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Abstract

Ecological surveys are critical for conservation and the development of renewable
energy, particularly in assessing biodiversity and environmental impacts. How-
ever, traditional methods face challenges in scalability, accuracy, and resolution.
This thesis addresses these issues through automation and high-resolution un-
manned aerial vehicle (UAV) systems.

The first part focusses on automating workflows for digital aerial surveys in an
offshore wind energy context. A convolutional neural network-based system was
developed to automate data screening, reducing processing times from months to
hours. Validation over 15 months of survey data showed a 36% increase in marine
mammal detection rates compared to manual methods. Bird detection matched
human accuracy but highlighted limitations in current survey resolutions, em-
phasising the need for higher-quality data.

The second part addresses these limitations by improving image resolution and
transitioning to UAV-based systems. Extensive trials explored thermal imaging
and RGB cameras in diverse environments, from offshore, intertidal, cliff areas,
to onshore trials. Although thermal imaging faced challenges classifying birds,
high-resolution RGB systems allowed for accurate classification, but at the cost of
field of view. This led to the development of a Modular Detection and Targeting
System (MDTS), integrating thermal and RGB imaging for real-time ecological
monitoring. Field trials validated its scalability and adaptability for avian and
mammalian species.

By combining automation, high-resolution imaging, and UAV adaptability,

this research contributes novel solutions to ecological surveying. The findings have

significant implications for the acceleration of offshore wind energy development,

the enhancement of wildlife monitoring, and the advancement of the use of drones

in ecological research. Future work should focus on improving sensor technologies

and integrating automated systems across traditional and UAV platforms.
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1 Introduction

1.1 Aims and Objectives

The overarching aim of this research is to improve the e�ciency, scalability, and

reliability of aerial ecological monitoring by integrating machine learning and

UAV technologies into photogrammetric survey work
ows.

To achieve this aim, the research is structured around the following key ob-

jectives:

1. Critically evaluate current methodologies used in digital aerial surveys (DAS)

for ecological monitoring, with a focus on identifying limitations in data

handling, transparency, and processing e�ciency across manned and un-

manned work
ows.

2. Develop an automated, AI-driven system for species detection and classi-

�cation using raw DAS data, with the goal of reducing manual screening

time, improving classi�cation accuracy, and enabling scalable data process-

ing pipelines.

3. Investigate the potential for fully automated ecological survey systems by

exploring UAV-based alternatives to manned photogrammetric surveys, ad-

dressing core trade-o�s such as ground sampling distance (GSD), sensor

resolution, 
ight altitude, and data volume.

1



1. INTRODUCTION

1.2 Methodology Overview

This research follows a two-pronged methodological approach: (1) automating

the processing of manned digital aerial survey (DAS) data, and (2) developing

UAV-based alternatives to traditional ecological monitoring work
ows. Together,

these approaches address the ine�ciencies and limitations present in current pho-

togrammetric survey methodologies.

Part I: Manned DAS Automation

The �rst part of the methodology focuses on processing data from HiDef digital

aerial surveys, a leading provider of high-resolution ecological monitoring footage.

This phase includes:

ˆ Comprehensive analysis of raw DAS data formats, including sequence �les,

GPS logs, and annotations, to identify inconsistencies, compression issues,

and resolution artifacts.

ˆ Development of a modular batch processing pipeline for frame extraction,

image conversion, and data structuring suitable for machine learning work-


ows.

ˆ Implementation of a deep learning-based classi�cation system for bird and

marine mammal detection, trained on structured datasets created from

legacy HiDef data.

ˆ Integration of an active learning loop to iteratively improve model perfor-

mance and reduce manual screening e�ort over time.

Part II: UAV-Based Ecological Survey Design

The second phase investigates the use of Unmanned Aerial Vehicles (UAVs) to

perform high-resolution ecological surveys as a scalable alternative to manned

aircraft. This includes:
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ˆ Experimental �eld trials evaluating UAV platforms, thermal imaging, 
ight

parameters, and species detection capabilities under realistic conditions.

ˆ Assessment of the trade-o�s between image resolution, 
ight altitude, cov-

erage area, and sensor payloads|core challenges in photogrammetric data

collection.

