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Abstract

The reliable estimation of the abundance of seabirds at sea is an important basis for conservation and environmental impact
assessments. The use of artificial intelligence (AI) for automated processing of digital aerial images promises a faster, more
cost-effective, and better reproducible analysis compared to manual processing. It is unclear, however, whether an AI-support-
ed workflow can achieve comparable quality to that of specifically trained observers, a prerequisite for establishing it as a
standard in maritime environmental planning. Here we describe the architecture, training, and testing of the object detection
model HiDeFIND 1.0, a convolutional neural network with more than 400 layers and more than 86 million parameters.
HiDeFIND was trained on more than 138,000 annotated still images of birds and marine mammals from digital aerial video
footage and then confronted with images from an independent test image set featuring more than 111,000 verified biological
objects. Objects from both sets had previously been detected and identified at the species or species group level by trained
observers. Although the test image set with more than 120 species/species groups had nearly twice as many taxa as the train-
ing image set, HiDeFIND found 96.5% of the manually detected objects overall. Accounting for the test data set’s hierarchical
dependency structure in a mixed effects model analysis, it achieved a high mean sensitivity (recall in machine learning) of
>99%. This included the detection of many key species of maritime environmental planning such as Red-throated Diver Gavia
stellata, Common Guillemot Uria aalge and Black-legged Kittiwake Rissa tridactyla, as well as Harbour Porpoise Phocoena
phocoena among marine mammals (all with >99% mean sensitivity). The achieved sensitivity was independent of the seasons
and largely independent of detection-relevant environmental variation. The overall high sensitivity came with a high rate of
false positive detections, especially under glare. As a consequence, manual removal of false positive detections is required.
Currently this reduces the efficiency of an Al-supported workflow and thus time savings, albeit not the high sensitivity of
HiDeFIND. Further development of HiDeFIND will specifically focus on reducing the rate of false positive detections without
meaningfully sacrificing sensitivity. For the analysis of offshore digital aerial survey footage in environmental planning, mon-
itoring and research, the use of HiDeFIND represents a forward-looking alternative to exclusively manual object detection.
HiDeFIND operates here as part of an integrated “human-in-the-loop” work process, in which automated initial detection is
flanked by manual supervision.
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1 Introduction

The reliable recording of seabirds at sea is of great im-
portance for maritime spatial and environmental plan-
ning, as well as for assessing seabird population dy-
namics within the framework of national and interna-
tional monitoring programs. Since the turn of the
millennium, aircraft-based surveys and, for more than
ten years, digital aerial transect surveys (Buckland et
al. 2012) have been the standard for seabird and marine
mammal surveys in many countries. In Germany, this
is specified in the Standard Investigation of the Impacts

of Offshore Wind Turbines on the Marine Environment
(StUK 4) (BSH 2013). A recognised and tested meth-
od is the HiDef digital aerial survey video recording
method (Weifd et al. 2016, Zydelis et al. 2019), which
has been applied internationally for over ten years in
more than 3,000 survey flights (Dorsch et al. 2024).
Artificial intelligence (AI) in the form of machine
learning and, in particular, deep learning has recently
become increasingly important in most areas of biol-
ogy (overview in Greener et al. 2022). This also applies
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to ecology in general (overviews in Borowiec et al. 2022,
Ditria et al. 2022) and the monitoring of animal popu-
lations in particular (overviews in Tuia et al. 2022, Na-
kagawa et al. 2023, Xu et al. 2024). With regard to the
latter, automated image detection has proven to be very
useful both in terrestrial (e.g. Tabak et al. 2019) and
aquatic environments (e.g. Li et al. 2023). For example,
machine learning has been successfully used to detect
jellyfish blooms (Mcilwaine & Rivas Casado 2021) and
to estimate the abundance of terrestrial mammals (Tor-
ney et al. 2019, Lenzi et al. 2023) or the abundance of
(breeding) waterbirds and seabirds on drone images
(Dujon et al. 2021, Kellenberger et al. 2021, Marchows-
ki 2021). In addition, machine learning also supported,
for example, the estimation of whale and dolphin pop-
ulations on aircraft-based aerial images (Boulent et al.
2023), on satellite images (Borowicz et al. 2019, Guira-
do et al. 2019) or by means of underwater acoustic de-
tection (Frainer et al. 2023).

While machine learning in combination with drones
or satellites has already been successfully used in a wide
variety of contexts, there has been little published work
on the application of machine learning to aircraft-based
surveys of seabirds at sea. A study by Kuru et al. (2023)
describes a method for the automated detection of
Northern Gannets Morus bassanus in aerial photo-
graphs. However, this approach was not based on the
latest deep learning techniques. In addition, Ke et al.
(2024) describe a deep learning detection model as part
of a fully automated work process that is supposed to
enable population estimates of seabirds at sea during
flight and in near real time in the future.

Given the track record of machine learning in esti-
mating animal population abundance, its application
to the detection of birds and marine mammals in
HiDef video footage is promising. At least four advan-
tages over manual object detection are conceivable.
First, automated object detection is expected to be
faster than the manual process. Results could then be
incorporated into planning decisions more quickly, for
example. Second, the resulting higher cost-effective-
ness could allow for more frequent and/or extensive
surveys, enabling a more detailed recording of the
marine environment in terms of both time and space.
Third, it is to be expected that the results of automat-
ed object detection are more reproducible than the
results of manual object detection, which would in-
crease the transparency of planning decisions derived
from them. Fourth, automated object detection po-
tentially improves the quality of population estimates
of seabirds at sea and marine mammals. However, the
interplay of pronounced biological variation (e.g. spe-
cies, sexual dimorphism, age classes, behaviour, body
posture) on the one hand and pronounced environ-
mental variation (e.g. light conditions, sea state, air
and water turbidity) on the other makes reliable auto-
mated object detection in digital aerial imagery chal-

lenging (Miao et al. 2023, Xu et al. 2024). Whether an
Al-supported approach is equal to or possibly supe-
rior to trained observers therefore requires an evalu-
ation of the performance of each individual object
detection model. As long as regulatory authorities do
not require proof of high-quality results and no gen-
eral quality standards have been established for the
use of Al in population estimation using remote sens-
ing (Converse et al. 2024), there is a risk that planning
decisions or assessments of population dynamics will
be made on the basis of unreliable data.

