of values from G are then
analysed. df_int[[i]] is filtered to just those polygons where G;_1 = g and
Gi; = ¢ The (g,¢') entry of the matrix is the total area of these polygons (see
Fig. 5.3).

The extent account with opening, additions, deletions and net change are calculated
from the Ecosystem Type Change Matrix this way. The table with extent as a percentage
of opening value is then calculated. The values default to zero when the opening value

for a group is zero.
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Fig 5.2. Creating sf intersection object. The intersection of maps from two
consecutive timepoints takes the same index as the later timepoint, .
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Fig 5.3. Ecosystem Type Change (Extent) Matrix diagram. For each
pair (g,¢’) of opening and closing group values respectively the entry Alg,¢] in
row g and column ¢’ is the change in area from ¢ in opening to ¢’ in closing. The
diagonal values Alg, g] are the amounts unchanged for that group. Each row is
the unchanged areas plus the reduction in area in that group. Each column is the
unchanged areas plus the additions in area to that group. The sum of a row g,
Alg, -] will equal the opening extent for that group. Similarly, the sum of a column
g, Al-, g] will equal its closing extent. The sum of all openings should equal the
sum of all closings, i.e. the total area of the site common to both timepoints.

5.3 Case Studies

5.3.1 Hazelwood (2000-2018, 2 timepoints)

The Hazelwood Demesne is located along the western shore of Lough Gill, Co. Sligo,
Ireland3. This is a small site with an area of 128 Ha, of which approximately 100 Ha is
protected under the Natura 2000 framework?. A land cover summary, using CORINE
land cover classification, is shown below in Table 5.1, with corresponding maps in Fig. 5.4.

Table 5.2 shows the extent accounts for the period.

Shttps://www.coillte.ie/coillte-nature/ourprojects/restoringhazelwood/
‘https://www.eea.europa.eu/themes/biodiversity/natura-2000
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(a) (b)
Code | Area (Ha) % Coverage Code | Area (Ha) % Coverage
231 11.50 0.09 231 6.03 0.05
311 108.67 0.85 311 120.16 0.94
011 5.44 0.04 011 0.00 0.00
512 2.60 0.02 512 2.02 0.02

Table 5.1. Hazelwood Land cover in (a) 2000 and (b) 2018. This shows the
broadest view of land cover change between the two timepoints. We can see that
all land cover types changed somewhat from (a) to (b), with all types decreasing
except for code 311 (broad-leaved forest) which increased during the period. The
most notable change is code 511 (water courses) which has decreased from 5.44 Ha
in 2000 (a) to zero Ha in 2018 (b). Without further analysis, we cannot conclude
that all of this area converted to code 311 simply because it is the only land cover
type with a (net) increase in area.

5.3.2 Dargle (2000-2018, 4 timepoints)

The Dargle catchment area® is situated in the southern suburbs of Dublin City and
northern County Wicklow in Ireland and is defined by the boundaries prescribed under

the Water Framework Directive®

. The Dargle catchment, covering 17,866 hectares, is
ecologically rich, encompassing habitats listed under Annex I of the EU Habitats Direc-
tive which cover approximately 25% of the catchment area’. It also exhibits a significant
presence of Natura 2000 sites. Extent accounts were built for Dargle in [61]. Fig. 5.5
shows some of the plot outputs generated by ExactR while generating the extent ac-
counts. Changes in specific land cover types were more pronounced than in others.
Over time, the overall magnitude of land cover changes at this site decreased, indicat-
ing increasing landscape stability in the most recent time period. The table outputs
themselves are not shown due to size limitations on what can be shown legibly, but are

available in Supplemental Information.

5.3.3 Meenadreen (2016-2022, 2 timepoints)

Meenadreen is an onshore wind farm located in Leghowney, South Donegal, Ireland. The
wind farm consists of 38 Nordex N90 2.5 MW turbines with a total capacity of 95 MW.

Shttps://wicklowrivers.ie/rivers/dargle-catchment/

Shttps://water.europa.eu/freshwater/europe-freshwater/
water-framework-directive

"https://www.npws.ie/legislation/eu-directives/habitats-directive
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Fig 5.4. Hazelwood Land Cover Maps. The left (a) and right (b) plots
show land cover at opening and closing respectively, coloured by CORINE Land
Cover code. This smaller site has easily identifiable changes in habitat type of
some polygons between opening and closing. A large portion of the habitat has
remained unchanged. Code 511 (water courses) is present on the west side of the
opening map is not present at all in the closing map. Both opening and closing are
dominated by code 311 (broad-leaved forest). Code 231 (pastures), and code 512
(water bodies) are also present. A full collection of plot outputs for Hazelwood is
available in Supplemental Information.

It was constructed in 2016 and has been operational since 2017. It is one of Ireland’s
largest wind farms both in terms of energy production and size, having an area of over
800 Ha.

Data for this study came from the Nature+Energy[160] project, a collaboration be-
tween academic researchers and industry partners that aims to measure and enhance
biodiversity at onshore wind farms throughout Ireland. Meenadreen was selected due
to it being relatively young, meaning we could obtain satellite imagery for early (2016)
and post (2022) construction of the wind farm. A segmentation model was used on
the GeoTIFF images to classify areas into one of nine habitat types: Artificial (e.g.,
roads, buildings, turbine hardstands), Conifer, Heathland, Hedgerow, Pasture, Scrub,
Semi-Natural Grassland, Shadow (unidentifiable areas) and Water.

Due to the resolution of the image (0.5 m?) being too high for the app to process for

25 km?, we selected a 500 m x 500 m square at the centre of the site, representing ~ 1%
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(a) Ecosystem Type Change Matrix (b) Extent Table
231 311 511 512 | openings 231 311 511 512 | Total
231 | 4.90 6.59 0.00 0.01 11.50 opening | 11.50 108.67 5.44 2.60 | 128.21
311 | 1.12  107.39 0.00 0.16 108.67 increase | 1.12 1277 0.00 1.27| 15.16
511 | 0.00 434 0.00 1.10 5.44 decrease | -6.60 -1.28 -5.44 -1.85| -15.16
512 | 0.00 1.85 0.00 0.75 2.60 net change | -5.47 1149 -5.44 -0.58 0.00
closings | 6.03 120.16 0.00 2.02 128.21 closing | 6.03 120.16 0.00 2.02 | 128.21

(c) Extent Percent Table
231 311 511 512
increase | 0.10 0.12 0.00 0.49
decrease | -0.57 -0.01 -1.00 -0.71
net change | -0.48 0.11 -1.00 -0.22

Table 5.2. Hazelwood Extent Account from 2000 to 2018. This collection
of tables make up the Ecosystem Extent Account itself. The codes in the margins
of each table are CORINE Habitat Classifications. The Ecosystem Type Change
Matrix (a) shows the changes in each habitat type from opening to closing. This
allows users to see land cover change across multiple ecosystem types simultane-
ously. For example, the sum of all polygons in the intersected sf object that where
code 512 in the opening column and 517 in the closing column and correspond to
1.85 Ha changing from 512 to 311 between opening and closing. The Extent Table
(b) is the main component of the account and provides more compact information
on the changes in land cover for each ecosystem type. Looking at column 512,
the opening and closing values can be directly seen in (a), while the increase and
decrease can be seen by summing the column and row values, respectively, not
including the amount unchanged on the diagonal (0.75 Ha) in (a). The Extent
Percent Table (c) takes a selection of the rows from (b) and expresses them as
a proportion of opening values for each ecosystem type. Values for (a) and (b)
are in hectares. These tables correspond with the figures shown above in Fig. 5.4.
Examining the change in code 511 (water courses), we can see from both the ta-
bles (b) and (c) that it has decreased completely to zero by closing (2018). As
discussed in Table 5.1 however, we can see from looking at the 511 row of the
matrix (a) that 4.34 Ha changed to 311 (broad-leaved forest) and 1.10 Ha changed
to 512 (water bodies). The matrix therefore gives a more granular picture than
the net change in each land cover type during the period.

