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 A B S T R A C T

With Europe projected to install 260 GW of new wind power between 2024 and 2030, much of it offshore, 
efficient Environmental Impact Assessments (EIAs) are essential. Regulations require 24 monthly aerial digital 
surveys before development, with continued monitoring during and after construction. This generates massive 
volumes of ecological data. We present an automated system that drastically reduces the time required for the 
most labour-intensive task: screening imagery to identify objects or individuals for further species classification. 
The process is reduced from several months to the 4-hour survey duration. In a 15-month case study (with 
one month excluded for testing), the system achieved 97.9 % accuracy, outperforming manual screening 
(68.75 %), and eliminated 99.13 % of frames from requiring manual review. Avian detection matched manual 
performance but remained limited by current survey conditions and image resolution. Critically, we found 
that the commonly assumed 2 cm ground sampling distance (GSD) was inconsistent across survey frames, 
with no part of any image achieving 2 cm/px, due to camera angles and aircraft configuration. This reduces 
classification confidence and highlights a need for improved data standards and transparency. As the first 
study to directly examine these assumptions using raw data, our results demonstrate that survey resolution is 
insufficient for consistent species identification, and that manual screening may miss up to 30 % of individuals. 
These findings underscore the importance of questioning inherited data assumptions and improving survey 
methodologies before such outputs are used to inform policy or conservation action.
1. Introduction

1.1. Offshore wind expansion and policy targets

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 figure 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 offshore installations reached a record 3.8 GW. This creates 
a cumulative total of 19.38 GW of offshore 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 
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rate to 33 GW per 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).

1.2. Survey requirements and ecological constraints

The European goal for offshore wind by 2030 is 111 GW with 317 
GW required by 2050 (European Commission, 2024). At the current 
rates of development this target will never be achieved. While the 
planning, permission, development and construction stages of offshore 
wind is a multifaceted orchestra, there are numerous bottlenecks. One 
such bottleneck is the preconstruction survey requirements during the 
consenting processes. Balancing the creation of clean, renewable energy 
and protecting the marine environment is crucial.  Environmental 
Impact Assessments (EIAs) involve the collection of data across multiple 
domains, including Metocean, Geophysical, Geotechnical, Biological, 
Socioeconomic, and Cultural Heritage.These are all collected with a 
goal of creating baseline information about the region of potential 
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Fig. 1. Planned and operational offshore wind farms in the UK and Ireland, including the DMAP location, with overview statistics for currently connected and permitted offshore 
wind capacity in Europe (WindEurope, 2024a).
development. Similar data is collected post construction. While an im-
portant part of the preplanning of offshore wind, they do not currently 
carry a legal requirement to actually avoid or reduce impacts, nor 
compensate for residual impacts (Institute for European Environmental 
Policy (IEEP), 2022).

1.3. Role of digital aerial surveys in offshore EIAs

Digital aerial surveys have become the preferred method for ecologi-
cal monitoring of marine megafauna (e.g., seabirds, marine mammals), 
due to their speed, consistency, and cost-efficiency compared to tra-
ditional manned surveys. This is largely due to the ability to collect 
and post process the data (Žydelis et al., 2019; NatureScot, 2023). 
They are also much more repeatable and transparent for as long as 
the digital images are retained (Weiser et al., 2023).  These surveys 
are primarily used to assess the distribution and abundance of species 
visible at or above the sea surface, such as seabirds, marine mammals, 
and some large pelagic species. Since around 2010 (Buckland et al., 
2012), digital aerial surveys have been growing in popularity, more 
recently becoming a prevailing method of survey within the offshore 
wind industry. Companies such as HiDef, a market leader in this 
field, have conducted over 800 flights since 2014, generating extensive 
historical and ongoing datasets (HiDef Surveying Ltd, 2024; Bioconsult 
SH, 2024). The success of offshore 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 
effective use of these digital aerial surveys enabling this growth (HiDef 
Surveying, 2023; Hidef Surveying, 2023).

The United Kingdom, with a much longer history in offshore wind 
than Ireland, is aiming to expand its 22 GW of offshore wind energy to 
154 GW by 2030 (Mitchell et al., 2022). Ireland held its first offshore 
wind auction in 2023 under the Offshore Renewable Electricity Support 
Scheme (ORESS) 1, beginning its journey to 5 GW of offshore wind 
by 2030 (Irish Government, 2020). Almost 40 GW of offshore 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 ‘‘relevant 
projects’’ status to allow fast track development (Development, 2022). 
The winning bids were the North Irish Sea Array (Statkraft, 500 MW), 
2 
Dublin Array (RWE and Saorgus Energy, up to 850 MW), Codling Wind 
Park (EDF and Fred Olsen, up to 1450 MW) and Sceirde Rocks (Corio 
Generation, 450 MW) as shown in Fig.  1. Three wind farms will be built 
off the East Coast and one off the West Coast. The first 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).

1.4. Regulatory changes in Ireland and data access opportunities

A recent ORESS 2.1 Industry briefing session, held on 15 January 
2024 (Government of Ireland, 2024), highlighted the increasing im-
portance of data in supporting offshore wind development. At the 
time of writing, a single bid for a 900 MW site is expected to be 
approved through this process. One of the session’s major themes was 
data acquisition and management. Such data are critical not only for 
marine spatial planning and reducing development costs, but also for 
establishing ecological baselines, assessing potential biodiversity im-
pacts, and informing mitigation strategies. The session outlined several 
key conclusions, including the need for improved data collaboration, 
standardization, and accessibility. It also emphasized the importance of 
designing ecological surveys that produce robust, repeatable datasets, 
while balancing the impact of survey activities on marine life and 
fisheries. Despite these goals, several challenges persist—most notably, 
inconsistent standards, limited accessibility, and industry reluctance to 
share data (Government of Ireland, 2024).

Traditionally, Environmental Impact Assessments (EIAs) were com-
pleted by developers applying for development consent. However, Ire-
land is now shifting this responsibility from private developers 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 developments will be located at specific sites within 
DMAPs identified for this purpose by the Government (eTenders Gov-
ernment of Ireland, 2024). The first DMAP for ORE will be located off 
the South Coast, as shown in Fig.  1. As part of this initiative, EIA data 
is currently being purchased from historically completed surveys or 
newly commissioned with the partnerships of the Marine Institute (MI) 
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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).

1.5. Cost implications and scalability limits

This purchasing and commission of data acquisition in Ireland 
presents a new opportunity to begin creating solutions to the chal-
lenges identified. With a shift in data analysis away from commercial 
and industrial partners towards governmental and public bodies, a 
revisiting of this already collected ecological data is currently taking 
place to determine the optimal locations to build this infrastructure 
in Ireland but also validate the methods that have been utilized to 
date. Based on independently collected figures as a part of this study 
from a digital aerial survey company in Ireland, a single flight can 
cost around e20,000, with 24 being completed pre-construction - one 
a month for two years. The data screening and species identification 
costs approximately an additional e11,250 per fight with a quoted 
600 h allocated to screening and 100 to classification for the 24 
flights, cumulatively.  This equates to approximately e750,000 for the 
aerial ecological survey component of an offshore wind EIA, consistent 
with values reported elsewhere of up to e1,000,000 per gigawatt-scale 
project (BVG Associates, 2024).