In this article, we first describe the object detection
model HiDeFIND developed by us. Itis a deep learning-
based artificial neural network for detecting seabirds
and marine mammals in digital HiDef video material.
We document the architecture, training and testing of
the model, as well as the extensive HiDef image sets
used to train and test HIDeFIND. We then analyse the
model’s performance in detail and examine its depend-
ence on factors such as species identity, season and
detection-relevant environmental conditions. We show
that HiDeFIND detects birds at sea and marine mam-
mals almost as well as trained observers throughout the
year and under a variety of detection-relevant environ-
mental conditions. Lastly, we discuss the suitability of
the system for use in maritime spatial and environmen-
tal planning and seabird monitoring.

2 Materials and methods

The development of the HiDeFIND object detection
model (version 1.0) was based on digital video record-
ings obtained using the HiDef method. Object detec-
tions from the established manual work process served
as the benchmark against which we compared the per-
formance of HiDeFIND. Accordingly, the objects
marked by human observers represent the ground truth
and not the actual number of potentially detectable ob-
jects, which could only be determined in a field com-
parison. In the following we briefly describe the HiDef
standard workflow (for details, see WeifS et al. 2016,
Zydelis et al. 2019), followed by the documentation of
the architecture, training and testing procedures of
HiDeFIND itself.

2.1 The HiDef standard workflow

2.1.1 Data collection

Twin-engine high-wing propeller aircraft (e.g. Vulca-
nair P 68) were used for digital survey flights at an
altitude of approximately 500 m. The aircraft were
equipped with sensor systems consisting of four high-
resolution digital video cameras (Figure 1a). At the sea
surface, these achieved an average ground sampling
distance of approximately 2 cm at a frame rate of sev-
en frames per second. Due to a slightly greater distance
between the lens and the sea surface, the inner cam-
eras had a slightly higher ground resolution than the
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vant environmental conditions glare,
sea state, air turbidity and water tur-
bidity were recorded (see Appendix 1).
For sea state, air turbidity and water
turbidity, it was assumed that these
were identical at the time of recording
for the entire swath covered by the four
cameras and thus also for the eight
reels of each transect resulting from
splitting. These environmental condi-
tions were therefore evaluated frame
by frame on only a single reel per tran-

Figure 1: Schematic depiction of the HiDef sensor system in a) frontal

view and b) lateral view.

outer cameras. The sensor system was not rigidly
aligned perpendicular to the sea surface but inclined
by 30° in or against the direction of flight, depending
on the course and position of the sun (Figure 1b). This
served to avoid interfering sun reflection (glare) on
the sea surface, which may impact the detection and
identification of target objects. The outer sensors A
and D each covered a strip 143 m wide, while the inner
sensors B and C each covered a strip 129 m wide. To
avoid double counting, gaps of approximately 20 m
were maintained between the strips. This resulted in
an effective swath width of 544 m, distributed over a
total strip width of approximately 604 m.

The aircraft flew at an average speed of approximate-
ly 220 km/h (120 knots). A GPS device recorded the
position every second, enabling the georeferencing of
the objects detected. The collected data was stored on
mobile hard drives for later analysis.

2.1.2 Data processing

The video files were processed using StreamPix image
capture and management software (NorPix, Montreal,
Canada), and the files recorded by each camera were
split for more convenient processing. The four cam-
eras thus accommodate a total of eight virtual cam-
eras, which deliver eight video sequences (reels) per
transect. For data analysis, trained staff first examined
still images (frames), and all recognised objects were
digitally marked with points in StreamPix and pre-
classified for later object identification (e.g. possible
bird, mammal, animal or man-made object). Reels or
parts thereof that could not be reliably evaluated due
to glare or clouds were marked and not included in
subsequent analysis steps (in future work processes,
an analysis of the recording conditions will first be
carried out before reliably analysable parts of the vid-
eo material are assigned to Al-supported object detec-
tion). To ensure consistently high quality, a randomly
selected 20% of the video material was processed in-
dependently by two observers (without knowledge of
each other’s results). In addition, the detection-rele-

sect. However, glare can also vary be-
tween reels of a transect depending on
the position of the sun and the course.
It was therefore assessed frame by
frame on each of the eight reels of each transect.

In a second step, marked objects were identified at
the most precise taxonomic level possible, usually at
species level, by experienced staff members skilled in
ornithology and marine mammal identification. If spe-
cies level identification was not possible due to the risk
of confusion between very similar species (e.g. Common
Tern Sterna hirundo and Arctic Tern S. paradisaea),
these objects were assigned to groups of similar species
(e.g. species group Common/Arctic tern). In addition,
where possible, sex and age as well as behaviour (e.g.
swimming or flying), association (e.g. with individuals
of the same or other species) and, where applicable,
flight direction were recorded. Furthermore, for qual-
ity control purposes, 20% of the marked objects were
identified independently by a second person (without
knowledge of the other person’s results). Any discrepan-
cies between the first and second identification pro-
cesses were double-checked by a third person and cor-
rected if necessary. Only if there was at least 90% agree-
ment between the two identification processes the data
was released for further analysis. If the agreement was
less than 90%, systematic errors such as re-occurring
misidentifications within certain species groups were
discussed and all objects on the affected video material
were re-identified.

2.2 Development of a neural network for object

detection: HiDeFIND

The development of an artificial neural network model

for HiDef object detection comprised the following five

main steps:

1. Base model: Selection of a base model whose archi-
tecture best met our specific requirements.

2. Data annotation: Selection and annotation of a
training image set that was as comprehensive and
diverse as possible.

3. Training: During the training process, we exposed
the model to various hyperparameter settings and
trained and optimised it in a recursive process using
the annotated training images.
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4. Validation: We then tested the model on a small
validation image set and repeatedly evaluated its cur-
rent performance throughout the training process.

5. Testing: Finally, we conducted a comprehensive
performance test using a large, independent and
heterogeneous set of test images.