of the total area covered by the satellite image, as a sample. See Fig. 5.6 for the selected
area at each timepoint and some of the visual results generated by the app. The extent

account for Meenadreen is available in Supplemental Information.
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Fig 5.5. Dargle plot outputs. The polygons are coloured by CORINE Land
Cover code. Some of the differences are more apparent than others, for example
the reduction in code 412 (Peat bogs) between 2000 and 2006 is much more stark
than any change present in code 111 (Continuous urban fabric) during the same
period. The net changes in each ecosystem type can be clearly assessed using
the bar charts in (a), where the overall magnitude of changes seems to reduce
with each successive account. Given that the opening and closing maps have the
same boundary, the sum of all increases and decreases for each account should be
zero. The side-by-side plots (b)-(d) show the changed polygons each at opening
and closing for each pair of consecutive timepoints. It agrees with (a) in that the
magnitude of total area changed is much larger in the first account than the third.
Additional outputs for Dargle are available in the supplemental material.

5.4 Discussion

The EzActR app allows users to upload two or more geospatial vector datasets and
generate ecosystem extent accounts, quantifying land cover change over time. These

accounts offer insights into the state and dynamics of focal environments, aligning with
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(a) 2016
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Fig 5.6. Meenadreen plot outputs. Artificial (roads) narrowed after construc-
tion, replaced with or returned to primarily heathland, scrub and semi-natural
grassland. Hedgerow and Pasture which both had only 0.01 Ha in opening now
had 0.61 and 0.03 Ha respectively in closing. Shadow also increased significantly,
as evidenced by the shadows cast by the two wind turbines found in this site as well
as shadows from conifer, and so the true habitat underneath is unclear. A large
conifer plantation in centre of the closing map, replacing primarily heathland, is
the most obvious change between the two timepoints. Artificial, Heathland and
Water all experienced a net decrease.

conservation efforts. They are the first step in many Ecosystem Accounting pipelines,
including the SEEA-EA. Our primary user group is expected to be environmental project
managers who are assumed to have limited GIS or programming skills.

The app allows extent accounts to be easily implemented and reproduced, and the

reactive elements in the Shiny framework make any changes made automatically carry
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down to the connected outputs. Results can be exported in bulk for use in reporting.
Together, these features comprise a significant advance on existing tools. For example,
GIS workflows offer little reproducibility and require a lot of repetitive manual work.
Similarly, Microsoft Excel work is cumbersome and would require one of the other tools
to work with spatial data. The EnSym tool, which was used previously for similar
work [61], is now available at DatadNature®. However it it not freely accessible. Using
R or Python requires familiarity with programming and having a suitable Integrated
Development Environment (IDE), an obstacle likely most common among practitioners
that may lack the necessary skills[297]. ARIES? is perhaps the most valuable resource
currently available that does not require other software and is aligned with the SEEA-
EA. However, ARIES does not allow users to upload spatial data/polygons of specific
boundaries, which is often needed to researchers or practitioners working on specific
sites, mostly at small spatial scales. Furthermore, ARIES uses the ITUCN Ecosystem
Typology classification [127] and does not allow as much flexibility with other typologies
of ecosystem types. INCA'? similarly does not allow the desired level of flexibility as its
identified users are “EUROSTAT, Joint Research Centre (JRC) and EU Member States”,
which mostly work at national or regional level [23]. This last aspect is especially relevant
to users who may be interested in using other classifications, such as the CORINE used
here or others available for example at a national level. EzActR complements the options
currently available by providing the following advantages: it can be used without any
knowledge of R, GIS, or any other software or programming language; it accommodates
different land cover classifications and thus could be used by any country or region with
local land cover maps (e.g., annual Land Cover Map of the UK!!); the code is open-source
and can be adapted or modified by skilled users who may be interested in adjusting some
of the features to meet their specific goals.

EzActR has some size limitations in terms of the size of spatial data it can handle.
The CORINE maps for the entire country of Ireland could be loaded in about a minute,
but calculating the extent change (by intersecting the two maps) could not be computed
in a reasonable amount of time. Likewise, it took ~3 minutes to load 25 km? land cover
maps derived from very-high resolution imagery (0.5 m? pixels) and timed out while

calculating extent change, highlighting that the minimum mapping area and total area

8https://www.datadnature.com.au

‘https://aries.integratedmodelling.org/aries-for-seea-explorer/
Ohttps://ecosystem-accounts. jrc.ec.europa.eu/
Unttps://www.ceh.ac.uk/data/ukceh-land-cover—maps
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of the map are key factors in the performance of the app. Despite significant speed
improvements by using terra over sf for the intersection step, further work (such as
using RCpp or similar) is needed to accelerate the process and enable extent calculations
for entire countries or larger regions, like Europe, to be computed feasibly. We also
explored parallelization options using the doParallel, future, and snow packages in
an attempt to further enhance performance. However, these methods did not yield
promising results, possibly due of the sequential nature of spatial intersections. However,
the use of ecosystem accounts is expanding fast and it is expected to be adopted more
also from private businesses [53], which typically operate at small spatial scales. Future
development work could also involve expanding support for other file types such as KML,
which was developed for Google Earth, as well GeoTIFF, which stores the data in raster
format.

The EzActR app generates ecosystem extent accounts which, while useful by them-
selves, are only one part of Ecosystem Accounting. Future work involving the other
three ecosystem accounts in the SEEA-EA framework—condition accounts, ecosystem
services flow accounts, and monetary ecosystem asset accounts—will help to offer a com-
plete Ecosystem Accounting package for a range of users—ecology practitioners, people
working on building accounts at local scales, as well as researchers interested in land

cover dynamics.
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5.A Supplemental Information

Accessing Data

CORINE data are made available by the European Union through the Copernicus Service

[59]. As for the boundaries of Hazelwood, the spatial data are available from Coillte!?;

however, you must have an ArcGIS account to download the data. For the Dargle catch-

ment, the boundaries can be accessed at the EPA Geoportal'® by navigating to Water

/ Water Framework Directive — General information — Catchments Data Package -

June 2022.

To view the collection of FzActR outputs for the sites used in the Case Studies, the

comparison of Dargle’s output with the previously-published accounts, and the spatial

data for Meenadreen, these are all available at https://github.com/gibbonal/extent_

app_data. Below is a selection of the plots and tables generated.