While the figures we received from survey providers were broad 
and not from the survey provider of the data used in this study, they 
align closely with those reported in industry publications and informal 
estimates. However, to the best of our knowledge, no provider has 
publicly disclosed an exact cumulative breakdown of screening hours or 
per-project costs. As a result, it remains impossible to precisely quantify 
the full labour burden or the true economic benefit of automation. 
In this paper, we make transparent, best-effort estimates based on 
partial disclosures and publicly advertised screening wages to highlight 
the scale of the challenge. Although the precise savings achieved by 
our system cannot be calculated definitively due to this lack of trans-
parency, they are undeniably substantial—especially when considered 
across dozens or hundreds of surveys needed for large-scale offshore 
development.

The screening of 150,000–250,000 images per flight is labour-
intensive, and cost estimates suggest up to 600 h of manual effort 
per survey. Past job listings have advertised screening roles at rates 
at £9/h (HiDef Surveying, 2024) in 2018, with more recent adver-
tisements at annual salaries around £24,800, suggesting a workforce 
of approximately 30–35 individuals would be utilized within the cost 
estimates provided. This reinforces the unsustainable nature of current 
methods and highlights why automation is not just beneficial, but 
essential.

The lack of standardization and transparency in current survey 
practices presents additional challenges. Without clearer data structures 
or oversight, it is difficult to assess the validity of outputs that directly 
influence ecological risk assessments and conservation decisions.

There is a clear need for automated processing methods (Ditria 
et al., 2022; Kemper et al., 2016), the creation of common stan-
dards (Kraus et al., 2019) and an evaluation of the current state of the 
art (Diederichs et al., 2008; Bailey et al., 2014). There is significant 
untapped potential in the current surveying practices, particularly for 
the analysis of large avian and smaller mammalian species, with con-
siderable room for improvement (Courbis et al., 2023; Largey et al., 
2021; Conkling et al., 2021).

In this paper, we have developed a system to screen survey data 
in near real time, using raw video data of surveys completed off the 
Irish coast by HiDef, provided by a developer in offshore wind. This 
system uses commercially human-labelled CSV data from past surveys 
to create a Convolutional Neural Network (CNN) model that is rapidly 
expandable through the use of active learning and compatible with the 
hardware and software platforms currently used by major commercial 
companies. Sinclair and Booth (2019) and Vilela et al. (2020). This sys-
tem has demonstrated significant efficiency improvements converting 
parts of the process from months to hours.
3 
2. Literature review

2.1. Digital aerial survey

To design automation systems that meaningfully improve on cur-
rent practice, it is essential to understand the operational structure of 
DAS as currently implemented in the offshore wind industry. 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 methodolo-
gies have remained largely unchanged, focusing primarily on two 
main types: digital video and digital still photography (High Res-
olution, 2009; Thaxter et al., 2016). Each method has its distinct 
advantages, determined largely by the camera systems used and the 
specific requirements of the surveying organizations.

Digital still photography, often employed by companies such as 
APEM and IfAÖ, typically operates at a frame rate of 0.5 to 1 frame 
per second (fps). This method is characterized by a significant over-
lap 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’’, exclusively utilized by HiDef Aerial Surveying Ltd, 
operates at a higher frame rate of 5 to 7 fps Webb and Nehls (2019). 
This increased frame rate allows for the capture of more dynamic scenes 
and potentially more detailed observations of moving objects, such as 
birds in flight, but produces more images for analysis.

2.2. The HiDef method

The HiDef method typically employs twin-engine high-wing aircraft, 
such as the Vulcanair P68 or Diamond DA42 (Webb and Nehls, 2019). 
These aircraft are chosen for their low fuel consumption and long-range 
capabilities, 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 prevent double counting of individual species, a 
20 m gap is maintained between the ground coverage areas of adjacent 
cameras, as illustrated in Fig.  2. 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 field of view to another while the aircraft is 
overhead. However, the configuration 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 Fig.  2, 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 flight or against it, to mitigate issues 
with sun glare (Wei et al., 2016). A nominal GSD of 2 cm is also chosen 
for these sensors (Webb and Nehls, 2019) utilizing a nominal flight 
height of 549 m. The GSD, which is the distance between the centre of 
each pixel on the ground, defines how much of the ground is captured 
in each image, with a lower GSD value indicating higher resolution.

The aircraft flies parallel transects, with the overall direction of 
these transects determined by the specific survey type. Often, these 
transects are oriented perpendicular to the coast, a strategy that en-
hances the capture of gradual water changes (Wei et al., 2016). For 
baseline ecological surveys related to offshore wind projects, regula-
tions mandate a minimum coverage of 10% of the study area (Aumüller 
et al., 2023), which is commonly achieved by spacing the parallel 
transects 2–5 km apart (Žydelis et al., 2019; Buckland et al., 2012; Wei 
et al., 2016). This spacing minimizes the likelihood of encountering 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 bal-
ance between the accuracy of results, flight 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.
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Fig. 2. Survey aircraft camera configuration in the HiDef method.
Fig. 3. Sample AI-screened video frame from our developed process. 
Aircraft avionics data, including GPS position, compass heading, 
and barometric 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 an intermediate position for each frame can 
be estimated. The lateral offsets 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 flight 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 h 
after sunrise or before sunset (Collier et al., 2022).

2.3. Limitations of manual screening and QA workflows

Understanding how manual screeners process DAS imagery is es-
sential to identifying where automation may yield the greatest effi-
ciency gains and correct for known detection issues. After the survey 
is complete, the data is screened offline. The video is made avail-
able to the reviewers, firstly marking any objects for re-review by 
specialist ornithologists and marine mammal specialists to classify. 
A sample frame is shown in Fig.  3.  There is no mention in the 
literature or guidance that zooming is used during this process. Based 
on our own manual analysis of full transects, substantial undercounting 
was observed—especially in frames with dense bird presence. Across 
multiple randomized frames, screeners routinely missed individuals, 
particularly when more than 10 birds were present. In one example, 
77 birds were manually counted by the authors, while only 66 were 
counted in the official commercial dataset—a shortfall of nearly 15%. 
In another, only 3 individuals were annotated in a frame where at least 
10 birds were visible, a short fall of 70%. These discrepancies were 
most pronounced for small or tightly clustered species, reinforcing the 
4 
reviewer’s observation that the lack of zoom or enhanced viewing likely 
results in missed detections. This is further supported in our results 
section, where the AI model outperformed manual screening by nearly 
30% for all mammals in a survey, highlighting that manual screening is 
not only time-consuming but also systematically underdetects species. 
This strongly supports the case for automated screening solutions in 
large-scale offshore surveys.

The quality assurance (QA) involves a second reviewer, the auditor, 
to review 20% of the data initially reviewed by the first 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. The QA process not only ensures 
accuracy but also serves as a training mechanism, allowing reviewers 
to continually coordinate and compare their work, thus improving 
consistency and expertise within the team (Wei et al., 2016; Pavat and 
Harker, 2022).

If possible, during the initial screening, a broad category is recorded 
in the form of bird species, mammal species or man-made object, 
allowing the sorted data to be passed to the ornithologists and mammal 
specialists. Their efforts are best utilized on a sorted subset of the data 
since the vast majority of frames will have no objects to identify. The 
specialists classify the detections to the lowest taxonomic level possible 
and assess the approximate age and sex, as well as any behavioural 
traits visible in the image. This can include, sitting vs. flying, what 
direction the bird is flying, if a mammal is surfacing or submerged. This 
part of the process also entails an identical QA process where 20% of 
the data is randomly selected for review with at least 90% agreement 
required between the specialists. If disputes still exist a third reviewer 
makes the final decision (Žydelis et al., 2019; Pavat and Harker, 2022).