ˆ Design and validation of the Modular Detection and Targeting System

(MDTS), a UAV-based system that integrates real-time species detection,

gimbal tracking, and autonomous 
ight control.

ˆ Demonstration of MDTS performance in operational scenarios, focusing on

improved detection accuracy, minimized data redundancy, and enhanced

ecological survey e�ciency.

Together, these methodological components establish a foundation for fully

automated ecological survey systems that are scalable, cost-e�ective, and capable

of high-resolution monitoring in o�shore and terrestrial environments alike.

1.3 Research Contributions

This thesis makes several signi�cant contributions to the �elds of ecological mon-

itoring, Environmental Impact Assessments (EIAs), and autonomous survey sys-

tem design. The key contributions are as follows:

1. Conducted the �rst independent systematic analysis of raw o�shore wind

EIA data, uncovering critical industry ine�ciencies and methodological lim-

itations.

2. Designed and developed a scalable machine learning pipeline, capable of

converting raw EIA survey data into structured datasets suitable for auto-

mated analysis.

3. Deep learning-based species screening with 97.9% accuracy, substantially

surpassing commercial manual screening performance (68.75% accuracy).
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4. Design, development, and real-world validation of the Modular Detection

and Targeting System (MDTS), enabling integrated, real-time species de-

tection and automated high resolution UAV-based ecological monitoring.

1.4 Thesis Outline

This thesis seeks to address key challenges in ecological monitoring for o�shore

wind energy development, particularly in improving the e�ciency, scalability,

and accuracy of data collection and analysis through automation and UAV-based

systems.

1. What are the key technical and methodological limitations in current digital

aerial survey (DAS) practices for o�shore ecological monitoring?

2. How can machine learning be applied to automate species detection and

classi�cation in DAS datasets, and what are the performance and scalability

implications of such automation?

3. What are the design and operational requirements for UAV-based systems

to reliably perform high-resolution ecological surveys in o�shore environ-

ments?

The structure of this thesis is as follows:

Chapter 1: Introduction Introduces the motivation for the research, outlines

the aims and objectives, provides a high-level overview of the methodology, lists

the core research contributions, and concludes with this thesis structure.

Chapter 2: Literature Review Examines the o�shore wind industry and its

environmental assessment processes, with a focus on current ecological monitor-

ing practices. The chapter explores the role of digital aerial surveys, the HiDef

methodology, transparency challenges, existing automation e�orts, and the ap-

plication of UAVs and multimodal sensing in ecological data collection.

Chapter 3: Methodology and System Speci�cations for Manned Survey Au-

tomation Details the process of automating the screening of HiDef DAS data,
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including data structure analysis, methodological challenges, and the develop-

ment of a scalable, AI-based processing pipeline. This chapter also presents the

design of an active learning system for improving model performance.

Chapter 4: Automated Screening System ResultsPresents the results of the

automated classi�cation system, including dataset creation, training con�gura-

tion, performance validation, and a comparative analysis of AI-based screening

versus manual approaches.

Chapter 5: System Speci�cationsDescribes the transition from manned to

unmanned aerial surveys, focusing on UAV platform selection, sensor integra-

tion, and experimental trials. It introduces the Modular Detection and Targeting

System (MDTS) and outlines its key design features, such as real-time species

detection and autonomous gimbal control.

Chapter 6: Modular Detection and Targeting System (MDTS) ResultsEval-

uates the real-world performance of MDTS through �eld trials, analyzing its ef-

fectiveness in avian and mammalian surveys, improvements in data quality, and

operational e�ciency compared to traditional methods.

Chapter 7: Discussion, Future Work and ConclusionsSynthesizes the thesis

�ndings in the context of the research questions. It discusses broader implications

for o�shore EIAs, identi�es areas for future development, and outlines a long-term

vision for fully autonomous, AI-integrated ecological monitoring systems.
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2 Literature Review

The rapid expansion of o�shore wind energy has made ecological monitoring a

critical component of Environmental Impact Assessments (EIAs). The consent-

ing process for o�shore wind developments is largely dependent on demonstrating

that projects will have minimal impact on marine biodiversity, yet the methodolo-

gies used for monitoring remain outdated and ine�cient. Digital Aerial Surveys

(DAS) have become the industry standard for o�shore ecological monitoring, but

they su�er from a lack of transparency, poor data quality, and overreliance on

manual labor. These limitations not only hinder the accuracy and e�ciency of

EIAs but also create unnecessary bottlenecks in the o�shore wind development

process.