Habitat composition

(a) Habitat composition

Fig S5.1. Additional plot outputs for Hazelwood.
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(a) Ecosystem Type Change Matrix

Artificial Conifer Heathland Hedgerow Pasture Scrub Semi- Shadow Water | openings
Natural
Grassland
Artificial 2.41 0.07 0.48 0.09 0.00 0.13 0.39 0.21 0.02 3.79
Conifer 0.02 4.49 0.02 0.06 0.00 0.10 0.10 0.24 0.00 5.03
Heathland 0.65 3.99 5.50 0.29 0.00 1.68 2.22 0.21 0.00 14.54
Hedgerow 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
Pasture 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01
Scrub 0.07 0.25 0.05 0.07 0.00 0.25 0.05 0.06 0.00 0.80
Semi- 0.01 0.32 0.74 0.08 003  0.20 0.71 0.00  0.00 2.09
Natural
Grassland
Shadow 0.00 0.01 0.00 0.00 0.00 0.01 0.00 0.09 0.00 0.11
Water 0.00 0.01 0.07 0.01 0.00 0.01 0.00 0.02 0.02 0.14
closings 3.17 9.13 6.86 0.61 0.03 2.38 3.48 0.82 0.03 26.51
(b) Extent Table
Artificial Conifer Heathland Hedgerow Pasture Scrub Semi- Shadow Water | Total
Natural
Grassland
opening 3.79 5.03 14.54 0.01 0.01 0.80 2.09 0.11 0.14 | 26.51
increase 0.76 4.64 1.37 0.61 0.03 213 2.76 0.73 0.02 | 13.04
decrease -1.38 -0.54 -9.04 -0.00 -0.01  -0.55 -1.37 -0.01  -0.13 | -13.04
net change -0.63 4.10 -7.67 0.60 0.02  1.58 1.39 0.71  -0.11 0.00
closing 3.17 9.13 6.86 0.61 0.03 238 3.48 0.82 0.03 | 26.51
(c) Extent Percent Table
Artificial Conifer Heathland Hedgerow Pasture Scrub Semi- Shadow Water
Natural
Grassland
increase 0.20 0.92 0.09 119.78 5.03 2.6 1.32 6.83 0.12
decrease -0.36 -0.11 -0.62 -0.65 -1.00  -0.69 -0.66 -0.13  -0.90
net change -0.16 0.82 -0.53 119.13 4.03 1.96 0.66 6.69 -0.77

Table S5.1. Meenadreen Extent Account from 2016 to 2022.
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Abstract

1. Monitoring and limiting the spread of invasive species on islands requires efficient
detection and population estimation methods. However, elusive species can be
difficult to monitor using traditional methods, making autonomous approaches

such as camera trapping and acoustic monitoring increasingly valuable.

2. On the island of Okinawa, a biodiversity hotspot, the small Indian mongoose
(Urva auropunctata) threatens many native species since its introduction in 1910.
Listed among the world’s worst invasive species, effective monitoring of U. aurop-
unctata in Okinawa is critical. The Okinawa Environmental Observation Network
(OKEON) uses camera traps to detect U. auropunctata, but success depends on
precise placement. Though OKEON also includes a high-resolution acoustic mon-
itoring programme, U. auropunctata rarely vocalises, and no audio classification

model currently exists for this species.

3. Using sparse U. auropunctata vocalisations collected from camera trap videos, we
built a lightweight Convolutional Neural Network distilled from a more complex
model for classifying contact calls and alarm calls of U. auropunctata. Our dis-
tilled model, which contains approximately 10 times fewer parameters than the
larger model, performed similarly to the full model at detecting these vocalisations
from training data, but was considerably faster. The code and model weights are

publicly available.

4. We applied the distilled classifier to ~486 hrs of audio collected over eight years
from southern Okinawa, where we successfully detected U. auropunctata a handful
of times in each year of recording. Our model did not transfer well to unseen data,
perhaps owing to the rarity of U. auropunctata calls and consequent small training

dataset size, limiting its utility for ecological monitoring.

5. Practical implication. We demonstrate that sparse audio data from camera trap
videos could not effectively train an acoustic classifier for a rarely vocalising in-
vasive mammal, the small Indian mongoose (U. auropunctata), in Okinawa. Our
classifer had only very limited utility for detecting U. auropunctata from passive
acoustic monitoring data. Future work further enhancing classifier performance
through mix-up and refined model training has the potential to provide action-

able insights into the distribution and spread of U. auropunctata, aiding targeted
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conservation efforts for Okinawa’s threatened biodiversity.

Keywords: Invasive Species, Biodiversity, Deep Learning, Passive Acoustic Moni-

toring, Bioacoustics, Small Indian Mongoose, Okinawa, Yambaru forest

6.1 Introduction

Invasive species significantly threaten biodiversity globally, disrupting ecosystem func-
tions and services through predation, competition, and habitat alteration. Often in-
troduced through human activity, invasive species can establish rapidly, particularly on
islands where native species have small populations and limited prior exposure to novel
interactions with invasive species [209]. For example, the brown tree snake (Boiga ir-
regularis) has driven several bird species to extinction on Guam in the Mariana islands
[291], and invasive rats drive declines in tropical island populations by preying on native
bird eggs and chicks [96]. At the same time, islands are often hotspots of endemism, but
island ecosystems are among the worst affected by human impacts including land use
change and invasive species [129, 209]. Accordingly, endemic species on islands face a
mounting threat from invasive species [18, see e.g.]. The global economic cost of invasive
species damage exceeds US$100 billion annually [46], underscoring the urgency of early
detection and effective management strategies, especially for vulnerable island ecosys-
tems. Recent advances in scalable biodiversity monitoring provide promise for detecting
invasive species and mitigating their devastating ecological impacts [73, 104].

Passive acoustic monitoring (PAM) has emerged as a powerful tool for assessing
biodiversity, offering a non-invasive, scalable, and cost-effective approach to studying
sound-producing species. By deploying autonomous microphones, PAM records species
vocalisations to infer species presence, diversity, and ecological dynamics for a range
of purposes [222]. For example, PAM has been used to monitor bat activity [157],
document bird migration [276], track individual bird species population trends [19, 295],
reveal freshwater ecosystem dynamics [86] and, notably, for identifying and monitoring
invasive species [227]. However, the sheer volume of audio data produced by PAM
studies poses its own challenge, particularly when searching for infrequent events or
rarely vocalising species [76]. Recent advances in machine learning, particularly deep
learning-based image classification models, have gained popularity in bioacoustics for
species classification of animal vocalisations. These classifiers vary in complexity, ranging

from simple presence/absence detection [157] to those that identify a few [216], dozens
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[78, 315], or even hundreds [75, 123] of distinct species. Such pre-trained models can be
applied to different situations but often require labelled training data for fine-tuning to
specific use cases.

The small Indian mongoose (Urva auropunctata, 7 4 ') <> 7'— A in Japanese)
was introduced to Okinawa Island in 1910 by Professor Shozaburo Watase to control
venomous pit vipers (Protobothrops flavoviridis, \ 7") and agricultural pests. Watase
believed strongly in human intervention and had witnessed a mongoose preying on a
cobra in Sri Lanka, informing his decision to introduce U. auropunctata as an “eco-
logical experiment” [124]. Without contemporary knowledge of ecological balance or
consideration of long-term consequences, his introduction of U. auropunctata cast a long
shadow over Okinawa. Today, the small Indian mongoose is one of the world’s worst
invasive species [153], and Okinawa is a hotspot for cross-taxon species invasions [41].
In Okinawa, the mongoose began spreading northward, reaching Yambaru forest by the
1990s [303]. Yambaru forest is a biodiversity hotspot, home to a rich fauna and flora
including species endemic to Okinawa island [112, 164, 170]. U. auropunctata has had
devastating ecological consequences for various small mammals, reptiles, amphibians,
and insects [57], but particularly for Okinawa’s rich avifauna, exacerbating population
declines of the critically endangered Okinawa rail (Gallirallus okinawae, ¥ > /3L 7 4
), Okinawa woodpecker (Dendrocopos noguchii, ) 7°F 75 ), and Ryukyu robin (Lar-
vivora komadori, 7 77 & /7)) [302], with indications that these species are still declining
(see Figure S6.1).