2.2.1 Model selection and specification

After considering various suitable model architectures,
we selected a single-stage object detection algorithm
from the You Only Look Once (YOLO) family as our
base model, which is widely used in computer vision.
Supplemented by user-defined network layers, the re-
sulting artificial neural network HiDeFIND (a convo-
lutional neural network, CNN) consists of more than
400 layers and more than 86 million parameters. The
input layer processes digital images as a vector of the
RGB values of all their pixels, and the output layer deliv-
ers bounding boxes generated by HiDeFIND that con-
tain target objects with a specified probability. HiDe-
FIND performs classification along a single category
(semanticised): “Is it a biological object? Yes/No”. The
main goal of the development was to achieve a detection
accuracy thatis at least as good as that of the established
manual process to ensure the highest standards of result
quality. HiDeFIND was therefore configured to mark
visual patterns as objects of interest in cases of doubt
rather than discarding them, i.e. it generally prioritises
sensitivity (recall in machine learning) at the expense
of precision (see 2.2.5.3).

2.2.2 Object tracking across images

HiDef video material produces time-oriented, spatially
overlapping sequences of individual images (frames).
Each object on HiDef video material therefore usually
appears on more than one frame (depending on its po-
sition in the swath and the flight altitude of birds, on up
to eight frames). Accordingly, HiDeFIND usually ad-
dresses each object more than once (this applies in par-
ticular to true positive detections). In order to control
and automatically filter out unwanted multiple detec-
tions of the same biological object, we have developed
an auxiliary algorithm for object tracking based on the
Kuhn-Munkres algorithm (Hungarian matching algo-
rithm, Kuhn 1955). This ensured that the detection(s)
of a tracked biological object were only classified as true
positives on a single frame (the frame on which human
observers had marked the object). Further detections
of the same tracked biological object on other frames
were classified as false positives (see 2.2.5.2).

2.2.3 Origin of the image material

To create the training and test image sets, we used the
joint archive of digital HiDef video material from Bio-
Consult SH GmbH & Co KG (Husum, Germany, https://
www.bioconsult-sh.de), HiDef Aerial Surveying Ltd.
(Workington, United Kingdom, https://www.hidefsur-

veying.co.uk) and Biotope (Meze, France, https://www.
biotope.fr). A detailed characterisation of the image sets
used is provided below.

2.2.4 Training

2.2.4.1 Annotation of the training image set

The availability of a large and sufficiently diverse training
image set, which includes suitable images with annota-
tions of the training objects in the form of bounding
boxes, is crucial for the successful training of an object
detection model. In the archive material used, observers
had located the objects they detected by placing a digital
point marker in the centre of the object. To be able to
reuse the existing digital point markers, we developed a
customised digital tool that allowed users to import exist-
ing point markers onto HiDef material and use them as
a basis for manual annotation with bounding boxes.

2.2.4.2 Training process

For training purposes, the model processed the anno-
tated training images during dozens of so-called epochs.
In each of these epochs, the model was confronted with
the entire training material, and its predictions were
represented by model-generated bounding boxes. Their
centre coordinates, height and width were used in an
iterative gradient descent process to minimise discrep-
ancies between the actual location of the objects (stored
as manually set bounding boxes in the training mate-
rial) and the location predicted by the model (as bound-
ing boxes in the model output) by systematically adjust-
ing the model parameters. For each epoch, we tracked
the model’s learning progress using a validation image
set (just under 35,000 images) that did not overlap with
the training image set (over 138,000 images, see 2.2.4.3)
or the test image set (over 111,000 images, see 2.2.5.1).

2.2.4.3 Training image set

We trained the model with 138,681 annotated objects
from 21 survey flights conducted at different times of
the year in four project areas in two marine regions
(North Sea, Baltic Sea) (Figure 2a, Appendix 2). Indi-
viduals may be represented by more than one image in
the training image set, as HiDef video footage typically
captured the same objects in several consecutive frames
(see 2.2.2), often with different exposures or wing posi-
tions, which was beneficial for training (in the test im-
age set, the number of manually detected objects cor-
responded to the number of manually detected indi-
viduals). The training image set contained 66 species/
species groups, including 57 bird taxa (see Appendix 2
for details). Common Guillemots (Uria aalge) and Ra-
zorbills (Alca torda), together with the species group
Guillemot/Razorbill, accounted for 31% of the total
number of objects. Harbour Porpoises Phocoena phoc-
oena represented 85% of the marine mammal objects.
Figure 3a shows the frequency of the 50 most common
taxa in the training image set.
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Figure 2: Aerial surveys by season for a) training image set and b) test image set (seasons meteorological). Stacks visualise

contributions of different project sites.

2.2.5 Evaluation of model performance

We evaluated the performance of HiDeFIND using a
test image set that did not overlap with the training
image set or the validation image set.

2.2.5.1 Test image set

For the test image set, we selected survey flights that
included different species compositions and a range of
detection-relevant environmental variation, allowing us
to test the model under a variety of realistic conditions.
The test image set comprised 111,666 verified biological
objects from 13 survey flights conducted at different
times of the year in six project areas in three different
marine regions (North Sea, Baltic Sea, English Channel)
(Figure 2b, Appendix 2). The test image set contained
124 species/species groups, including 109 bird taxa (see
Appendix 2 for details). Common Eiders Somateria mol-
lissima and Common Scoters Melanitta nigra were the
most common, accounting for 23% and 22% of the to-
tal number of objects, respectively, while Harbour Por-
poises accounted for 58% of marine mammals. Figure
3b shows the frequency of the 50 most common taxa in
the test image set. The objects had previously been de-

tected during manual standard analyses of HiDef video
material and identified at the species or species group
level (see 2.1.2). The corresponding standard analyses
were completed before the test design was drafted, so
the observers involved could not have known that their
performance would be used as the benchmark for eval-
uating HiDeFIND’s performance.

2.2.5.2 Performance evaluation
The evaluation of model performance in classification
tasks in general and in object detection in particular is
usually based on a confusion matrix, in which actual
events are compared with events predicted by the mod-
el (Sokolova & Lapalme 2009). The confusion matrix
for the HiDeFIND performance evaluation can be
specified as shown in Table 1. In addition to birds and
marine mammals, we have included a few other repre-
sentatives of marine megafauna that are regularly re-
corded in HiDef aerial surveys (e.g. Bluefin Tuna Thun-
nus thynnus or Sunfish Mola mola).

The evaluation of an object detection model usually
requires annotations derived from field comparisons in
the form of bounding boxes, which are then compared

Table 1: Confusion matrix mapping potential outcomes of the HiDeFIND performance evaluation.