Despite technological advances in AI-assisted data processing and UAV-based

ecological monitoring, adoption in industry has been slow. This chapter criti-

cally examines the role of o�shore wind EIAs, identifying 
aws in current eco-

logical monitoring approaches, and exploring the potential for automation. The

discussion �rst contextualizes o�shore wind development and its regulatory land-

scape, before analyzing the shortcomings of industry-standard ecological survey

methods. Finally, existing automation e�orts in AI-driven species detection and

UAV-based monitoring are assessed, highlighting gaps that this thesis aims to

address.
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2.1 O�shore Wind Industry and Ecological Mon-

itoring

2.1.1 Overview of O�shore Wind Development and EIAs

role within it

Figure 2.1: Overview of o�shore wind energy projects in Europe. The left panel
highlights operational, under-construction, and permitted o�shore wind farms,
while the right panel includes projects still in planning or permitting stages. Data
sourced from WindEurope (2024a).

The transition to renewable energy is critical for meeting global climate goals,

and o�shore wind energy plays a central role in this transition. As of 2023,

Europe now has a total of 272 GW of wind capacity, with 18.3 GW of new wind

power capacity having been installed, with the EU-27 contributing 16.2 GW of

this total. This is a record for the region (WindEurope, 2024b). However, this

�gure represents only half of the capacity needed to meet the EU's 2030 climate

and energy targets. Notably, 79% of the new wind capacity was onshore, while

o�shore installations reached a record 3.8 GW. This creates a cumulative total

of 19.38 GW of o�shore wind in the EU as of 2023 (European Commission,

2024). Despite this growth, 2/3 of the wind installations expected up to 2030,

will remain onshore. Looking forward, Europe is projected to install 260 GW of

new wind power capacity between 2024 and 2030, with the EU-27 responsible for

200 GW of this total|an average of 29 GW per year. To meet its 2030 climate

and energy goals, the EU needs to ramp up its installation rate to 33 GW per
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year. As a result, the EU is likely to fall short by approximately 30 GW of its 425

GW ambition required to achieve a 42.5% renewable energy target (WindEurope,

2024b).

Figure 2.1 shows the latest data on O�shore Wind Development in Europe

(WindEurope, 2024a). While it is clear many O�shore Wind farms are being

planned, very few have gained planning permission, and fewer still are under op-

eration. Most connected o�shore wind can be attributed to Germany, the UK, the

Netherlands and Denmark. Building an o�shore wind farm is a complex, multi-

phase endeavor that involves extensive planning, environmental assessments, en-

gineering, procurement, construction, and ongoing operations. The "Guide to

an O�shore Wind Farm" by BVG Associates (2024) provides a comprehensive

overview of this process, particularly in the context of UK developments up to

2025.

2.1.2 Overview of O�shore Wind Farm Development Pro-

cess

The development of an o�shore wind farm is a complex, multi-phase process that

spans several years, involving extensive collaboration among various stakeholders.

This process is generally divided into the following key phases:

1. Seabed Leasing and Site Selection: The �rst step involves securing

seabed leases from the relevant authorities. In the UK, this is managed

by The Crown Estate for England, Wales, and Northern Ireland, and by

Crown Estate Scotland for Scottish waters. During this stage, developers

identify and secure potential sites based on factors such as wind resource

potential, proximity to the grid, environmental constraints, and competing

uses of the seabed (BVG Associates, 2024).

2. EIA and Consenting: Developers conduct extensive environmental sur-

veys, including metocean, geophysical, geotechnical, and ecological studies,

to establish baseline conditions and assess potential impacts. The results

are compiled into an EIA, which is required to obtain the necessary consents

and planning permissions from regulatory authorities (Associates, 2019).
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3. Preliminary Engineering and Feasibility Studies: Detailed engineer-

ing and feasibility studies are conducted to re�ne the design and layout of

the wind farm. These studies assess turbine technology, foundations, cable

routes, and grid connection points to optimize the project's performance

and costs (BVG Associates, 2024).