It should be noted that confidence ratings assigned during species 
identification are not standardized across taxonomic groups. According 
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to survey documentation from NECR439 (Pavat and Harker, 2022), 
the likelihood of achieving a definite or probable identification is 
not consistent for all component members of a species group. For 
example, someone undertaking identification of a large auk will find 
it easier to be confident of guillemot (Uria aalge) identification than 
razorbill (Alca torda).  Definite was defined as certain as reasonably 
possible. Probable was defined as very likely to be this species or 
species group. Possible was defined as more likely to be this species 
or species group than anything else. Any animals that could not be 
identified to species level were assigned to a category ‘No ID’. If, on 
occasion, the unidentified bird is suspected of belonging to two possible 
groups, then a broader group category may be used. Interestingly, 
this phrasing aligns not only with the published report but also with 
the internal labelling used in commercial datasets, where ‘‘guillemot’’ 
is used generically to refer to Uria aalge. This reinforces a broader 
issue—namely, the lack of precision and consistency in classification 
terminology across both public-facing documentation and operational 
practices. The interchangeable use of common names without clear 
disambiguation contributes to confusion in downstream analysis and 
underscores the need for standardized species identification protocols.

All of this information is stored in a CSV format with examples pub-
licly available (High Resolution, 2009; Marine Data Exchange, 2024). 
A sample is also shown at the bottom of Fig.  3. The CSV data consists 
of a number of headings. These are: Survey, Survey date, Camera, 
Resolution, Reel Ref, Time, Frame Ref, Broad Category, Species Group, 
Confidence, Species, Confidence, BTO code, behaviour, Submerged, 
Flight Height, Flight Height Confidence, Age, Sex, Measurements, Ad-
ditional Comments, Lat and Lon. This has largely been the way the 
data has been compiled since 2009 (High Resolution, 2009). All clas-
sifications are finally outputted as a single output, in ArcGIS shapefile 
format, using UTM30N projection, WGS84 datum (Pavat and Harker, 
2022). After this a series of data analysis techniques are applied for 
estimating populations, taking bias into consideration and creating 
density maps.

2.4. Evidence of systemic gaps in survey accuracy and transparency

As highlighted in Section 1, the adequacy of current data collection 
and screening methods for offshore wind monitoring has been ques-
tioned extensively. This concern was notably raised during the ORESS 
2.1 industry briefing session in Ireland, where significant doubts were 
expressed regarding the effectiveness of existing approaches. However, 
this issue is not unique to Ireland. Similar concerns have been echoed 
in the broader literature, reflecting widespread apprehension about the 
current state of data collection and analysis in the field.

While guidance exists for ORE developers in Ireland, particularly 
for aerial surveys, this guidance is in need of updating to meet current 
technological and environmental requirements (Department of the En-
vironment, Climate and Communications, 2020). Numerous sources in 
the literature emphasize these concerns. For instance, recent reviews 
and reports have scrutinized the sufficiency of data collection and 
screening methods, calling for improvements (Courbis et al., 2023; 
Largey et al., 2021). A recent final project report specifically assessing 
the monitoring of birds and marine mammals in offshore wind envi-
ronments highlights critical issues, including the need for automation, 
standardization, and transparency in dataset collection and evalua-
tion (Courbis et al., 2024). The report underscores that high-quality, 
long-term datasets collected through robust and cohesive methodolo-
gies are essential for effectively informing adaptive management of 
the offshore wind industry. In contrast, disjointed and poorly designed 
individual efforts fall short in advancing our understanding of OSW 
impacts (NYETWG, 2024; New York State Energy Research and Devel-
opment Authority, 2021; Wilding et al., 2017; Bureau of Ocean Energy 
Management (BOEM), 2017).

One significant observation is that while large datasets have been 
gathered, they do not necessarily improve the understanding of OSW 
5 
effects. This gap highlights the need for a more systematic approach 
to data collection and analysis (Courbis et al., 2024; NYETWG, 2024). 
Such a shift would enable the generation of more meaningful in-
sights into the environmental impacts of offshore wind farms, thereby 
supporting more effective management and conservation strategies.

2.5. Automation in EIA

Despite major advances in AI and computer vision, automation 
remains largely absent from commercial Environmental Impact Assess-
ment (EIA) workflows. This section reviews the limited efforts to date, 
critiques their scope, and contextualizes our contributions in response.

While automated wildlife detection systems have been actively 
developed for videos, satellite imagery, and ecological datasets more 
broadly (Xu et al., 2024; Hong et al., 2019; Berg et al., 2022; Ke et al., 
2024; Borowicz et al., 2019a; Chabot and Francis, 2016), they have yet 
to be meaningfully adopted in the commercial EIA sector. The reasons 
for this are structural rather than technical: industry datasets are rarely 
made available for academic development, and the sector continues to 
rely heavily on manual labour, in part due to concerns over proprietary 
methods and competition.

Emerging alternatives to traditional aerial surveys – such as
satellite- or UAV-based approaches – offer promise for future automa-
tion (Cubaynes and Fretwell, 2022; Borowicz et al., 2019b; Fiori et al., 
2017), but require further development and regulatory alignment. Ac-
cordingly, our focus is not on introducing new data collection methods, 
but on critically evaluating and improving the workflows already in 
place.

Only one study in the literature directly addresses automation in the 
EIA context. Kuru et al. introduced WILDetect, an intelligent platform 
developed using data provided by APEM (Kuru et al., 2023b,a). The 
system employs an ensemble of supervised machine learning and re-
inforcement learning techniques to classify avian detections. However, 
the study is best understood as a conceptual demonstration rather than 
a deployable solution. The model is limited by dataset size – only 1073 
instances of gannets were available, later augmented to 4292 – and was 
developed using outdated GPU infrastructure, with reported training 
times exceeding 50 days. More critically, WILDetect automates only the 
final classification step, bypassing the initial data screening stage that 
accounts for the majority of effort in EIA workflows. This narrow focus 
prevents it from addressing the true bottleneck of commercial survey 
pipelines. While the work is a valuable academic exercise, it does not 
yet offer a viable pathway for operational deployment.

While efforts such as WILDetect represent progress, they also high-
light a broader limitation: collaboration between academia and com-
mercial providers remains superficial. In most cases, companies pro-
vide only processed outputs or subsets of data, without transparency 
about how labels were derived, how quality was assured, or what 
classification confidence means in practice.

This lack of transparency presents a fundamental challenge. Once 
data and methods are used in a regulatory or research context, they 
must adhere to scientific standards of reproducibility, openness, and 
methodological clarity. If commercial confidentiality restricts the dis-
closure of underlying methods, then such findings – however useful 
internally – should not be treated as peer-reviewed evidence.

In our study, although the primary goal was to develop an auto-
mated screening pipeline, we gained rare access to raw digital aerial 
survey data from a major provider. This enabled a more thorough audit 
of current workflows than has previously been possible. Our analysis 
identified undercounting of detections, inconsistencies in classification 
confidence, and misalignments between annotations and raw imagery. 
These issues are not well documented in existing literature, yet they 
directly impact the reliability of ecological baselines used for offshore 
wind consenting.

By bridging technical development with methodological critique, 
this study contributes not just a tool, but a framework for evaluating 
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the robustness of current EIA practices. Our results support the case for 
automated methods—not only for their efficiency gains, but also as a 
route towards greater transparency, consistency, and scientific integrity 
in ecological monitoring.

3. Methodology

3.1. Data overview

The dataset analysed in this study was generated using the HiDef 
digital video survey method. The raw video data was commissioned and 
provided by a developer in offshore wind for the purpose of exploring 
automated data processing techniques. To the best of our knowledge, 
this is the first study of its kind as access to this data has proved 
challenging. Unlike previous studies that often rely only on CSV outputs 
or selectively published image subsets (Marine Data Exchange, 2024; 
Vallejo et al., 2017), this research delves into the initial raw data 
from a detection and screening perspective, taking a close look at the 
process that produces bio-census information. Rather than serving as 
a procedural walkthrough, this section outlines the unique technical 
challenges encountered and our approach to enabling scalable, repro-
ducible analysis. The focus on the provided data is central to this 
study, as it provides a comprehensive understanding of the potential 
for automation in processing large volumes of aerial survey data.