Benchmark (trained staff)

Is bird/mammal Is not bird/mammal

Is bird/mammal

True positive False positive

Model prediction
Is not bird/mammal

False negative Not defined
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with the bounding boxes predicted by the model to cal-
culate the intersection over union (IoU). In our test
design, however, object detections made by observers
on the video material were the benchmark against which
we compared the performance of HiDeFIND, rather
than the actual number of objects potentially detectable
in the field comparison (see above). The detections made
by observers were located by point markers (see 2.2.4.1).
We therefore rated model predictions as true positives
if the bounding boxes predicted by the model included
the manually set point markers. We rated model predic-
tions as false negatives if manual point markers were
not included by model-generated bounding boxes. We
classified all other model predictions as false positive
detections. For technical reasons, false positive detec-
tions therefore also included detections of tracked bio-
logical objects that did not occur on the frame on which
the observers had point-marked the object (see also
2.2.2). True negative model predictions were not defined
in our test design.

2.2.5.3 Performance metrics
We used the following standard metrics for evaluating
model performance for classification tasks:

True Positives

Sensitivity/Recall = — -
True Positives + False Negatives

and
True Positives

Precision = — —
True Positives + False Positives

It is recommended for the evaluation of AI models to
be reported in a stratified way (Burnell et al. 2023). To
analyse how strongly HiDeFIND performance varied
depending on species/species group, we therefore report
sensitivities not only globally (comprising all species/
species groups), but also separately for species/species
groups, provided that their frequency in the test image
set reasonably supported this. Since false positive detec-
tions cannot be assigned to species/species groups in
our test design, this was not done for precision. In ad-
dition, we analysed to which extent the performance
indicators depended on the position of the sensors, the
season and potentially detection-relevant environmen-
tal conditions (see Appendix 1 and 2.3.3 and 2.3.4).

2.3 Statistical analysis

2.3.1 Background

In contrast to standard test designs in computer vision,
we were unable to use an established set of verified im-
ages with relevant objects for the HiDeFIND perfor-
mance test (such image sets are available on the internet
for training, validation and testing purposes for many
standard applications in object classification). Instead,
a sample of completed aerial surveys was taken to com-
pose the test image set (see 2.2.5.1). The resulting data
sets were subject to a hierarchical dependency structure

(see 2.3.2 and Appendix 3). In addition to the detailed
description of model performance, we therefore used
statistical approaches to calculate unbiased confidence
intervals around the point estimators of performance
metrics in order to take sampling error into account. In
a further step, we investigated causes of variation in
model performance to identify conditions under which
HiDeFIND had not yet shown optimal performance.
The results of these exploratory analyses are intended
to guide, for example, further optimisation of the mod-
el architecture or the composition of future training
image sets.

2.3.2 Hierarchical dependency structure of HiDef
data

The detection probabilities of individual objects on
HiDef video material are not independent of each oth-
er but are subject to a hierarchical dependency structure
(for details, see Appendix 3). This applies in principle
to both manual and machine object detection. In order
to control pseudoreplication (Hurlbert 1984) and thus
avoid type 1 error inflation (Forstmeier et al. 2017), this
dependency structure must be taken into account in
statistical models of HiDeFIND performance. This is
achieved by fitting statistical models to simultaneously
estimate both fixed effects and random effects (mixed
effects models). A nested structure of relevant random
effects accounts for the relevant hierarchical levels as
grouping factors in the statistical model (Gelman & Hill
2006).

2.3.3 Sensitivity

To estimate confidence intervals for global and species-
specific sensitivities, we used generalised linear mixed
models (GLMMs) with a binomial error structure and
logit link function, as well as object/individual as the
statistical unit. We fitted the overall mean as the only
tixed effect (null model) and additionally considered
the identity of project areas, transects and reels as nest-
ed random effects (see also Appendix 3). We calculated
corresponding 95% confidence intervals by multiplying
the standard errors of the estimates on the link scale by
1.96 and, for better comprehensibility, present detection
probabilities as percentages including re-transformed
95% confidence intervals (the latter are therefore asym-
metric). When calculating species-specific sensitivities,
convergence problems regularly occurred even for the
more common species in the test data set. Due to the
smaller sample sizes, the models were unable to distin-
guish very small random effects from zero (the variances
in question were effectively zero). In such cases, we
simplified the random effects structure for each species
until the models converged, removing random effects
in descending order. To test the effects of detection-
relevant environmental conditions on sensitivity, we
used GLMMs with a binomial error structure and log-
it link function. Environmental conditions were mod-
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elled as fixed effects in separate models (see also Ap-
pendix 1, water turbidity for marine mammals only).
In addition, we considered the identity of project areas,
transects and reels as nested random effects (see also
Appendix 3). We tested the statistical significance of
fixed effects by comparing a given model with the null
model using a likelihood ratio test (R function anova).

2.3.4 Precision and number of false positive
detections

In our test design, false positive detections can occur on
any of the more than two million frames in the test image
set, not just on the approximately 51,000 images on which
human observers had previously marked a relevant ob-
ject. The precision in our test design is therefore not
comparable with other performance tests in computer
vision. Other studies generally show significantly higher
precision because they offer substantially fewer desig-
nated non-object test images in the test (usually in simi-
lar numbers to test images containing a relevant object).
We therefore only report the overall precision and instead
analyse in detail the number of false positive detections
per frame as a function of potentially detection-relevant
environmental conditions. This allows us to draw valu-
able conclusions about conditions under which HiDe-
FIND was not yet able to deliver optimal precision. We
modelled the number of false positive detections per
frame using linear mixed effects models (LME) with nor-
mal error distribution after logarithmic transformation
(log,,). The maximum permitted number of detections
per frame (sum of true positive and false positive detec-
tions) and thus also the maximum possible number of
false positive detections was limited to 1000 (only 49 of
the more than two million frames had >1000 false posi-
tive detections). Environmental conditions were mod-
elled as fixed effects in separate models (see Appendix 1,
water turbidity only for marine mammals) and we con-
sidered the identity of project areas, transects and reels
as nested random effects (see also Appendix 3). We
tested the statistical significance of fixed effects by com-
paring a given model with the null model using a likeli-
hood ratio test (R function anova).