4. Procurement and Supply Chain Development: This phase involves

selecting suppliers and contractors for key components, including turbines,

foundations, substations, and cables. Developers typically work closely with

the supply chain to ensure the timely delivery of materials and services

(Associates, 2019).

5. Construction and Installation: Construction begins with the installa-

tion of foundations, followed by the assembly and erection of wind turbines.

Subsea cables are laid to connect the turbines to o�shore substations, which

are then linked to the onshore grid. Specialized vessels and equipment

are required for these operations, which are highly dependent on favorable

weather conditions (BVG Associates, 2024).

6. Commissioning and Grid Connection: After installation, the wind

farm undergoes a commissioning phase to ensure that all systems are fully

operational. This includes testing individual turbines, substations, and grid

connections. Once completed, the wind farm begins exporting power to the

grid (Associates, 2019).

7. Operations and Maintenance (O&M): During its operational life, typ-

ically 20{25 years, the wind farm requires regular maintenance to ensure

optimal performance. This includes routine inspections, repairs, and oc-

casional component replacements. Advances in remote monitoring and

predictive maintenance technologies are helping to reduce O&M costs and

downtime (BVG Associates, 2024).

8. Decommissioning: At the end of its operational life, the wind farm is de-

commissioned. This involves dismantling turbines, removing foundations,
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and restoring the seabed to its original condition as much as possible. Devel-

opers are required to submit a decommissioning plan at the consenting stage

to ensure compliance with environmental regulations (Associates, 2019).

The European Union has set ambitious o�shore wind energy targets of 111

GW by 2030 and 317 GW by 2050 (European Commission, 2024). However, cur-

rent development rates make these targets di�cult to achieve due to numerous

bottlenecks, one of the most signi�cant being the requirement for EIAs during the

consenting process. These surveys collect baseline data on Metocean, Geophys-

ical, Geotechnical, Biological, Socioeconomic, and Heritage factors to balance

the expansion of renewable energy with marine environmental protection. De-

spite their importance, EIAs currently lack enforceable mandates to mitigate or

compensate for residual impacts (Institute for European Environmental Policy

(IEEP), 2022). As a result, EIA surveys are often reduced to procedural formal-

ities|a "tick-the-box" exercise that satis�es legal requirements without driving

meaningful environmental outcomes. This disconnect undermines the potential

value of the data collected, leaving it largely unused for proactive conservation

or improved planning.

Digital aerial surveys have become the preferred survey method compared

to manned surveys due to their speed, accuracy and cost-e�ectiveness as a part

of EIA. This is largely due to the ability to collect and post process the data

(NatureScot, 2023;�Zydelis, Dorsch, Hein•anen, Nehls and Weiss, 2019). They

are also much more repeatable and transparent for as long as the digital images

are retained (Weiser et al., 2023). Their primary application has been in o�shore

wind baseline ecological monitoring, determining distributions and abundances of

marine species. Since around 2010 (Buckland et al., 2012), digital aerial surveys

have been growing in popularity, more recently becoming a prevailing or even

the standard method of survey within the o�shore wind industry. Companies

such as HiDef, a market leader in this �eld, have conducted over 800 
ights

since 2014, generating extensive historical and ongoing datasets (Bioconsult SH,

2024; HiDef Surveying Ltd, 2024). The success of o�shore wind energy in regions

with the largest cumulative capacity as of 2024, such as the UK, Germany, the

Netherlands, Belgium, and Denmark, may be partly attributed to the e�ective
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use of these digital aerial surveys to gain consenting permission, enabling this

growth (Hidef Surveying, 2023a; HiDef Surveying, 2023b).

Figure 2.2: Planned and Operational O�shore Wind UK and Ireland with DMAP
location (WindEurope, 2024a).