Efforts to mitigate the mongoose’s impact began with a removal project in Yambaru
forest (2000-2004) and a formal control plan under Japan’s Invasive Alien Species Act
of 2004 (https://www.env.go.jp/en/nature/as.html). Control measures include live
traps and bird-excluding kill traps, with mongoose control fences erected in 2005-2006
to isolate a 280 km? area in Yambaru for targeted eradication. The Okinawa Prefectural
Government and Japan’s Ministry of the Environment currently aim for complete erad-
ication of the mongoose inside the fenced area by 2027; U. auropunctata capture rates
are declining in Yambaru (https://kyushu.env.go.jp/okinawa/press_00109.html)
and the government recently declared complete extirpation from Amami-Oshima Island,
North of Okinawa (https://www.env.go.jp/en/press/press_03205.html). Despite
these efforts, the mongoose population in Okinawa is still significant, particularly out-
side of the fence where intervention has been minimal. As such, scalable methods for
detection and monitoring are needed to measure the success of future conservation in-

tervention.
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6.2. MATERIALS AND METHODS

Here, we use an eight-year acoustic monitoring dataset from outside of the mon-
goose control fence in Okinawa to investigate the efficacy of using PAM to monitor
the rarely vocalising invasive mongoose. We built a mongoose vocalisation classifier
using sparse audio data extracted from camera trap videos, and applied this classifier
to audio collected at a single site of the Okinawa Environmental Observation Network
(OKEON) [223, 224]. We intend our acoustic classification model to complement tra-
ditional U. auropunctata population surveys in Okinawa, providing additional evidence
for the presence and distribution of U. auropunctata in future.

We first provide background on environmental monitoring programme present in
Okinawa. We then outline the specifics of our acoustic datasets, both the training data
and the large inference dataset. After this, we describe the audio species classification
models employed and the distillation method applied. We then provide a detailed de-
scription of our experimental design and results, and follow with in-depth discussion of

our results, limitations and paths for future work.

6.2 Materials and Methods

Environmental Monitoring Programme

This study uses data from the OKEON (Okinawa Environmental Observation Network)
Churamori Project (OKEON £S5 712 = 7 | in Japanese; https://okeon.unit.
oist.jp/). OKEON aims to monitor terrestrial biodiversity through time at 24 field
sites distributed across a range of Okinawa’s terrestrial habitats (Figure 6.1a). Each
field site deploys modified malaise traps to capture insects, environmental sensors, Song
Meter SM4 acoustic recording units (Wildlife Acoustics Inc., Concord, MA, USA), and
Hyperfire 2 Covert camera traps (Reconyx Inc., Holmen, WI, USA). Camera traps were
placed at a height of ~1.0 m and are movement-triggered. Acoustic recorders are fixed
at ~1.3 m at each site, facing North, and record with two omnidirectional microphones
at default gain (416 dB) on a duty cycle of 1-min recording, 29-min standby. Recording
starts every hour and half-hour, and audio data are saved to SD cards in stereo .WAV
format with a sampling rate of 48 kHz, then converted to lossless .flac format. Camera
traps and acoustic sensors have been installed since 2017, with previous work in Okinawa
demonstrating the efficacy of such remote monitoring techniques for detecting endemic
birds, bats, and rats [48, 135, 224, 304], and broadly understanding biodiversity and
disturbance [223, 226].
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6.2. MATERIALS AND METHODS

Here, we combine camera trap video (Figure 6.1b) with PAM audio to build a mon-
goose classifier. Detection of animals using movement-triggered camera traps depends
heavily on precise camera placement, whereas PAM sensors cover a much broader de-
tection area with omnidirectional microphones, providing higher relative detection ef-
ficiency and probability [56, 40]. However, U. auropunctata rarely vocalises—1.28%
of 2,500 manually screened U. auropunctata video samples included vocalisations (see
below)—producing only occasional contact calls, mainly between pups and adults (Fig-
ure 6.1c) and alarm calls when fighting conspecifics or capturing prey (Figure 6.1d).
Accordingly, initial detection and verification are easier using camera trap data than
audio, while audio recordings can provide additional benefits by having wider spatial
coverage. To initially screen for mongoose vocalisations for use as training data, we used
4,099 movement-triggered camera trap videos from 2020 and 2022 at 20 OKEON sites.
The videos totalled 9.7 hours (5.7 GB), with individual files ranging from 6-10 seconds

(mean 8.5 s). Almost all sample files contained U. auropunctata.

Data Preparation and Annotation

Approximately 2,500 of 4,099 camera trap videos (Figure 6.2a) were screened manually
for U. auropunctata vocalisations, yielding 32 examples, which were supplemented with
7 examples from 2025. We also selected an equal number of ‘empty’ clips from the
many confirmed not to contain mongoose audio. Twenty more examples were found
via semi-supervised learning (see Supplementary Information for detailed description),
for a total of 52 vocalisations from 2022 (Figure 6.2b). Once verified, the audio from
the camera trap videos was extracted using MoviePy [319]. Unless otherwise stated, all
analysis performed was on the audio data. Another 11 example audio files (mostly alarm
calls) were web-scraped from YouTube, Facebook and Xeno-Canto (see Table S6.1). In
total, our search and screening process produced 70 examples of mongoose vocalisations.
Most mongoose detections were during the hours 07:00-18:00 and vocalisation density
was highest during late Summer (~July-September; Figure 6.2b). Urva auropunctata
was detected most often at the Tamagusuku OKEON site in the Southeast of Okinawa
(Figure 6.2c).

We labelled the 70 mongoose audio clips using NEAL [79], within which we found
134 distinct vocalisations. Due to the small enough of examples for the target species, we
applied mix-up augmentation [306]: each mongoose clip in the training set was linearly

combined with a randomly selected non-mongoose clip from the inference set, effectively
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Fig 6.1. OKEON, camera trap still and example extracted sounds. (a)
Map of OKEON monitoring sites across Okinawa, including land use classification
from [224]. Tamagusuku, our focal field site, is highlighted by the blue box, and
mongoose control fences are located around the blue lines. (b) Still U. auropunctata
image from movement-triggered camera trap video. (c,d) Spectrograms of audio
from U. auropunctata contact (c) and alarm calls (d). Mongoose alarm calls tend
to occupy higher frequencies than contact calls; note the differing vertical axes on

panels (c) and (d).

doubling the number of mongoose training examples to 244. We took many more ex-
amples without mongoose vocalisations from the remaining clips and a sample from the
inference dataset to reduce the number of false positives when applying it to the acoustic
data. The final classification dataset had 2,005 empty and 244 mongoose examples. The
training and test sets were split randomly, stratified by label, with some adjustments:
web-scraped files, test files with only one mongoose vocalisation, or examples whose file-
name also appears in training were moved to the training set. Lastly, additional empty
examples from OKEON acoustic data were added to train (1,039) and test (54) to give
the model data more similar to what it will encounter at inference time. In order to
carry out fine-tuning without overfitting to the test set, the test set was split randomly
in two. The final training-validation-test ratio was 0.92:0.04:0.04. The resulting training

set contains 3,644 empty and 196 mongoose samples. The validation and test sets each
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Fig 6.2. Counts of camera trap and acoustic detections by day and hour
across all sites. (a,b) The y-axis shows the hour of day (0:00-23:00) and the x-axis
is broken into week bins ranging from 1 January to 31 December 2022, inclusive.
Brighter colours represent higher validated U. auropunctata counts in video (a) and
audio (b) from camera traps. Few detections are between 19:00 and 05:00, or in the
months November-May. (c) Urva auropunctata vocalisation counts from camera
trap audio per OKEON site across the sound clips. Tamagusku, outlined in orange
in both plots, represents the site with the majority of mongoose vocalisations from
camera traps, and thus was selected as our acoustic monitoring case study because
of its higher likelihood of containing Urva auropunctata vocalisations in scheduled
recordings.

include 197 empty and 28 mongoose samples. To classify mongoose vocalisations, we
used both VGGish, which looks directly at the audio, and ResNet, which looks at the

256x 256 spectrogram images. More details are given in Supplementary Information.