2.3.5 Diversity indices

Separately for both data sets, we used i) the number of
species/species groups to quantify species or species
group richness; ii) the Shannon diversity index

H'=-3_ p(log2p)

with § = number of species and p, = relative abundance
of species i in the respective data set to quantify species
or species group diversity; iii) the Shannon diversity
index divided by its maximum possible value for the

given species richness of the data set to quantify the
evenness of species or species groups:

1

E=

H
mit Hmax = loga S.

max

3 Results

3.1 Global sensitivity (across all species/species
groups)

Ofatotal of 111,666 objects in the test image set, HiDe-
FIND detected 107,778, resulting in an overall global
sensitivity of 96.5%. Taking into account the hierarchi-
cal dependency structure of the data, the global weight-
ed mean sensitivity was 99.4% (Table 2). Almost two-
thirds of the variance in detection probability in the test
image set was explained by differences between reels,
about a quarter by differences between transects, and
roughly 10% by differences between aerial surveys (Ta-
ble 2).

The detection probability was independent of the po-
sition of the sensors (inner versus outer), the season and
potentially detection-relevant environmental condi-
tions, except for glare (Table 3). With increasing glare,
the detection probability decreased significantly.

Figure 4 contrasts false negative with true positive
predictions of the model for a selection of species with
high relevance for maritime environmental planning
(see also Discussion).

3.2 Species- and sex-specific sensitivities

As expected, species-specific sensitivities were gener-
ally high: Table 4 shows the species-specific overall
sensitivities as well as the weighted mean detection
probabilities for the twelve most common taxa in the
test image set and for six other important target species
in maritime environmental planning (including Har-
bour Porpoise). Only one of six sexually dimorphic
species (all ducks) showed sex-specific sensitivity: male
Common Scoters had a slightly lower detection prob-
ability than females (Table 4).

3.3 Overall precision and number of false positive
model predictions
Ofatotal of 6,443,717 model predictions, 107,778 were
true positive, resulting in an overall precision of 1.7%
(the precision calculated here is not comparable to that
from other performance tests in computer vision, see
2.3.4). False positive detections occurred in 99.3% of
the total 2,096,554 frames and on all reels. The number
of false positive detections per frame ranged from 0 to
1,000 (capped at 1,000, see 2.3.4). The median was 1.
The number of false positive model predictions was
independent of the position of the sensors (inner versus
outer) and the season (Table 5, Figures 5a and 5b). How-
ever, it increased with increasing glare, particularly in
case of strong glare (Table 5, Figure 5¢). Significant ef-
fects were detected for sea state and air and water tur-
bidity (Table 5), but the effect sizes were small (Figures
5d to 5f).
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Figure 4: Examples of false negative model predictions. The figure shows in an exemplary manner HiDef frames featuring
both true positive detections (blue annotations) and false negative detections (yellow annotations) for the same species. a)
Common Scoters Melanitta nigra, b) Razorbills Alca torda, c) Common Eiders Somateria mollissima, d) Red-throated Divers

Gavia stellata.

4 Discussion

4.1 Sensitivity

Global sensitivity

The global mean sensitivity of HIDeFIND across all 124
species/species groups represented in the test image set
(including 109 bird taxa) was very high at over 99%.
HiDeFIND was therefore able to detect birds at sea and
marine mammals in HiDef video material almost as
well as observers specially trained for this purpose. A
95% confidence interval of 99.2-99.6% also indicates
that the estimate is very precise and suggests that the
model will be able to achieve a comparably high sensi-
tivity for HiDef aerial surveys with similar species com-
positions and weather conditions. We also found no
detectable difference in the mean sensitivity between
the inner and outer sensors (Table 3). HiDeFIND thus
performed similarly well across the entire swath of ef-
fectively 544 m.

The global mean sensitivity estimated using the mixed
model was slightly higher than the global overall sen-
sitivity. The former accounted for the hierarchical de-
pendency structure of the HiDef data and weighted the

contributions of groups of dependent data to the over-
all effect. Discrepancies between the two measures can
arise, for example, when false negative detections are
clustered in relatively few frames and/or reels. In this
case, the overall sensitivity tends to underestimate the
actual sensitivity. Such clustering was indeed detectable
in the test data set: for example, 947 of a total of 3,888
(24.4%) false negative detections were attributable to
just ten of the total 51,218 (0.02%) frames that contained
at least one biological object.

The objects detected manually as part of the estab-
lished work process were the benchmark for assessing
sensitivity. If objects were overlooked in the manual
process, some of the model predictions classified as false
positives (see 4.2 below) were in fact true positive mod-
el predictions (false negative manual detections). How-
ever, our test design was unable to identify these as such.
The very high global sensitivity suggests that HiDeFIND
could also find some of the objects overlooked in the
manual workflow. We will quantify this promising ad-
ditional potential using independent test image mate-
rial in future tests with a suitable design.
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Figure 5: Number of false positive model predictions per frame in relation to a) positions of the sensors, b) seasons, c) glare,
d) sea state (Petersen scale), e) air turbidity and f) water turbidity (see also Appendix 1).

Generalisability

Although HiDeFIND was trained with annotated ob-
jects from 66 species/species groups and two marine
areas, the model achieved its performance on a test im-
age set that included well over a hundred species/species
groups from three marine areas (Appendix 2). There-
fore, we can conclude that HiDeFIND has learned to
generalise. This is a desired feature for artificial neural
networks, and our findings suggest that HiDeFIND will
be able to achieve high sensitivities even when con-
fronted with expanded or completely new species com-
positions. We expect a great advantage when applied in
new marine areas and in the event of shifts in distribu-
tion ranges, e.g. as a result of anthropogenic environ-
mental change.

Species-specific sensitivities

As expected, species-specific sensitivities were very
high for most species (Table 4). This included the detec-
tion of species of outstanding importance for maritime
spatial and environmental planning, such as Red-throat-
ed divers, Common Guillemots and Black-legged Kit-
tiwakes (Furness et al. 2013, Fliessbach et al. 2019, Di-
erschke et al. 2024) and, among marine mammals,
Harbour Porpoises. Species-specific sensitivities gener-
ally varied only slightly (Table 4), suggesting future
development efforts to focus on further optimising a
general HiDeFIND model rather than developing sev-
eral species- or species group-specific HIDeFIND spe-
cial modules (such as a diver module).
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Sex-specific sensitivities

In species with pronounced sexual dimorphism, mod-
el sensitivity could be sex-specific. We were able to test
this for some duck species, for which we assumed ad-
equate statistical power based on their frequency in the
test image set. While the sensitivities for the sexes were
not statistically distinguishable for Common Eiders,
Velvet Scoters Melanitta fusca and Eurasian Wigeons
Anas penelope, HiDeFIND showed a slightly lower sen-
sitivity for male Common Scoters than for females (Ta-
ble 4, see also Figure 4a). However, considering the
species-specific sensitivity of >98%, this effect was very
small, with a difference of 0.7%, and can be neglected
for population estimates.