The United Kingdom, with a much longer history in o�shore wind than Ire-

land, is aiming to expand its 22 GW of o�shore wind energy to 154 GW by 2030

(Mitchell et al., 2022). Ireland held its �rst o�shore wind auction in 2023 under

the O�shore Renewable Electricity Support Scheme (ORESS) 1, beginning its

journey to 5 GW of o�shore wind by 2030 (Irish Government, 2020). Almost

40 GW of o�shore wind projects are in development in Ireland, of which more

than 10 GW are in the Atlantic Region, and nearly 4 GW of schemes given \rele-

vant projects" status to allow fast track development (Development, 2022). The

winning bids were the North Irish Sea Array (Statkraft, 500 MW), Dublin Ar-

ray (RWE and Saorgus Energy, up to 850 MW), Codling Wind Park (EDF and

Fred Olsen, up to 1,450 MW) and Sceirde Rocks (Corio Generation, 450 MW) as
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shown in Figure 2.2. Three wind farms will be built o� the East Coast and one

o� the West Coast. The �rst projects could be operational by 2028, depending on

the timelines of their planning permission. None of the successful projects have

yet been able to apply for planning permission (Development, 2022; WindEurope,

2022).

A recent ORESS 2.1 Industry brie�ng session took place on the 15th January

2024 (Government of Ireland, 2024). At the time of writing, a single bid for a

900MW site will be approved during this process. One major highlight of this

session was the discussion around data acquisition. The importance of data for

O�shore Wind development cannot be understated as it is required for robust

marine spatial planning, to accelerate o�shore wind development and reduce o�-

shore wind costs borne by consumers. The session highlighted several conclusions

regarding data for O�shore Renewable Energy (ORE). Key points included the

necessity of data collaboration, the requirement for improved data standardiza-

tion, the need to balance survey work with environmental impact and �shing

activities, and the importance of designing surveys to deliver robust, reliable

datasets that will inform site selection. Several challenges were also identi�ed,

including issues related to data accessibility, lack of standardization, and hesita-

tion to share data (Government of Ireland, 2024). ORESS 2.1 is o�cially to be

held in early 2025.

Traditionally, EIAs were completed by developers applying for development

consent. However, Ireland is now shifting this responsibility from private devel-

opers to central government authorities. They have agreed that development in

ORESS 2.1 will take place within Designated Maritime Area Plans (DMAPs),

established according to the Maritime Area Planning Act, 2021. Future develop-

ments will be located at speci�c sites within DMAPs identi�ed for this purpose

by the Government (eTenders Government of Ireland, 2024). The �rst DMAP for

ORE will be located o� the South Coast, as shown in Figure 2.2. As part of this

initiative, EIA data is currently being purchased from historically completed sur-

veys or newly commissioned with the partnerships of the Marine Institute (MI)

and Geological Survey Ireland (GSI). Four zones have been proposed within this

DMAP for development as of May 2024(Department of the Environment, Climate

and Communications, 2024).
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Given the scale of not just Ireland's o�shore wind ambitions but the global

ambitions, and the critical role that environmental data plays in enabling sustain-

able development, it is essential to scrutinize the current methodologies employed

in digital aerial surveys. The following sections delve into these methods, iden-

tifying their limitations and the need for automation to address growing data

demands.

2.1.3 Ecological Surveying and DAS

Digital aerial surveys have become a crucial method for EIA, particularly in

monitoring wildlife, such as avian and non-avian species, in marine environments.

Since their introduction, the fundamental methodologies have remained largely

unchanged, focusing primarily on two main types: digital video and digital still

photography (High Resolution Video Survey of Seabirds and Mammals in the Rhyl

Flats Area, 2009; Thaxter et al., 2016). Each method has its distinct advantages,

determined largely by the camera systems used and the speci�c requirements of

the surveying organizations.

Digital still photography, often employed by companies such as APEM and

IfA •O, typically operates at a frame rate of 0.5 to 1 frame per second (fps). This

method is characterized by a signi�cant overlap between images, sometimes up to

50%, which aids in capturing comprehensive coverage of the survey area (Webb

and Nehls, 2019). On the other hand, the digital video survey method, branded

as the "HiDef method" Vilela et al. (2020); Webb and Nehls (2019), exclusively

utilized by HiDef Aerial Surveying Ltd, operates at a higher frame rate of 5 to 7

fps. This increased frame rate allows for the capture of more dynamic scenes and

potentially more detailed observations of moving objects, such as birds in 
ight,

but produces more images for analysis.