This data includes raw, compressed video files in ‘.seq’ format, 
GNSS data in ‘.txt’ format, and ‘.csv’ files containing the final classified 
outputs from the aerial survey provider. Given this is an independent 
study, we developed a system to process the data through detailed 
analysis and reverse engineering.

It was estimated that the camera data for this project and likely for 
other surveys of the same type, was captured using NorPix’s turnkey 
airborne video recording station, a system capable of recording multi-
ple camera streams at resolutions up to 50MP with GNSS timestamping 
and real-time compression (Norpix, 2024). The video files, recorded us-
ing StreamPix, can be converted to ‘.png’ or ‘.jpg’ using NorPix’s batch 
processing software. However, this conversion process can significantly 
increase storage requirements if not completed sparingly. It is also not 
practical to implement within an automated pipeline due to interface 
limitations.

3.2. Software overview

To interpret and process the raw survey files, a clear understanding 
of their underlying structure is required. Each ‘.seq’ file contains a 
1024-byte header, followed by JPEG-compressed image data which 
consists of 3 parts. The first 4 bytes contain the JPEG image data size in 
bytes +4. This is followed by the actual JPEG image buffer and 8 bytes 
allocated to the timestamp. Associated with each .seq file is an ‘.idx’ 
file. Given each image is compressed it may occupy a varied amount of 
data in the ‘.seq’ file. As such the ‘.seq’ file must be read sequentially to 
determine the length of each image. The associated ‘idx’ file contains 
the byte offset for each image which allows indexing to any image in 
the ‘.seq’ file without sequentially processing. The header information 
revealed that Huffman lossless compression was used during recording.

While decoding uncompressed .seq files is straightforward, exten-
sive effort was required to decode the Huffman-compressed JPEG 
buffers. This was accomplished using the legacy Intel Integrated Per-
formance Primitives (Intel IPP) libraries, enabling dynamic, targeted 
image extraction in real-time from large databases of .seq video files. 
This capability is a critical component of our workflow.

In contrast to WILDetect (Kuru et al., 2023b), which relies on 
APEM’s manually curated snag library – a commercial dataset of 
cropped images with labelled wildlife instances – and is focused on 
developing new methods for future use, our approach retroactively 
constructs a comparable dataset directly from raw survey materials. By 
integrating full-resolution frames with associated detection metadata, 
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we generate a snag-style dataset in an automated and scalable man-
ner. Our method is designed to incorporate both historical and new 
data, enabling continuous validation and integration without disrupting 
existing workflows.

To the best of our knowledge, no automated method currently exists 
for generating snag datasets from full-resolution survey video. In the 
absence of access to commercial batch tools or input from providers, 
we independently developed a reverse-engineered pipeline capable of 
aligning labelled metadata with raw frames to extract cropped object 
regions at scale. This system enables the automated generation of snag 
libraries across multiple terabytes of historical and ongoing survey 
data—paving the way for scalable, repeatable model training without 
disrupting existing workflows.

3.3. Historic data translation to ML dataset

3.3.1. Dataset creation through dynamic batch processing
The human-in-the-loop system (Fig.  4) illustrates the core workflow 

structure underpinning data preparation and model training. The first 
step to translating the information into an object detection ML model 
format is to convert the CSV information and Compressed Video files, 
to image files such as JPEGs.These are then paired with label files 
(e.g., .txt or .xml) formatted for downstream ML frameworks. The CSV 
data consists of a number of headings as mentioned in Section 2. 
During the manual screening process a broad category is recorded in 
the form of avian, non-avian and manmade object. As such this should 
be replicated.

The CSV data is filtered by the manual chosen category and a series 
of sub-directories in the ML database are created, populated with the 
video file names and frames with an instance of the chosen category. 
This preparation supported efficient downstream dataset construction. 
Given 15 surveys associated with one wind farm encompasses three 
8 TB hard drives, with varying naming standards creating a robust 
parsing and organization of species across survey outputs is paramount 
for scalability. The option exists to choose subcategories with this being 
utilized to further subdivide the broad categories.

The dataset creation then involves extracting and decoding frames 
from the ‘.seq’ video files. Using the parsed CSV information, the byte 
offset for each image is retrieved from the associated .idx file. Following 
this the JPEG buffers are decoded using Huffman decompression for 
this dataset. Huffman compression involves several steps, including 
frequency analysis, building a priority queue, Huffman tree genera-
tion, and data encoding. To decompress the data, the tree must be 
known. Substantial development effort focused on reverse-engineering 
the batch processing software to integrate it with historical datasets. 
This complex and challenging task involved detailed analysis and cus-
tomization to ensure compatibility with the existing data format and 
structures. Compared to manual batch processing tools, this auto-
mated, targeted workflow substantially reduces overhead and ensures 
scalability.

This dynamic batch processing allows for the creation of an image 
dataset where large volumes of data can be selectively converted, such 
that each image is known to now at least contain one instance of the 
broad category class in it.

3.3.2. Labelling process
Because object positions are not encoded in the raw metadata, 

each image requires manual bounding box annotation. Any labelling 
software can be used to create label files for a variety of ML models. 
While some have developed tools specifically for ecological survey 
data (Kellenberger et al., 2020), many open-source options exist. We 
have utilized a customized version of Label Studio (Studio, 2024) due to 
the extensive API, the ability to manage multiple labellers, integration 
with cloud storage and the ability to connect ML models for real time 
predictions while labelling.
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Fig. 4. Automated image batch processing with semi-automated image labelling.
The images are very large, with the dimensions of 6576 × 2192 
pixels. Through experimentation, it was determined that to accurately 
screen the full image thoroughly, they must be split into 5 × 5 sub-
images. The image is magnified to this resolution, equivalent to zoom-
ing in on just 4% of the frame at a time, and the images automatically 
scrolled through to be viewed by the labeller. On average, our labellers 
settled on spending 40 s per 6576 × 2192 image, assuming nothing of 
interest appeared, as this was the minimum time to comprehensively 
view the frame. This corresponds to an effective screening rate of just 
0.025 Hz—far slower than the 1–3 Hz frame rate used in standard 50% 
split-screen review workflows. While we acknowledge that screeners in 
commercial workflows may focus only on objects near a red tracking 
line, it is not plausible that reliable screening can occur at just 0.33–1 s 
per frame. As such, it is clear why undercounting is routinely observed 
in commercial workflows.

3.4. Model creation and use of active learning

Upon the labelling of all of the data by creating bounding boxes 
for all instances, a model can be trained. The standard outputs for the 
labels are typically a txt or xml file, including a class number, bounding 
box coordinates and dimensions. The exact details of this are model 
dependant.

Once a preliminary model is trained, the model can be used to help 
label any additional data more efficiently. While the CSV files only list 
each instance of a detected species once, the collected data is digital 
video. As such an assumption can be made that the frames before and 
after the given frame number in the CSV file, will also contain instances 
relevant to the model for training. As such with the process can be 
repeated.

The dynamic batch processing method is applied again to the data, 
with an additional loop added to the frame decompression section. It 
was determined on average that the third to fifth time an instance was 
visible in the video was the frame number recorded in the CSV file. 
As such decoding five images before and after the listed frame means 
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for every frame listed in the CSV file, 1–5 others exist that should be 
labelled. While five images before and after the listed frame will lead 
to frames with no instances, this safety buffer should be utilized to 
generate the maximum dataset size from the 15 video surveys utilized 
in this study.