Environmental variation

The global mean sensitivity decreased significantly with
increasing glare (Table 3), which is not surprising, as
increasing glare can easily outshine and thus mask ob-
jects on the sea surface. Compared to the training image
set, the test image set also showed less intense glare on
average (all other detection-relevant environmental
conditions were similar; see Appendix 2), potentially
favouring the high global sensitivity in the test data set.
However, this would only affect the assessment of mod-
el sensitivity if the average glare in the test data set were
unrepresentative of future data sets. In any case, the
effect on the overall performance of the model is very
limited, as stronger glare can be effectively avoided by
turning the HiDef sensor system away from the sun (see
2.1.1). Accordingly, only 3504 (0.03%) and 158 (0.001%)
objects in the test data set were attributable to video
material with moderate or strong glare, respectively.
HiDeFIND proved to be robust in relation to other en-
vironmental conditions that could potentially affect
detection: Neither sea state nor air turbidity or water
turbidity (in the case of marine mammals) had a detect-
able effect on sensitivity (Table 3). The same was true
for the seasons (Table 3). We conclude that HiDeFIND
can be used all year round and under varying environ-
mental conditions, even suboptimal ones, without re-
stricting result quality.

Causes of false negative detections
Statistically, conditions with which the probability of false
negative detections varies can be narrowed down (see
previous section). In practice, however, it is impossible
to determine why specific objects were not detected by
the model. Such limited transparency of the machine
decision-making process is characteristic of deep learn-
ing-based neural networks, whose successive computa-
tions across many network layers largely correspond to
so-called black box operations. Consequently, we found
quasi-stochastic occurrences of false negative detections,
the causes of which can only be speculated upon.
Despite the overall very good generalisability, species
or species groups that were not or only very rarely in-
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cluded in the training image set might be less well de-
tected in the test image set than more frequently repre-
sented species. For example, the training image set did
not contain any Eurasian Coots Fulica atra, and the
model detected only two out of five individuals in the
test image set. However, such cases mainly concern spe-
cies that rarely occur in the surveyed project areas and
therefore are of minor relevance. For more common
species, false negative detections could result if charac-
teristics such as body posture or diving status differ in
frequency between the training and test image sets. For
example, one false negative detection concerned the
snapshot of a Harbour Porpoise in the process of diving;
its body therefore appeared to be divided into two parts.
Figures 4a-4c show three examples of false negative
predictions.

We rated a model prediction as true positive if the
bounding box predicted by the model included the
manually set point marker (see 2.2.5.2). If a point mark-
er was not set precisely in the centre of the object and
was therefore located just outside a model-generated
bounding box, a false negative detection was recorded,
even though the model had detected the object (“false
false negative detections”). A random sample check
revealed that less than 10% of all false negative detec-
tions were attributable to this shortcoming in the test
design, including cases where the objects were difficult
for human observers to overlook (an example of this is
a Red-throated Diver in Figure 4d). The phenomenon
is a technical testing issue, which only leads to an un-
derestimation of the model’s actual sensitivity, but also
to a slight overestimation of the false positive rate, as
objects actually detected by the model in immediately
adjacent locations were recorded as false positive detec-
tions. The HiDeFIND performance evaluation we have
conducted in this article should therefore be considered
conservative.

Alternative AI models with similar objectives

While machine learning in combination with drones or
satellites as platforms has already been used very suc-
cessfully for monitoring animal populations at sea (see
introduction), there are very few studies published on
the combination of machine learning with aircraft-based
surveys for population assessment at sea. A direct com-
parison of specific performance indicators of competing
models in computer vision is generally only of limited
significance, as both training and testing are usually
based on vastly different image sets. To our knowledge,
fewer than a handful of peer-reviewed studies employ
a design similar enough to ours - platform: aircraft;
sensor: digital camera system; target object: seabirds at
sea — to allow for any comparison at all.

Kuru et al. (2023) describe a method for semi-auto-
matic detection of Northern Gannets on aerial photo-
graphs, which are similar in type and resolution to
HiDef still images. Kuru et al. (2023) achieved an un-
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weighted sensitivity of 97.1% for their model', which
is comparable to the unweighted sensitivity of 99.7%
achieved by HiDeFIND for Northern Gannets (see also
Table 4). In contrast to the broad taxonomic scope of
our approach (Figure 3, Appendix 2), the method de-
scribed by Kuru et al. (2023) and/or its quantitative
performance analysis was limited to the Northern
Gannet, the largest and most conspicuous seabird spe-
cies in European waters. The suitability of the method
described by Kuru et al. (2023) for smaller and less
conspicuous species therefore remains uncertain. It is
possible that the analysis by Kuru et al. (2023) only
included individuals in conspicuous adult plumage
(illustrations in the paper only showed adult individ-
uals in flight). In contrast, both our training and our
test image set contained not only (sub-) adults but also
individuals in the less conspicuous plumage of the 1st
and 2nd calendar years (160 in the training image set
and 10 in the test image set, the latter all true positive)
as well as swimming Northern Gannets (hundreds in
each of our two image sets). Furthermore, Ke et al.
(2024) report sensitivities of up to 65% in a deep learn-
ing approach that is intended to enable population
estimates of seabirds at sea during flight and thus al-
most in real time. Due to very low flight altitudes of
only about 25 m to 200 m, this model had access to
image data with a very high ground sampling distance
of between 0.14 cm and 1.47 cm, which naturally has
a positive effect on performance tests of object detec-
tion models. In addition, the objects offered by Ke et
al. (2024) for training and testing were limited to only
two sampling plots and largely to wintering sea ducks.
HiDeFIND achieved higher sensitivities even though
it was confronted with image data that had been cap-
tured from a significantly greater altitude of approxi-
mately 500 m for flight safety reasons and therefore
had poorer ground sampling distances of approxi-
mately 2 cm. Furthermore, the HiDeFIND image ma-
terial covered a much broader spectrum of species
(Figure 3, Appendix 2). Finally, Weiser et al. (2023)
presented a method for the automated detection of
resting Branta geese in protected shallow water at one
site in Alaska. Although the model was able to distin-
guish images with geese from those without, the sub-
sequent automated counting underestimated the
populations (lack of sensitivity), requiring time-con-
suming manual reworking as part of a “human-in-the-
loop” work process.