Species Classification Models

Convolutional Neural Networks (CNNs) have become a highly effective tool for image
classification over the last decade [136], including for bioacoustic species classification
from spectrograms [255]. CNNs provide strong performance, learning task-specific fea-
tures directly, and are robust to noise and variability in field recordings [152]. Moreover,

researchers can leverage transfer learning from pre-trained models to reduce the training
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data required to reach adequate performance with their CNNs [312]. We first compared
the performance of two CNNs of different complexities (Table 6.1). The larger, teacher
model uses transfer learning of two pre-trained CNNs: VGGish and ResNet. VGGish
uses raw audio [99] and ResNet uses spectrograms [98], providing complementary but
computationally complex information for audio classification. To address the trade-off
between generalisation and computational intensity, we also built a smaller, student clas-
sifier to be trained using knowledge distillation, where the larger model from the first
iteration serves as the teacher [101]. This student CNN takes only spectrograms as input
and does not directly use the pre-trained classifiers, but retains much of the teacher’s
predictive power while reducing the number of parameters and inference time as needed
for scaling to large audio datasets (Table 6.1). For further details of teacher and student

models, see Supplementary Information.

Table 6.1. Comparison of Models. The teacher model takes in both a 3-
channel spectrogram and VGGish embedding as inputs, while the student model
uses a single-channel spectrogram. Given its extra preprocessing steps of the
ResNet and VGGish runs, the teacher model has over 10 times the parameters,
100 times the multiply-add operations to carry out and is over 10 times larger in
storage than the student model. If a student model approaches the teacher’s per-
formance, the student model would be advantageous for scaling to large datasets.

Metric Teacher Model Student Model Ratio
Input Shape [(3, 256, 256), (384,)] (1, 256, 256) -
# Parameters 12 060 650 1090050 11.06
# Multiply-Adds 2.38 x 10° 2.23 x 107 106.73
Total Size (MB) 92.77 8.29 11.19

To evaluate classifier performance, we considered a range of metrics: accuracy (pro-
portion of correct predictions), precision (true positives divided by all predicted posi-
tives), recall (true positives divided by all actual positives), F1 score (harmonic mean of
precision and recall), and the Area Under the Receiver Operating Characteristic Curve
(AUC) score, which plots the true positive rate against the false positive rate at different
detection thresholds. Collectively, these metrics allow us a broad understanding of model
performance. Both models used the same training hyperparameters: Adam optimiser,
learning rate of 0.001, a batch size of 16, and 50 epochs.

In machine learning, a loss function quantifies the discrepancy between a model’s
predictions and the true outcomes, guiding the optimisation process during training.

For species classification, categorical cross entropy measures the difference between the
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model’s probabilistic output and the true class labels, while Kullback-Leibler (KL) di-
vergence [137] compares two probability distributions (e.g. between two models) and a
cosine embedding loss [205] measures the similarity between two embeddings (outputs
from earlier layers of the model). The teacher model in this study used cross entropy
loss while the student model, employing knowledge distillation, used cross entropy as
the target loss and the sum of KL divergence (with temperature 7' = 3) and cosine em-
bedding loss (with margin m = 0) as the distillation loss. We used a weighting a = 0.7
on distillation loss and 1 — o on target loss, typical values for the method.! Total loss
is the sum of the two. For further details of the loss functions used, see Supplementary
Information. A copy of the student model, which we call the vanilla student model, was
trained using just categorical cross entropy loss and not by distilling the teacher model.
We did this in order to evaluate performance when training from scratch, without taking
advantage of learnings from the pre-trained models.

The hardware environment for our model comparison was a local machine with 16 GB
of RAM and an Intel(R) Core(TM) i7-1165G7 CPU @ 2.80 GHz, with 4 cores and 8
threads. The operating system was Windows 11 Pro 24H2. The programming environ-
ment included Visual Studio Code (version 1.99.3) [39] for prototyping, training, and
post-processing, using Python (version 3.9.21) [204] and PyTorch (version 2.6.0) [206]

within this environment.

Acoustic Monitoring Case Study

We apply the chosen model to a long-term audio dataset collected as part of the Okinawa
Environmental Observation Network’s passive acoustic monitoring programme [224]. We
chose one OKEON field site, Tamagusuku, as our case study for out-of-sample model
inference, owing to the relative number of mongoose vocalisations detected from camera
trap audio at this site (Figure 6.2). A single site was selected because the data size, over
150 GB per site across the 24 sites on the island, was too large to process for all sites in
the OKEON dataset. Tamagsuku forest is a small disturbed forest surrounded by urban
land use (Figure 6.1a). The forest patch has alkaline soil, supporting typical Okinawan
flora such as Ficus microcarpa (772 2 <L), F. superba (77 277), and F. virgata (/»
< 4 X & 7) which germinate and grow on rocks and large trees. The tree canopy is
primarily composed of Cinnamomum yabunikkei (7 7 = 7 1) and Celtis boninensis
Koidz (77 ) NI J %), with other climbing plants such Flagellaria indica (~ ™7/ L &

'https://docs.pytorch.org/tutorials/beginner/knowledge_distillation_tutorial.
html
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6.3. RESULTS

R %) and Ipomoea indica () 74 77%), and palm trees including Arenga engleri (7 &
) 7). Despite the small forest patch size and anthropogenic noise from the surrounding
city, Tamagusuku also has a rich soniferous fauna, including resident songbirds such as
the Japanese tit (Parus cinereus, > 2 =77 77 7 ), and migratory species like the Japanese
paradise flycatcher (Terpsiphone atrocaudata, ¥ > 377 F 3 7). The site is also home
to endemic frogs (e.g., Rhacophorus viridis, * 3+ "7 7+ 77T L), newts (e.g., Cynops
ensicauda popei, > = ') 7> 4 & ")), and lizards (e.g., Goniurosaurus kuroiwae, 7 2 4
7 K~ 777%F R %). Several species of small bats also roost in nearby limestone caves, but
do not produce sound in the focal frequency range of our study.

We used audio recordings corresponding to peak mongoose vocalisation periods from
preliminary data (Figure 6.2); we targeted 07:00-19:00 each day between 15 May and 14
October from 2017 to 2024. Taking each 1-minute audio file per half hour (25 files/day)
each Summer (153 days/year) for eight years resulted in 29,159 min (~486 hrs) of con-
tinuous audio totalling 155 GB compressed to .flac format. We ran the distilled model
over this data, and manually verified Urva auropunctata detections labelled with > 0.8

confidence.