As shown in Fig.  4 the model can operate in parallel to the manual 
labeller once trained. The model receives the image at the same time 
as the labeller. The model infers potential bounding box locations on 
the image and plots them for the manual labeller to adjust, accept 
or remove. This active learning implementation improved labelling 
throughput by 95%, allowing screeners to process empty frames in 
2 s—compared to 40 s without model assistance.

4. Results

4.1. Final datasets

The decision was made to create datasets for two classes. Class 
one was the Broad Category of Non-Avian Species which encompassed 
Species Groups of Dolphin, Cetacean, and Seal species with Species 
of No_ID, harbour porpoise, common dolphins and grey seals. This 
labelling structure reflects how the data was categorized in the original 
commercial outputs; examples are provided in Supplementary Table 2. 
Class two was chosen to be more specifically Northern Gannets as a 
subclass of the broad category of Avian Species.

Given the low resolution of the data and inconsistencies in com-
mercial labelling, it was not feasible to create a general ‘‘Avian’’ class. 
For context, the Borssele report (Collier et al., 2022) documents 56,580 
birds and only 1831 marine mammals across 25 surveys, underscoring 
the imbalance in frequency. Attempting to model all avian detections 
would have produced an overwhelming and highly imbalanced dataset, 
making it difficult to validate model performance or maintain an-
notation consistency for a system designed to screen the data, not 
classify.  Instead, Gannet was selected as the avian target class. This 
decision was based on three factors: (1) Gannets are among the most 
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Fig. 5. Training evaluation metrics (Precision, Recall, mAP@0.5, and mAP@0.5:0.95) for the two trained models—Non-avian Species and Northern Gannet. X-axis shows training 
epochs; Y-axis shows metric score.
consistently labelled avaian species in the dataset, (2) they are visually 
distinct and relatively large, making them more suitable for detection 
at low resolution, and (3) they offer a direct point of comparison 
with WILDetect (Kuru et al., 2023b), which also used Gannet as its 
avian example in snag-based screening.  The classification provider 
used the label ‘‘Gannet’’ at both the group and species ID level (see 
Supplementary Table 3), further justifying its selection as a clearly 
defined and reliably annotated target class. 

The initial dataset for non-avian species, based on CSV frame num-
bers, contained 375 instances across 275 frames. Using the active 
learning approach outlined in Fig.  4, this dataset was expanded to 2382 
individually labelled instances. For the Northern Gannets dataset, a 
total of 1061 instances were achieved.

During training, with hyper-parameters enabled, the datasets were 
augmented such that each image was used to generate three additional 
randomly augmented images. Consequently, the training set for non-
avian species grew to over 10,000 instances, while the Gannets dataset 
increased to over 4000 instances.

4.2. Selected model architecture and configuration

The object detection framework selected for this study was
YOLOv5 (Jocher, 2020; Jiang et al., 2022), a single-stage real-time 
model known for its strong balance of detection accuracy, speed, and 
deployment flexibility. It remains widely used in applied vision tasks 
due to its ease of training and performance efficiency on high-resolution 
data. YOLOv5 was chosen because it is fast enough to support near real-
time inference, enabling detections to be generated before an aircraft 
lands—thereby significantly reducing the time needed for downstream 
review by specialists.

YOLOv5 supports multi-scale detection and uses a CSPDarknet back-
bone with PANet neck, facilitating robust detection of small objects—a 
critical feature given that targets in aerial images often occupy less 
than 2% of the frame. While newer variants such as YOLOv7 and 
YOLOv11 were released during the development of this study, YOLOv5 
was selected early and consistently used throughout all prototyping 
stages. Its performance was found to be operationally sufficient, with 
no practical justification to migrate pipelines mid-study.
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As mentioned, a total of 15 surveys were used. One survey was en-
tirely excluded from the dataset, with the remaining labelled data split 
into 70% training, 15% test, and 15% validation sets. An additional 
10% of the total image count with no instances of class was added to 
provide background context to the model.

Given the high resolution of the imagery, it was decided – following 
Ultralytics guidance – to train at as close to native resolution as 
hardware allowed. The final training image size used was 2176 px, 
downsampled from 6576 px due to memory constraints on a Tesla A100 
GPU. This corresponds to a compression factor of approximately 3. 
A batch size of 4 was used at this resolution, which, although small, 
proved sufficient for robust model convergence in all experiments. 

4.3. Traditional training outputs

The results of the training for the mammal and gannet data are 
shown in Fig.  5. Despite limited optimizations or the application of 
high-resolution methods such as sliding windows or image segmenta-
tion, the test model results are extremely positive.

When assessing the training results of the model there are a number 
of important parameters. The results are in this case generated on the 
15% validation set. Precision (P) of the model is the accuracy of the 
detected objects, indicating how many detections were correct. Recall 
(R) is the ability of the model to identify all instances of objects in 
the images. mAP50 and 95 give the average precision calculated at In-
tersection over Union (IoU) threshold, the quantification of the overlap 
between a predicted bounding box and the ground truth bounding box.

4.4. Cross-validation

This section presents the true generalization test of the models: 
performance on an entirely unseen, real-world dataset. While many 
studies rely solely on internal validation subsets (e.g., a 15% vali-
dation split), such approaches may not reflect practical performance. 
Here, we evaluate the model against a full-length survey withheld 
from all training and tuning stages, offering a robust and meaningful 
cross-validation.

Both models appear to perform very similarly on their individual 
validation sets. However, the excluded survey set serves as a clear 
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means to cross-validate the model in a directly comparable way to hu-
man screening, on new, entirely unseen data. This validation approach 
ensures that the model’s performance is not only theoretical but also 
practically applicable for unseen data, enhancing the credibility of the 
results as often this is an overlooked detail. The results of running the 
model on this randomly excluded survey set are summarized in the 
confusion matrices in Fig.  6.

It should be noted that while 4 cameras exist per survey, only 2 
cameras had been manually processed in the commercial workflow. The 
selected survey for validation was randomly chosen and, unfortunately, 
exhibited considerable overexposure in Camera 1, while Camera 3 
showed clearer images. Despite this, the results are compelling and 
reflect a fair test without attempts to cherry-pick the most favourable 
conditions. As outlined in Section 2.2, all 15 surveys were conducted 
under controlled and standardized environmental conditions. As such, 
survey-to-survey variability is expected to be minimal, supporting the 
validity of using a randomly selected survey for model evaluation.

The detection parameters of 0.7 for confidence and 0.45 for IoU 
thresholds were used. The typical default setting is 0.25 for the confi-
dence threshold. A balance between false positives and negatives must 
be made. These settings resulted in some false positives, including large 
grey avian species and man-made objects like buoys. Since the model’s 
purpose is screening, it is preferable to have false positives rather than 
false negatives. As such utilizing the lower confidence levels while 
detecting minimizes the potential that non-avian species are missed. 
Further experimental work is needed to fine-tune these parameters for 
optimal performance.

The developed system parsed the 2 h and 25 mins of total video 
footage collected in this validation survey, in 3 h and 39 min. The 
hardware utilized for these tests while not optimal, is accessible when 
compared to the device used during model training. The CPU was an 
AMD Ryzen 7, with the GPU being a Nvidia GTX 1080. It is important to 
highlight that multiple cameras can be processed in parallel, allowing 
up to 4 cameras to be handled simultaneously within the same time 
frame as the system does not consume anywhere near the full CPU 
or GPU capacity when running. It should also be noted all data was 
decoded from HDD drives post capture which is slower than what the 
model is capable of achieving directly on the raw camera stream. The 
total flight duration for this survey from take-off to landing was 3 h 
and 36 min.