' Calculated from Table 3 in Kuru et al. (2023). In contrast to our
analysis, their calculations were not based on individuals as
a unit, but on aerial photographs that showed either at least
one or no Northern Gannet. A detection was considered a true
positive if the method recognised an image showing at least
one Northern Gannet as such.

4.2 Precision and number of false positive model
predictions
Precision
HiDeFIND generated a high number of false positive
detections, which was reflected in a low unweighted over-
all precision. This tendency towards overdetection was
desired explicitly per design, as we prioritized sensitivity
(as complete detection as possible) over precision (as high
efficiency as possible) to avoid compromising result qual-
ity compared to the established manual process. In a
partially automated “human-in-the-loop” work process,
however, low precision entails a high manual effort to
separate false positive detections prior to species identi-
fication. This reduces achievable efficiency gains through
the automation of initial object detection. A primary goal
in the further development of an Al-supported work
process is therefore to improve precision without com-
promising too much on sensitivity.

Position of the sensors and environmental variation
The position of the sensors (Table 5, Figure 5a) and the
seasons (Table 5, Figure 5b) had no detectable effect on
the number of false positive detections. However, as glare
increased, the model produced more false positives. This
was particularly pronounced for strong glare (Table 5,
Figure 5c). Other environmental conditions potentially
relevant to detection, such as sea state, air turbidity or
water turbidity, showed significant differences (Table 5),
but the effects were small (Figures 5d to 5f). Due to the
large sample size of >2 million frames, the power of our
analyses was high and allowed us to detect even minor
differences between individual factor levels. These small
effects are unlikely to be relevant in practical application,
partly because surveys are usually only scheduled for time
slots that promise good detection conditions, such as clear
air and calm seas. Nevertheless, the effects of detection-
relevant environmental conditions should be investi-
gated in more detail in future performance tests of HiDe-
FIND itself, as well as of comparable alternative models
for the detection of seabirds at sea.

Mitigation of the effects of glare

Improvements in HiDeFIND precision and thus im-
provements in the efficiency of the entire Al-supported
work process could focus on further minimising the ef-
fects of glare beyond the established technical measures
(see 2.1.1). Glare effects could be mitigated by controlled
reduction of the model’s sensitivity, e.g. by increasing
confidence thresholds in post-production, which define
the minimum confidence of the model to trigger a detec-
tion. Aiming to achieve the most complete detection
possible, no such threshold was defined for the tested
HiDeFIND version 1.0. To mitigate false positive detec-
tion spikes, the maximum permissible number of detec-
tions per frame could be reduced by sorting the model
detections in descending order of confidence. If true
positive detections have higher confidence levels on aver-
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age than false positives, false positive detections would
then be primarily capped on frames with a mixture of
true positive and false positive detections. For the per-
formance test presented here, the number of permitted
detections per frame was limited to 1,000 (49 frames were
affected by this cap), but the highest number of relevant
objectsin a solitary case was only 811. For the remaining
51,217 frames with at least one relevant object, the num-
ber of relevant objects was consistently less than 100.
Based on a sample of future performance tests, the effects
of reducing the maximum number of permitted detec-
tions per frame should be examined.

Trade-off precision versus sensitivity

Increasing the confidence thresholds for detections and
reducing the maximum number of permitted detections
per frame could result in a reduction in global sensitiv-
ity. The primary goal of future development will there-
fore be to increase precision at a given sensitivity to
fully exploit the advantages of automation, such as ac-
celeration, increased reproducibility and greater cost-
effectiveness. In any case, quality of the results should
be at least as high as that of the established manual work
process. Achieving this overarching development goal
is facilitated by technical innovation in sensors, which
now achieve a noticeably better average ground sam-
pling distance of well below 2 cm at comparable flight
altitudes and swath widths (BioConsult SH, own data).

4.3 Quality assurance of AI-supported population
surveys at sea

Al-supported methods offer great opportunities to
evaluate digital aerial survey data in maritime spatial
and environmental planning, especially in terms of
analysis speed. For the assessment of seabird popula-
tions and distributions at sea, and thus the legal cer-
tainty of planned projects, the quality, continuity and
comparability of collected data are of fundamental im-
portance. When transforming manual to (partially)
automated work processes, it should therefore be en-
sured that the performance and practical suitability of
AT models are comprehensively evaluated before ap-
plication. In addition, the practical application should
be accompanied by a quality assurance concept that
defines how the quality of results is ensured in the au-
tomated evaluation of digital survey flights.

4.4 Conclusion

The HiDeFIND artificial neural network detected sea-
birds at sea and marine mammals on digital video record-
ings almost as well as specially trained observers. This
also applied to key species in maritime spatial and envi-
ronmental planning, regardless of the season and largely
independent of detection-relevant environmental condi-
tions. The model demonstrated good generalisability,
which is likely due to the very extensive and diverse train-
ing image set and promises successful use in other marine
areas with new species spectra. The high global sensitiv-
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ity also suggests that HiDeFIND could prospectively find
some of the objects overlooked in the manual work pro-
cess. The high rate of false positive detections currently
reduces the efficiency of an Al-supported work process
and thus the achievable time savings and the cost-effec-
tiveness of its use. However, thanks to its excellent sen-
sitivity, this does not reduce the effectiveness of the
model, i.e. the high quality of the results and the popula-
tion or density estimates that can be derived from them.
HiDeFIND thus offers a forward-looking alternative to
purely manual object detection for the analysis of digital
aerial survey data in maritime spatial and environmental
planning, environmental monitoring and research. HiDe-
FIND operates within the framework of an integrated
“human-in-the-loop” work process, in which automated
object detection by Alis accompanied by a quality assur-
ance process conducted by trained observers.
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Glossary of technical terms

Bounding box: In computer vision, bounding boxes
delimit objects of interest in rectangular form as
closely as possible. In image material for training
purposes, images are annotated with bounding box-
es to provide the model with visual patterns of the
target objects as learning examples.