6.3 Results

Evaluating model performance

The large teacher model was trained on the above dataset and achieved 94.6% accuracy
on the test data, using the default threshold of 0.5, with mongoose-specific metrics of
0.61 precision, 0.92 recall, 0.73 Fl-score and an area under the ROC curve (AUC) of 0.96.
The vanilla student model was trained similarly, using just the spectrograms as inputs
and species labels as outputs, and achieved 91.9% accuracy with 0.70, 0.61, 0.65 and
0.92 for precision, recall, Fl-score and AUC, respectively. The distilled student model,
trained both on the target labels and outputs from the teacher model achieved best
validation loss, achieved 92.6% accuracy, with 0.63 precision, 0.78 recall, 0.80 F1-score
and 0.99 AUC. Figure 6.3 shows the comparison in more detail.

The distilled model shows significantly better metrics than the vanilla student model,
and even surpasses the teacher model at most thresholds. A possible reason for this is
that the distillation performs as a form of regularisation, where forcing the student
to learn from soft labels could reduce the amount of overfitting the teacher model is

experience from its component predtained on images. Coupled with its computational
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Fig 6.3. Performance comparison of teacher and student models. (a)
Receiver Operating Characteristic (ROC) curve for each model, showing how well
they distinguish between correct and incorrect detections. (b) Precision-Recall
(PR) curves, illustrating the trade-off between the two metrics. Curves were cre-
ated by adjusting the detection threshold from 0 to 1 (default = 0.5, shown at
points and coloured dashed lines) and analysing output probabilities for Urva au-
ropunctata in the test set. For (a), we calculated true positive and false positive
rates, and for (b), we measured precision and recall at each threshold. The grey
dashed line on the diagonal in (a) is a random guess, where false positive and false
negative rates are expected to be the same at any threshold. student_va is the
smaller model architecture trained solely on the labelled data, while student_kd
is the same architecture trained via knowledge distillation using outputs from the
teacher model.

efficiency 10-fold higher than the teacher model, we decided to apply the distilled model
to our full dataset. We first trained the distilled model again on all the data (training,
validation, and test) to improve its generalisation. Again, the distilled student model
was trained via knowledge distillation to transfer some of the learnings from the large

teacher model to a more computationally efficient architecture.

Application to monitoring data

We applied our trained model to the large acoustic dataset from Tamagusuku, span-
ning 2017 to 2024, to classify mongoose vocalisations. We ran the model on each
year of the dataset independently, processing audio recordings to identify mongoose

and non-mongoose (empty) vocalisations. Model outputs included considerably more
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non-mongoose classifications than predicted mongoose vocalisations, as illustrated by
the confidence distribution for the 2022 data in Figure 6.4.
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Fig 6.4. Histogram of mongoose classification confidence from 2022
data. The model predictions (confidence scores) are noticeably skewed left, with
mostly low-confidence predictions (0.1-0.4 confidence), below the default 0.5 cutoff.
The distribution has a sharp decline after 0.4, and a long tail towards 1.0. This
is consistent with mongoose being a rarely vocalising species not often present in
audio recordings. Of the 62,039 predictions from 2022, only 54 had confidence over
0.8.

We manually verified model predictions above a 0.8 confidence threshold and iden-
tified a total of 5 mongoose vocalisations across the entire dataset, with some variation
by year (see Table 6.2). Despite the limited number of verified samples among the pre-
dictions (0.66% precision across all years), these serve as a supplemental examples for
expanding the training set for semi-supervised learning. See Figure S6.4 for a detailed
visualization of the model’s confident predictions across time.

To analyse the model’s behaviour on the spectrograms in the inference data, we
examined saliency maps—or class activation maps—to better understand which time-
frequency regions and patterns most strongly influence model predictions [309]. These
maps are created by computing the gradients of the model’s output score with respect
to the input spectrogram via backpropagation, thereby identifying the pixels that most
strongly influence the prediction. They highlight regions of the spectrogram image
that contribute most to classification decision-making, thereby allowing us to interpret
whether the model is using meaningful acoustic features or is overfitting to recorder-
specific artefacts, background noise, or other spurious signals. By comparing different
example mongoose classifications, we can observe the consistency of the model’s focus

across similar inputs to detect potential sources of misclassification. We show side-by-
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Table 6.2. High-confidence mongoose detections by year. Number of
model predictions with >0.8 confidence score per year and verified true positives
versus false positives.

Year Total detections False Positives True Positives

2017 114 114 0
2018 170 168 2
2019 74 74 0
2020 114 114 0
2021 129 129 0
2022 54 o1 3
2023 77 7 0
2024 32 32 0

side sample spectrograms and saliency maps for each of a true positive, a false positive,

and a true negative example in the inference dataset in Figure 6.5.

6.4 Discussion

The small Indian mongoose (Urva auropunctata) is one of the world’s worst invasive
species [153] and has been invasive on Okinawa’s main island since its deliberate intro-
duction in 1910 [124]. Detecting, monitoring, and ultimately controlling the spread of
this species is therefore of considerable importance for Okinawa’s endemic wildlife threat-
ened by the mongoose’s invasion [57, 302]. We aimed to use audio from camera traps
and acoustic recording units in Okinawa as a novel method for detecting and monitor-
ing U. auropunctata. This species rarely vocalises, making audio detection a challenge.
Indeed, detecting U. auropunctata proved challenging, perhaps due to the sparsity of
mongoose vocalisations in training and real-world data. To address this, we created
a dataset comprising both mongoose vocalisations and negative counter-examples to
identify U. auropunctata in passive acoustic monitoring data. Using knowledge distilla-
tion, we developed a computationally efficient convolutional neural network (CNN) that
achieved 92.6% accuracy on the test set. The trained model was applied to a real-world
case study—an acoustic dataset spanning eight years—and successfully detected 5 U.
auropunctata vocalisations. Our approach provides a starting point that has the po-
tential to become a scalable framework for supporting mongoose monitoring and hence

conservation efforts to protect Okinawa’s unique ecosystems.
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(b) False-positive mongoose.

(c) True positive mongoose.

Fig 6.5. Saliency maps of mongoose classification model. Spectrograms
(viridis colour palette) and corresponding saliency maps (hot palette) of predicted
(non)mongoose detections. Regions of high saliency (yellow-white) indicate areas
that strongly influenced the model’s classification. (a) shows a spectrogram with
low confidence, predicted (and verified) to not contain mongoose. (b) shows a high
confidence prediction of mongoose, but human verification identified it as a brown-
eared bulbul (Hypsipetes amaurotis); similar frequency regions in the centre left
of the activation map may explain the confusion. (c) shows a verified mongoose
prediction with high confidence, with a distinct activated region visible in the
saliency map corresponding to the verified mongoose vocalisation.

Despite the promise of our approach and model performance on test data, we identi-
fied several limitations which will need to be overcome before the model can be applied in
the field. One key issue is the presence of multiple overlapping vocalisations from other
(non-target) animals, which can obscure U. auropunctata calls and mislead the model. In

particular, the presence of cicada choruses during the Summer months poses a challenge

110



6.5. CONCLUSION

for detecting and interpreting acoustic signals due to increased background noise [226],
and many U. auropunctata false positives were detected when both cicada choruses and
a non-target species signal were present.Additionally, the model’s performance may be
constrained by the limited availability of high-quality, labelled training data. To address
these challenges, alternative approaches could be explored, such as building separate
classifiers for U. auropunctata alarm and contact calls, as well as countertraining with
distinct categories for tricky signals such as the large-billed crow (Corvus macrorhyn-
chos, /N> 7 k 775 A), brown-eared bulbul (Hypsipetes amaurotis, > & 77> J) and
Japanese bush warbler (Horornis diphone, ™7 3% A). More advanced techniques such as
deep metric learning may also be useful to further distinguish different signal classes
[183], while simulating soundscapes could expand the limited U. auropunctata training
set using synthetic samples [284, 78§].