To ensure a fair evaluation, we manually reviewed every frame 
in the cross-validation dataset to establish an independent ground 
truth. This process was conducted frame-by-frame by the authors, 
using zoomed and magnified views in the same fashion as our manual 
labelling workflow. All detections – whether produced by the model 
or found in the commercial CSV – were assessed against this indepen-
dently created benchmark. This is standard practice when evaluating 
detection systems: the ground truth is created manually, and then both 
the model and any existing annotations are compared against it. As 
such, the model and the commercial outputs were not assumed to be 
correct—they were evaluated against this curated reference.

In this test case, of the 66726 frames captured by cameras 1 and 3, 
581 total detections occurred. It should be noted that this is detections 
and not individual counts. The system in this case does not account 
for detecting the same mammal from frame to frame in the video. This 
is currently a manual step to group detections that occur in sequence 
into single counts for fair comparison with the commercial CSV data. 
Commercial screeners labelled 33 non-avian species in this survey, 
whereas the ML model labelled 47 non-avian species as shown in Fig. 
6. The blue indicates 14 instances that were missed by commercial 
screeners but found by the ML model. These results were independently 
verified to be of the non-avian class, and an additional 3 detections 
that could not definitively be classified were excluded. As such the 47 
individual mammals were counted in the 581 detections. This equates 
to approximately 228/581 detections that were correct, creating a final 
false positive rate of approximately one for every correct detection. 
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Fig. 6. A.I model versus manual commercial comparison and cross validation.  (For 
interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.)

These false detections included some large grey avian species and 
man-made objects. However, the ML model screening process, in this 
case, eliminated 99.13% of the total data, with only 1 false negative 
almost within the flight duration, shown in Fig.  7. These 581 image 
snags are classifiable by one marine mammal expert within a day at a 
conservative figure.

In comparison while the results look very similar for the Gannet 
model, the reality of the low-resolution data is extremely apparent 
when trialled on this cross-validation dataset. It should be noted that 
the Gannet dataset generated from the 15 surveys is over 50% smaller 
than the mammal dataset in this paper. In this case two separate models 
were trained. It is preferable to have at least 10,000 instances of class.

In the 66,726 images, 83,207 total detections occurred. While all 
instances found by commercial screeners were found by the model, the 
limitations of the image resolution are clear. Sorting the detections by 
size, all 21 gannets – or approximately 126 detections – were found 
within the first 1000/83,207 detections. While more instances may 
exist, screening the 83,207 detections in their entirety was not feasible 
at this time. While the high-flying gannets are extremely distinct due 
to the higher GSD and larger size as they are closer to the camera, 
sitting on the sea they are no more than a group of white pixels. As 
such, a very large number of false positives exist, particularly for the 
overexposed Camera 1. This overexposure is unlikely to be caused by 
glare or sea state, but instead reflects internal camera settings and 
inconsistent calibration. Indeed, across multiple datasets, the two cam-
eras not selected for commercial screening often showed poorer image 
quality—suggesting they may be excluded based on exposure or focus 
issues. These false positives include unknown objects, waves, other bird 
species, mammals, and man-made objects. An improved result may 
be possible by combining the non-avian and gannet classes into one 
model while also creating more classes such as Kittiwakes, Guillemots, 
and man-made objects to prevent excessive false positives. However, 
without improved resolution, the feasibility of this is significantly 
compromised.

5. Discussion

The results clearly demonstrate that the application of automation 
and machine learning to digital aerial surveys offers a promising and 
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Fig. 7. Only missed instance by model that was labelled by HiDef - Seal Species Probable - NO_ID N/A. Note: The second image is an enhanced version of the original frame, 
with adjusted saturation, brightness, and contrast for visual clarity only. It is not representative of the raw survey data. Enhancements were applied solely for illustrative purposes.
Fig. 8. Sample classified avian species: Left to Right—Definite Auk Species, Definite Puffin (*Fratercula arctica*) – Photo by Daniel Danckwerts (Rockjumper Birding Tours); 
Definite Large Auk, Definite Guillemot (*Uria aalge*) – Photo by Christine Jacobs; Definite Shearwater Species, Definite Manx Shearwater (*Puffinus puffinus*) – Photo by Linda 
Cunningham. All images © Cornell Lab of Ornithology—Macaulay Library.
effective solution for wildlife monitoring, particularly for mammals. 
The performance of the ML model for mammals not only surpassed 
traditional manual methods but is validated, proving its reliability and 
improved accuracy in identifying non-avian species in a time frame 
exponentially faster than human screening.

However, the case of avian species revealed a significant challenge: 
the existing ground truth data generated by manual methods is not 
consistent enough to support robust human validation, let alone to 
develop a robust AI model. The inconsistency in the manual classifi-
cations, especially when dealing with small and often indistinct avian 
species, led to the generation of many false positive predictions by 
the ML models, as what separates one species from another is not 
visually discernible in many cases. Representative samples of data are 
shown in Fig.  8. The top row includes cropped images from HiDef aerial 
footage, with classification and confidence levels directly sourced from 
the commercial CSV outputs (see Supplementary Table 4). The bottom 
row presents reference images from the Cornell Lab of Ornithology’s 
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Macaulay Library, included to show what these species look like under 
ideal photographic conditions.

Each aerial detection spans approximately 10–15 pixels, repre-
senting just 0.001–0.002% of the full frame. These are not isolated 
examples—such image quality is typical for many labelled species 
beyond the two classes, non-avian and gannet species, in this study. 
This widespread limitation precluded our ability to construct additional 
species-specific classes (e.g., Puffin, Guillemot, Manx Shearwater), de-
spite their inclusion in the commercial dataset, as no verifiable ground 
truth could be established from such pixel-limited data.

This finding highlights a critical issue: the current image resolution 
is insufficient for reliable results for avian species, by commercial 
process or otherwise. The limitations in resolution hinder the develop-
ment of a comprehensive AI model capable of accurately identifying 
all species. Additionally, this issue underscores the unreliability of 
the ground truth data, which is crucial for both human and machine 
learning-based classifications. This inconsistency compromises species 
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detection accuracy, especially for avian species, raising questions about 
the effectiveness of EIAs that rely on this data and similar studies based 
on historical outputs (Garthe et al., 2023; Fox and Petersen, 2019; 
Heinänen et al., 2020). These studies should question the initial data 
used to produce the results they report on.

5.1. Survey parameters and methods

Our analysis affirms several points found in the literature. As dis-
cussed in Section 2 it was determined that the surveys were completed 
with a Vulkanair P68 flying in this case, transects spaced 2 km apart, 
perpendicularly to the coast. When dealing with sun glare it appears 
rather than being tilted from +30 degrees in pitch to −30 degrees the 
rig is rotated 180 degrees in yaw leading to high repeatability in having 
the camera angles remain at 30 degrees. However, it is never discussed 
what types of cameras are used, or what angles the 4 cameras are 
mounted at with regards to their roll angles. The only values discussed 
are a flight altitude of 549 m leading to a GSD of 2 cm/px and the 
swath widths of 129 m and 143 m as shown in Fig.  2.