Understanding the challenges of current survey methodologies requires a closer

examination of leading industry practices. The HiDef method Vilela et al. (2020);

Webb and Nehls (2019), widely adopted for digital aerial surveys, particularly in

Europe, serves as a case study for exploring these limitations.

14



2.1 O�shore Wind Industry and Ecological Monitoring

2.1.4 The HiDef Method

Figure 2.3: Survey Aircraft Camera Con�guration in the HiDef Method.

The HiDef method typically employs twin-engine high-wing aircraft, such as

the Vulcanair P68 or Diamond DA42 (Vilela et al., 2020; Webb and Nehls, 2019).

These aircraft are chosen for their low fuel consumption and long-range capa-

bilities, making them well-suited for extensive surveys (Wei et al., 2016). The

method uses an array of four cameras, where cameras 2 and 3 have a swath

width of 129 m, and cameras 1 and 4 have a swath width of 143 m. To pre-

vent double counting of individual species, a 20 m gap is maintained between

the ground coverage areas of adjacent cameras, as illustrated in Figure 2.3. This

gap is crucial due to the higher frame rate of video surveys, which increases the

likelihood of a species moving from one camera's �eld of view to another while

the aircraft is overhead. However, the con�guration can be adjusted to eliminate

gaps or create some overlap, though this would reduce the overall swath width

(Webb and Nehls, 2019).

Additionally, as seen in Figure 2.3, the camera array is tilted 30 degrees from

Nadir (the point directly beneath the aircraft on the Earth's surface), either in

the direction of 
ight or against it, to mitigate issues with sun glare (Wei et al.,

2016). A nominal ground sampling distance (GSD) of 2 cm is also chosen for

these sensors (Webb and Nehls, 2019) utilizing a nominal 
ight height of 549 m.
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The GSD, which is the distance between the centre of each pixel on the ground,

de�nes how much of the ground is captured in each image, with a lower GSD

value indicating higher resolution.

The aircraft 
ies parallel transects, with the overall direction of these tran-

sects determined by the speci�c survey type. Often, these transects are oriented

perpendicular to the coast, a strategy that enhances the capture of gradual water

changes (Wei et al., 2016). For baseline ecological surveys related to o�shore

wind projects, regulations mandate a minimum coverage of 10% of the study

area (Aum•uller et al., n.d.), which is commonly achieved by spacing the parallel

transects 2-5 km apart (Buckland et al., 2012; Wei et al., 2016;�Zydelis, Dorsch,

Hein•anen, Nehls and Weiss, 2019). This spacing minimizes the likelihood of en-

countering the same wildlife more than once during the survey, which can occur

if the transects are too close together (Buckland et al., 2012). Striking a balance

between the accuracy of results, 
ight time, and area coverage is crucial, as closer

transect spacing increases the risk of double-counting species, while wider spacing

may reduce overall accuracy and increase costs.

Aircraft telemetry data, including GPS position, compass heading, and baro-

metric altitude, is recorded at a rate of 1 Hz in parallel to the camera frames.

This means 6-7 frames receive the same positional data. With interpolation in-

termediate positions for each frame can be estimated. The lateral o�sets of the

camera swaths are then used to georeference bird and mammal observations. All

observations in a frame receive the same position location corresponding to the

centre of the frame. Flights are restricted to certain conditions such as no cloud

cover below the 
ight altitude, no precipitation, wind speeds of less than 30 km/h

at sea level, sea state of 6 or less and not less than 1.5 hours after sunrise or before

sunset (Collier et al., 2022).

2.1.5 Manual Data Screening and Classi�cation

The quality assurance (QA) involves a second reviewer, the auditor, to review

20% of the data initially reviewed by the �rst reviewer. If there is not over 90%

agreement between both reviewers, corrective action is taken. The remaining

data is reviewed and where appropriate the failed reviewer's data is discarded.
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