To enhance the model’s performance further, validated samples (both true positive
U. auropunctata samples and false positives as counter-examples) identified in the large
Tamagusuku dataset can be used along with the already labelled dataset for this paper
to train a more robust model. This has the dual benefit of both providing both more
data and data that is specific to the acoustic recorders used, and so the model should
be better able to detect U. auropunctata in acoustic recordings given this extra training.
By repeating this with each site in the OKEON dataset, island-wide insights could be
gained into mongoose activity. However, transferability to other sites may not be a given

because of the varied soundscape present in Okinawa.

6.5 Conclusion

Our study demonstrated a field audio-based computational approach for monitoring the
small Indian mongoose (Urva auropunctata) in Okinawa. By leveraging sparse vocalisa-
tions extracted from camera trap videos collected across the island as part of an ongoing
environmental monitoring initiative, we trained a lightweight CNN model to detect U.
auropunctata sounds. By distilling from a larger model to a smaller model, we achieved
comparable (even superior) performance while significantly reducing computational over-
head. When applied to ~486 hours of audio data collected over eight years in Southern
Okinawa, the trained classifier could identify U. auropunctata vocalisations, but with
high false-positive error rates. Our approach shows some potential in combining sparse
audio data with deep learning models to monitor invasive mammals, potentially offering

a scalable tool to support conservation efforts aimed at protecting Okinawa’s threatened
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ecosystems. Future applications of this classifier to additional sites could further refine
our understanding of the spatial distribution of U. auropunctata and inform targeted

management interventions.
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Fig S6.1. Detection trends for Yambaru bird species.

(a) Tamagusuku canopy. (b) Tamagusuku forest floor.
Fig S6.2. Tamagusuku site. Photo credit: Amy Morrell
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(a) Camera Trap. (b) Acoustic Recorder.
Fig S6.3. OKEON recording equipment.
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Fig S6.4. Counts of confident model predictions over the dataset length.
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Expanding Dataset via Semi-supervised Learning

We built a feature extractor for semi-supervised learning to find more mongoose vo-
calisations in the camera trap data. This involved taking the outputs from VGGish
and ResNet and training a light GBM classifier [307] to distinguish mongoose from non-

mongoose clips. The dataset used consisted of the 32 mongoose clips from 2022 and
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Filename URL Length (s)
shortl.wav https://youtu.be/AE9BEdvXF8 18
short2.wav https://youtu.be/rtN1NoXM3Cc 7
short3.wav https://youtu.be/-m0D-sDuWs4 10
videol.wav https://youtu.be/V2QP1bQSScO 9
video2.wav https://youtu.be/jdvEn9VxyQg 15
video3.wav https://youtu.be/chb-exHY1G4 34
video4.wav https://youtu.be/2smtcRvugnU 82
videob.wav https://youtu.be/ISWCrjGZVjw 67
video6.wav https://facebook.com/share/v/1BN4bVzecR 15
XChH78808.wav https://xeno-canto.org/578808 153
XC156050.wav https://xeno-canto.org/1566050 109
XC156097.wav  https://xeno-canto.org/1566097 71
X(C156111.wav https://xeno-canto.org/156111 23
X(C191039.wav https://xeno-canto.org/191039 66
X(C202788.wav https://xeno-canto.org/202788 6
X(C202790.wav  https://xeno-canto.org/202790 16
X(C236034.wav https://xeno-canto.org/236034 20
X(C286152.wav  https://xeno-canto.org/286152 17
X(C474444.wav https://xeno-canto.org/474444 59
XC578817.wav  https://xeno-canto.org/578817 3
X(C884889.wav https://xeno-canto.org/884889 56
X(C984255.wav  https://xeno-canto.org/984255 42
X(C984256.wav https://xeno-canto.org/984256 43

Table S6.1. Web scraped audio details. The web scraped audio was extracted
from Xeno-Canto recordings and YouTube and Facebook videos. The two Xeno-
Canto files beginning ‘98" are of the Crab-eating Mongoose recorded in Taiwan,
but the vocalisations were deemed to be similar enough to the species of interest,
Urva auropunctata. The remaining Xeno-Canto files were bird species used as
counter-examples for training. The majority of the mongoose recordings are alarm
calls, while short1l and video6 contain contact calls. In the final training set, these
web-scraped examples constitute nearly half of the mongoose examples (these were
excluded from the validation and test sets), underscoring their utility in enhancing
the dataset’s diversity and improving model robustness.

acoustic features, e.g. bird species vocalising in similar frequency ranges to mon-
goose, hence the confusion, and so are valuable counter-examples for training the

chosen model.
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¢ Reducing domain shift. PAM dataset examples should more closely represent
the large dataset we run inference on than camera trap audio. In particular, the
camera trap audio has more limited spatial coverage than those collected by the

the acoustic recorders.

e Aligning distribution. The model, while trained on a roughly 16:1 empty:mongoose
ratio, could differ noticeably from the large inference data. The inference data
may have much less than 1% that contain mongoose vocalisations. Adding high-
quality negative samples should align more features with empty clips, reducing

false positives.

Once the training data was constructed, examples were set to be 3 seconds from the
annotation start, which biases towards the mongoose vocalisation being at the begin-
ning of the examples. Clips were randomly ‘rolled’ so the vocalisation(s) present occur
at different points in the clip. Average waveforms were analysed for stereo audio files.
The signal was converted to a mel-spectrogram with n_fft=4096, hop_length=>512,
n_mels=256, power=4.0 and cropped to 400 Hz—9 kHz. The output spectrograms were
cropped to 256x256 single-channel (grayscale) and repeated to three channels for in-
put to ResNet. To reduce background noise, each spectrogram had the mean of each
frequency (y-axis) bin subtracted across the entire row. Finally, the spectrograms were
normalised to be in the range [0,1] and then normalised again with the means and stan-
dard deviations from ImageNet dataset, to conform with the input format the pre-trained

ResNet expects. VGGish uses the 3-second signal array and its sample rate as inputs.

Classification Model Construction

The initial model for mongoose classification made use of two pre-trained CNNs. The
first is VGGish [99], a VGG-like architecture trained on AudioSet [74]. It takes raw
3-second mono audio and its sample rate as input and generates feature embeddings for
each second, which are then flattened to a single vector of length 128 x 3 = 384. Concur-
rently, a ResNet model [98], pre-trained on ImageNet [43], takes in a 256 x256x3 image
and outputs an embedding of length 1000. All but the final layer of the ResNet model
were frozen; the model can update the unfrozen layer during training. The embeddings
from both model outputs are concatenated to a vector of length 1384 and passed through
3 fully connected (FC) layers, with dropout with probability 0.5 applied after each to
reduce overfitting. Using two feature extractors trained on different datasets and modal-

ities (images for ResNet, audio for VGGish) provides complementary insights from both
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models. During training, the VGGish embeddings and mel spectrograms can be saved
after their initial generation in the first epoch and loaded in future epochs, reducing
training time. The ResNet embedding changes since the final layer is trainable, but an
earlier layer could technically have been saved.