Though not supplied, through thorough evaluation of the survey 
data, it was estimated that the cameras utilized in the 15 surveys were 
most likely Allied Vision Prosilica GT 6600C, based on video metadata. 
While many cameras now use CMOS technology with Sony discontinu-
ing their CCD cameras in 2015 (Allied Vision Technologies, 2024a), this 
CCD sensor technology (CCD, 2024), still produces high quality images 
and is often utilized in applications such as fluorescence microscopy, 
high-resolution microscopy, astronomy and aerial mapping. However, 
CMOS technology is considered the dominant technology for Machine 
Vision applications due to their speed (DALSA, 2011) and with the 
mentioned discontinuation of manufacture, it is expected CCD will 
be replaced by CMOS technology for this type of application in the 
future, with the introduction of automated techniques such as those 
developed in this paper. The nominal GSD of 2 cm, though useful, must 
be contextualized given the camera’s roll and pitch.

Given the known image dimensions of 6576 × 2192 px one of two 
options was configured on the cameras: a reduced region of interest 
(ROI) or vertical binning by a factor of 2. This accounts for the 
image height dimension of 2192 pixels, compared to the datasheet’s 
stated image height of 4384 pixels. The typical frame rate in the .seq 
files was 6.51 frames per second. While it is impossible to determine 
exactly which option was used without confirmation of the survey 
parameters, but this frame rate matches the theoretical maximum for 
an ROI halved in image height, according to the user manual (Allied 
Vision Technologies, 2024b). This would be the preferred option, as 
enabling vertical binning involves horizontal row summing on the CCD 
before readout, thereby doubling the nominal ground sample distance 
horizontally (GSDh) from 2 cm/px to 4 cm/px. The GSDh is unaffected 
if the ROI is changed. It is typical to centre the ROI on the sensor, but 
the offset is user adjustable. It is worth noting that if it is not centred, 
this will also affect the GSDh, leading to further variation given the 
cameras are pitched to 30 degrees.

There is a question as to the exact benefit of higher frame rates when 
compared with digital photo stills when only half of the final data is 
screened. For this site, processing 2 of the cameras, equates to about 
12%–14% coverage of the total area surveyed. There is also no clear 
rationale for camera selection, other than perhaps choosing the ones 
with the sharpest focus or least over exposed.

5.2. Ground Sampling Distance (GSD)

As mentioned in Section 2 many concerns have been raised in 
numerous reports about the quality of the data collected and as such 
what is determined from these reports. The GSD values of 2 cm are 
utilized for measurements such as species size (Sinclair and Booth, 
2019) and flight height (Boersch-Supan et al., 2024; Humphries et al., 
2023; Thaxter et al., 2016). This aligns with the information in the CSV 
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files used for this study also with GSD stated on every line of 2 cm. 
A category for measurements appears in the CSV, with the non-avian 
species exclusively having measurements. The average length given is 
around 1.2–1.4 m with our average non-avian detections by the A.I 
model at 60–70 pixels 𝑥 2 cm GSD. Flight height while possible to 
calculate in many instances (Humphries et al., 2023) was not completed 
for any of the data in the CSV. However, a major oversite is evident 
within the GSD related calculations.

GSD by definition is the distance between pixel centres measured 
on the ground. While this is easily calculated for Nadir images (Bartlett 
et al., 2023), this is not the case for the camera configuration used in 
these surveys as none of the 4 cameras are pointed directly down. Due 
to the roll and pitch of the cameras, oblique project must be consid-
ered. Utilizing a simple pinhole camera model at the nominal flight 
height, sensor parameters from the datasheet (Allied Vision Technolo-
gies, 2022) and lens specification from the literature (High Resolution, 
2009), we observe a theoretical nominal GSD of 2 cm (Borowicz et al., 
2019a; Žydelis et al., 2019; Kemper et al., 2016; Humphries et al., 2023; 
Hatch et al., 2013) for the image height and width as seen in Eqs.  (1) 
and (2) below: 

𝐺𝑆𝐷𝑤 =
𝐴𝐺𝐿 ∗ 𝑆𝑤
𝑓 ∗ 𝐼𝑤

= 549 m ∗ 36 mm
150 mm ∗ 6576 px

= 2.0036 cm∕px (1)

𝐺𝑆𝐷ℎ =
𝐴𝐺𝐿 ∗ 𝑆ℎ
𝑓 ∗ 𝐼ℎ

= 549 m ∗ 12 mm
150 mm ∗ 2192 px

= 2.0036 cm∕px (2)

Calibrated GSD is less frequently discussed. For example, Sinclair 
and Booth (2019) found improved measurements for mammal species 
with calibrated GSD considering variations in flight height from frame 
to frame, but the impact of camera angles on GSD variation is often 
overlooked. The cameras used in this survey are estimated to have roll 
angles of approximately 7.5 and 22.5 degrees. This results in varying 
GSD across the image frame. Given the cameras are rolled and pitched, 
we would expect a variation in GSD from pixel to pixel across the 
entirety of the image.

5.3. GSD validations

To accurately determine the variation in GSD across each image, 
in both width and height due to the non-nadir capture angles, a 
simulation was developed. Through this simulation, the camera angles 
were adjusted until a 20 m separation between the camera ground 
footprints was observed. This equated to roll angles of 7.7675 and 
23.1748 degrees. While this may not exactly match the physical camera 
setup it aligns with the stated ground separation and highlights the 
issue. The separation is 20 m only at the bottom of each footprint, 
exceeding 21 m of separation at the top of each footprint as shown 
in Fig.  9. This discrepancy results from the combined roll and pitch of 
the cameras. If the cameras were only rolled or pitched, the separation 
would be consistent with trapezoidal footprints.

Utilizing ray tracing and the parameters as defined, all pixels can 
be projected onto a flat plane which is representative of the survey 
given the plane like topology of the ocean. As the altitude of the survey 
is relatively low, the earths curvature and atmospheric distortions are 
not considered. The centre-to-centre distance for all pixels can then 
be efficiently determined using parallel processing techniques. The 
averages of the side lengths of each pixel, are also used to define 
an aspect ratio of GSDh to GSDw for each pixel across the entirety 
of the image frame to create an anisotropic GSD plot for a visual 
representation (Xie et al., 2016) as seen in Fig.  9.

For the cameras rolled to 7.7675 the GSD variation across the image 
ranges from 2.53 cm to 2.89 cm for image height, and 2.22 cm to 
2.49 cm for image width. For the cameras rolled to 23.1748 degrees 
the GSD variation across the image ranges from 2.66 cm to 3.36 cm for 
image height, and 2.4 cm to 3.14 cm for image width. As such no part 
of the image has a GSD of 2 cm. This means the area of ground that is 
represented by each pixel can be as much as 5.65 to 7.1745 cm2 or 6.37 
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Fig. 9. 4 camera ground footprints with associated anisotropic plots.
to 10.1 cm2 for the two roll values, instead of the expected 4 cm2. This 
is a 41 to 253% decrease in expected resolution across the images.

These values are also impacted by variations in flight height and 
aircraft attitude per image, where as much as a 1% difference in 
altitude or attitude due to the flight dynamics of fixed-wing aircraft 
will also contribute to further changes in GSD across all cameras. 
Roll and Pitch of the aircraft is not recorded in the historic datasets; 
only barometric altitude and aircraft heading are recorded. The largest 
altitude discrepancy observed in the surveys was 437.5 to 580.5 m. 
Notably this is not radar altitude creating another source of inaccuracy. 
As such per image altitude as used for calibrated GSD should be 
considered on top of the roll and pitch consideration. The effect of 
this is especially apparent towards the edges of the images as shown in 
Fig.  9, When looking at video playback this variation in GSD becomes 
very apparent, affecting detectability of species instances as they move 
from the top to bottom of the frame as the aircraft flies overhead. This 
lack of consideration presents a major flaw within Humpries et al.s 
recent paper (Humphries et al., 2023) on the method used to calculate 
avian flight heights in HiDef video surveys, which has already received 
critical review for other aspects of their process (Boersch-Supan et al., 
2024).