Our target dataset consists of over ~486 hours of data, requiring ~583,000 spectro-
grams (and waveform arrays for VGGish) to be computed and run through the model.
A smaller CNN, while faster than the above, may not be able to generalise given the
relatively small size of the mongoose audio dataset. To address these computational
constraints, while also taking advantage of the learnings of the two pre-trained models,
the second iteration of the classifier is a smaller CNN which takes in only spectrograms
and does not make direct use of the pre-trained classifiers. Using knowledge distillation,
where the larger model from the first iteration serves as the teacher [101] for the smaller
student model, the training objective combines cross-entropy loss, as in the teacher
model, with Kullback-Leibler (KL) divergence-based distillation loss to align the stu-
dent model’s softmax outputs with the teacher’s. Since the output has only two classes,
this may not be enough to transfer much of the learnings from teacher to student. The
distilled student model was trained additionally with a cosine embedding loss aligning
outputs from an earlier layer (with dimension 256) in both models. This enables the
smaller model to retain much of the teacher’s predictive power while reducing parame-
ters and inference time. A comparison of the teacher and smaller student model used in

this paper is given in Table 6.1.
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Conclusion

This thesis has focused on the development of new ML techniques and analysis tools
for monitoring biodiversity, namely audio annotation software, generative models, bird
and invasive mammal species classifiers via sound, and an application to quantify land
cover change. In this concluding chapter, we summarise the contributions made by each
research chapter in this thesis, consider the limitations of our research, and identify

promising areas for future work in the field.

7.1 Chapter Summaries

Chapter 3 of thesis introduces NEAL, an open-source Shiny R application that improves
the efficiency and consistency of audio data annotation, with a focus on bird vocalisa-
tions but extendable to other species. By enabling precise annotations - capturing time,
frequency and call type - NEAL supports the generation of multiple label sets simul-
taneously, serving as robust human-verified targets for ML applications. Its no-code,
interactive interface empowers domain experts without programming knowledge, while

its modular design and open-source nature foster community-driven innovation and fea-
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ture expansion, such as integrating environmental data or improving visualisation tools
and computational efficiency.

Chapter 4 contributes to the thesis by demonstrating the utility of generative Al,
namely Stable Diffusion, in enhancing bird species audio classification through high-
quality synthetic spectrogram augmentation. The synthetic samples generated by the
Stable Diffusion model were of better quality when compared with those generated by
an ACGAN. An ensemble model trained on a combination of real and synthetic data
performed better on both validation and human-labelled test data than those trained
with real data alone, overcoming data collection constraints common in bioacoustics.

Chapter 5 introduces ExActR, an open-source Shiny R application that enhances
ecosystem extent accounting by enabling environmental project managers with lim-
ited GIS or programming skills to quantify land cover changes using geospatial vector
datasets. By offering a no-code, reproducible, and flexible workflow, ExActR was built in
alignent with the SEEA-EA framework and addresses the needs of practitioners working
at local scales. ExActR contributes to the thesis’s broader aim of developing user-
friendly bioacoustic and ecological tools, with potential to expand into a comprehensive
Ecosystem Accounting package.

In Chapter 6, the final research chapter, we investigate building an acoustic species
classifier for the small Indian mongoose ( Urva auropunctata), an invasive mammal which
threatens many endemic species on Okinawa island, Japan. This mammal rarely vo-
calises, complicating the development of an audio classification model. We demonstrate
that sparse audio data from camera trap videos can effectively train an acoustic classifier
and distil to a smaller model to speed up inference on larger datasets such as long-term
acoustic monitoring at OKEON. We show the utility of our classifier for detecting U. au-
ropunctata and propose future work to apply this classifier to additional locations across

the island, aiding targeted conservation efforts for Okinawa’s threatened biodiversity.

7.2 Limitations and Future Work

This thesis has advanced ecological research through the development of innovative tools
and methodologies for bioacoustics and ecosystem accounting, yet several limitations
and opportunities for future work remain. These span the datasets, methodologies,
and applications explored, offering pathways to enhance the robustness, scalability, and
impact of the proposed solutions.

Chapters 3 and 4 use acoustic data collected using SongMeter Minibat recorders. A
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smaller dataset was collected by simultaneously deploying a Minibat and Audiomoth at
the same location for approximately four weeks, but was not used for any of the work in
this thesis. Recent research [115] highlights differences in recorder performance which
may drift over time, suggesting potential biases when using multiple devices across sites
or over the course of a long-term study. A promising direction is to employ a Variational
Autoencoder (VAE), like that used in Chapter 4, to transfer features between recordings
from different devices. This could improve the quality of data from cheaper devices
or reduce bias in multi-recorder setups by standardising acoustic features. This would
minimise systematic differences in model predictions that arise solely from hardware
variation and give a more objective analysis of bioacoustic data. Future work should
investigate the existing dataset of simultaneous recordings and, if promising, expand to
more sites and time horizons.

The bioacoustic studies in this thesis relied on recorders placed at considerable
distances from one another, which provided coarse insights into species distributions.
However, subtle spatial variations in species presence within smaller areas (e.g., < 1
km) remain under-explored. Investigating fine-scale differences at a single site could
reveal microhabitat preferences or behavioural patterns, enhancing conservation strate-
gies. Future research should deploy denser recorder networks within sites to capture
high-resolution spatial data, coupled with advanced spatial analysis techniques, such as
geo statistical modelling, to map species distributions and inform site-specific manage-
ment plans.

During the course of the work carried out on this thesis, in particular the acoustic
recorders deployed at wind farms, a substantial ultrasonic dataset of bat vocalisations
was also collected. Furthermore, a proof of concept bat species classifier (six bat species,
birds, and noise) was developed. However, the classifier’s application was limited to
general species identification rather than addressing targeted ecological questions. Fu-
ture work could train more sophisticated models using this dataset to investigate specific
research topics, such as bat feeding behaviour, investigating moth presence, or spatial
differences in bat activity across habitats.

While the ExActR app, discussed in Chapter 5, successfully generates ecosystem
extent accounts, extending the Shiny framework to support condition accounts—the
second pillar of the SEEA-EA framework—presents significant challenges. Condition
accounts requires significantly more flexibility to accommodate diverse ecological indi-
cators of interest, which are more complex to standardise than extent calculations. The

need for user-defined parameters and data inputs complicates end-to-end automation in
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a no-code interface. Future development should focus on modular Shiny components
that allow users to select and customise condition indicators (such as soil carbon, tree
cover and water quality) while maintaining accessibility. Collaboration with SEEA-EA
practitioners could guide the prioritisation of key metrics, enabling a comprehensive
ecosystem accounting package.

The generative Al study in Chapter 4 demonstrated that the Stable Diffusion model
produced higher-quality synthetic spectrograms than the ACGAN, improving classifier
performance, but at a higher computational cost. This trade-off limits scalability for
resource-constrained settings. A potential middle ground could involve the single pass
nature of GANs with the quality enhancements of the VQ-VAE from the Stable Diffusion
model to reduce computational demands.

The mongoose classification model in Chapter 6 showed promise but was limited by
the training dataset’s size and diversity of samples. Expanding the model to encompass
the full OKEON dataset, which may include additional verified examples across the time
of the project, would significantly increase training data volume and improve model ro-
bustness. This enhancement could support island-wide mongoose tracking efforts, aiding
invasive species management. Future work should prioritise data curation to incorporate
verified samples, refine the model with techniques mentioned in the chapter (specifically
mix-up and knowledge distillation), and collaborate with local conservationists to align

outputs with tracking objectives.
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