5.4. Comparisons

Although exact cumulative time figures were not provided by the 
companies, our estimates – based on the quotes discussed in Section 1 – 
suggest a potential reduction in total cumulative human screening time 
from 725 h per survey to less than 4 h using AI-assisted screening. The 
only direct comparisons available are presented in the four scenarios 
shown in Fig.  10. Scenario 1 represents the current process using 
the test case survey, which takes approximately three months from 
flight to report. The intermediate timeline is estimated since no precise 
breakdown exists for the manual screening and classification portions. 
Although WilDetect is designed for the APEM workflow, which differs 
from HiDef, its role within the process is clearly illustrated. The exact 
duration of the process remains unknown but can only commence after 
the manual screening, which consumes the most time and resources. It 
should be noted that the scale of the X axis for this chart is 50 times 
larger than all subsequent charts.

Scenario 2 showcases the work completed in this paper, where AI 
screening occurs after the survey data is collected. Manual classification 
of the screened data is then performed, which, under generous assump-
tions, could be completed in a single day by an expert. However, it is 
important to note that this currently only applies to the non-avian class. 
If a robust model for all recorded avian species were available, the same 
timeline could be applied. The total is 72 times faster in this case.

Scenario 3 is the next logical step: employing the system in real-
time while the data is being recorded on the aircraft. Given the YoloV5 
model’s inference time of 39 ms and a video frame rate of 6.51 
12 
fps for this data, the model is fully capable of running in real-time 
with approximately 153 ms between frames at this frame rate. The 
raw uncompressed images could be passed through the model further 
enhancing time.

Scenario 4 is our proposed future implementation. In this sce-
nario, data collection must occur at a much higher resolution to en-
able consistent classification of birds. This implies a narrower swath 
width (e.g., 63 m vs. 131 m for current systems discussed in Sec-
tion 5.5), which would require a greater number of transects to main-
tain coverage—effectively doubling the flight distance. Additionally, 
UAV platforms are typically slower than manned aircraft (e.g., ∼100 
km/h vs. 200–220 km/h), potentially further increasing flight duration. 
However, other design options – such as deploying multiple sensors, 
increasing UAV speed, or using more advanced optics – could offset 
this. While the estimated timeline assumes a 2× increase in flight 
time, the actual value will depend on specific mission parameters. 
Importantly, detection bias due to animal movement remains a known 
consideration, and future implementations must account for this in 
transect spacing and timing. Despite these trade-offs, the potential 
for fully autonomous and high-resolution workflows offers major ef-
ficiency gains. Recent developments such as our Modular Detection 
and Targeting System (MDTS) (Bartlett et al., 2025) demonstrate how 
adaptive UAV platforms combining wide-area detection with zoom-
enabled classification may address many of these challenges in real 
time—providing a scalable path towards operational deployment of 
Scenario 4-type systems.

5.5. Recommendations

While this study demonstrates the substantial benefits of integrat-
ing automation and artificial intelligence (AI) into the EIA workflow, 
several fundamental issues must be addressed in future work to ensure 
the reliability and accuracy of the data collected.

The resolution has been proved to be insufficient both for a ML 
model but also the traditional manual labelling by mammalian and 
avian experts. The GSD needs to be decreased to a nominal value 
of at least 0.5 cm/px. To achieve this there are three controllable 
parameters. Altitude, sensor dimensions and the focal length of the 
lens as per Eq. (2). Moving towards cameras with full frame sensors, 
equipped with 200–300 mm lens or decreasing the altitude of the flight 
are potential options. Decreasing the altitude is the cheapest measure 
but increases risk for operators. Increasing the sensor size will allow 
larger ground coverage areas at the same altitude, minimizing the 
additional required paths. Increasing the focal length maintains altitude 
while decreasing GSD. We are currently completing trials utilizing Sony 
ILX-LR1 cameras equipped with 85 mm lenses on an autonomous fixed 
wing UAV at flight altitudes of 150 m. This equates to GSD values of 
0.6629 cm/px and a nominal swath width of 63 m. This aligns with 
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Fig. 10. Timeline comparisons.
scenario 4 in Fig.  10, an approximate doubling of flight time when 
considering ground coverage, but 9 times increase in ground resolution.

On top of this the assumed GSD needs to be reevaluated under 
the model discussed here. The recording of aircraft avionic data at 
1 Hz is insufficient. As for many traditional high-quality surveys, the 
utilization of survey grade, high-precision Inertial Measurement Unit 
(IMU) data should be used when accurate measurements are to be 
recorded. Along with this, accurate above sea altitude measurements 
recorded and timestamped to every image frame is required when 
the data is to be used for measuring aspects such as species sizes or 
flying heights. Considering these measurements per image as well as 
considering the installation angles of the camera will lead to much 
higher accuracy and analysis capability overall.

6. Conclusion

This study demonstrates a clear path towards fully automated 
screening of marine wildlife in digital aerial surveys. We achieved 
97.9% accuracy in mammal classification, eliminated 99.13% of frames 
from manual review, and recovered 14 mammal detections missed by 
the original commercial process—exceeding existing screening accu-
racy by nearly 30%. Our pipeline enabled full dataset parsing and 
object extraction from raw video, outperforming current practices while 
operating on low-cost hardware.

The system described here is the first openly documented method 
for transforming raw HiDef digital video survey data into model-ready 
SNAG datasets. This reverse-engineered pipeline allows independent 
users to extract object crops, align detections, and build training sets 
at scale, without needing access to proprietary vendor tooling. As a 
result, historical datasets can now be re-analysed and validated using 
open AI workflows—paving the way for reproducible screening across 
the industry.
13 
Our findings also reveal critical issues in current commercial work-
flows, particularly in the classification of avian species. As shown 
through both visual inspection and model performance, species-level 
annotations made at the current resolution (2 cm GSD) often exceed 
what the data supports. This undermines classification reliability, and 
we urge greater transparency from providers and regulators regarding 
the confidence and technical validity of species-level detections.

Key contributions of this paper include:

• A scalable and reproducible pipeline for snag dataset generation 
directly from raw aerial survey footage.

• A validated AI model that outperforms commercial screeners for 
mammal detection and enables data reduction at scale.

• Clarification of the practical limits of current avian classification 
methods at standard survey resolution.

• Reassessment of stated Ground Sampling Distances (GSDs) and a 
call for improved sensor transparency.

• Cost-saving analysis showing potential savings of over e231,000 
per pre-construction EIA based on per-flight reductions of
e9642.85—without added infrastructure costs.

While this system is currently optimized for detecting and classi-
fying non-avian species, we see no technical barrier to expanding its 
utility to full multispecies surveys. With improved avian ground truths 
and access to higher-resolution imaging platforms, we believe future 
models could support broader classifications—matching or exceeding 
human consistency across taxa.

Finally, we urge greater scrutiny of the data used to inform environ-
mental policy and offshore planning. Regulatory decisions, licencing, 
and cumulative impact assessments frequently rely on species abun-
dance and distribution metrics derived from digital aerial surveys. 
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However, as shown in this study, the underlying classification data – 
especially for avian species – often lacks the resolution and consistency 
required for reliable interpretation. Researchers working solely with 
CSV summaries or aggregated outputs should be aware of these limi-
tations, and whenever possible, revalidate findings using raw imagery. 
For evidence-based policy to be meaningful, it must be grounded in 
reproducible, transparent, and technically justifiable data—not just 
trusted assumptions.
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