Ground sampling distance: Actual distance on the
earth’s or sea’s surface that corresponds to the distance
between the centres of neighbouring pixels in the
digital image.

Convolutional Neural Network (CNN): CNNs are
a deep learning-based variant of artificial neural net-
works that are particularly well suited for processing
image data. CNNs use convolutional layers to recog-
nise local patterns such as edges or shapes and grad-
ually combine them into more complex structures.
CNNs learn relevant patterns directly from their
training data and are a central component of modern
automated image analysis methods.

Deep learning: As a sub-discipline of machine learn-
ing, deep learning uses artificial neural networks with
numerous deeply layered network layers between the
input layer (e.g. RGB values of the pixels of a digital
image) and the output layer (e.g. image contains sea-
bird yes/no). This enables computers to learn auton-
omously from examples in a highly efficient manner.
Machine learning is in turn a subfield of artificial
intelligence.

Explainable Artificial Intelligence (XAI): The deci-
sions made by artificial neural networks are often
difficult to comprehend in individual cases (“black
box”). This problem is addressed by a separate sub-
discipline of deep learning known as explainable ar-
tificial intelligence (overview e.g. in Saeed & Omlin
2023). While sensitive applications such as automat-
ed lending place high demands on the traceability of
the decision-making process, this aspect is generally
considered less crucial in computer vision. The eval-
uation of models in computer vision is therefore
strongly results-oriented and less process-oriented.

Fixed effects: Estimators of fixed effects in statistical
models typically represent differences in means (for
factors) or slopes (for covariates).

Gradient descent: An optimisation algorithm fre-
quently used in machine learning to efficiently deter-

mine local minima of a loss function. In our applica-
tion, these are minima of the deviation between the
actual object position and the object position pre-
dicted by the model in digital images. The underlying
heuristic of the gradient method corresponds to the
so-called “mountaineer algorithm with negative sign”:
A mountaineer in thick fog will climb to the summit
- alocal maximum - by the shortest route if he choos-
es the steepest ascent at every step during the climb.
Similarly, the optimisation algorithm moves along the
steepest gradient descent.

Intersection over Union (IoU): An important pa-
rameter in computer vision that indicates the degree
of overlap between the bounding box (ground truth)
derived from the field comparison and the bounding
box predicted by the object detection model (in per-
cent). Depending on the required precision of the
localisation, threshold values can be set above which
a model prediction is evaluated as correct (true pos-
itive).

Precision: Proportion of true positive predictions out
of all positive model predictions (sum of true positive
and false positive predictions); also referred to as
positive predictive value in machine learning.

Sensitivity: Proportion of true positive predictions
out of all actual positive cases (sum of true positive
and false negative predictions); in machine learning,
also referred to as recall or true positive rate.

You Only Look Once (YOLO): Early object detection
models were based on a computationally intensive,
two-step process: first, regions with potential objects
were located, then, in a second step, objects were clas-
sified (is target object yes/no). YOLO models, on the
other hand, perform both steps simultaneously with
only a single presentation of an image — an innovation
that has greatly simplified and accelerated automated
object detection.

Random effects: Estimators of random effects in sta-
tistical models typically represent variances caused
by differences among groups of dependent data.
Among other things, it is assumed that the groups/
levels represented in the data set are a random sample
from a theoretically unlimited set of possible groups/
levels of this effect.
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Appendix 2: Attributes of training and test image set.

21

Attribute Training image set Test image set
Years 2017, 2021 2021, 2022
Total transect kilometers ~11 650 ~8040
Area analysed/observed (km?) ~6080/6210 ~4180/4280
HiDef video footage analysed (h) ~280 ~250

Marine areas

North Sea, Baltic Sea

North Sea, Baltic Sea,

English Channel
Project sites 4 6
Aerial surveys 21! 13!
Transects 291 196
Reels 1629 1408
Frames 79 1342 51218
Objects marked by humans (not the model) 138 681° 111 666
Individual organisms marked by humans (not the model) 26 635 111 666*
Bird objects marked by humans (not the model) 132718 110 697
Mammal objects marked by humans (not the model) 5846 703
Other objects marked by humans (not the model) 117° 266°
Species/species group richness 66 124
Species/species group diversity 4.28° 4.05°
Species/species group evenness 0.717 0.58’
Bird species richness 37 73
Bird species group richness 20 36
Bird taxa richness 57 109
Bird species diversity 3.64° 3.486
Bird species evenness 0.707 0.56”
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Appendix 2: Continuation

Attribute Training image set Test image set
Bird taxa diversity 4.16° 3.99¢

Bird taxa evenness 0.717 0.597
Cumulative percentage of five most abundant bird taxa 53.8¢ 66.4%
Cumulative percentage of ten most abundant bird taxa 78.38 78.6°
Cumulative percentage of twenty most abundant bird taxa 94.98 88.8°
Mammal species richness 4 5
Mammal species group richness 3 2
Mammal taxa richness 7 7
Mammal species diversity 0.18° 1.21¢
Mammal species evenness 0.097 0.527
Mammal taxa diversity 0.83¢ 1.80°
Mammal taxa evenness 0.307 0.64
Weighted mean glare® (95% confidence) 0.61 (0.44-0.78) 0.20 (0.12-0.28)
Weighted mean sea state’ (95% confidence) 2.54 (2.26-2.82) 2.11 (1.82-2.40)
Weighted mean probability of (some) air turbidity® (95% confidence) 0.17 (0.10-0.27) 0.15 (0.08-0.23)
Weighted mean probability of (some) water turbidity® (95% confidence) 0.16 (0.09-0.26) 0.18 (0.11-0.28)

!See Figure 2 in main text for seasonal distributions.
’Frames, on which human observers had detected at least one biological object.

’In the training image set, an individual present on multiple frames represents a separate training object on each occasion (see
text 2.2.4.3).

“In the test image set, each individual is represented only once (see text 2.2.4.3).
°For example Atlantic Bluefin Tuna, Ocean Sunfish, Lion’s Mane Jellyfish.
SShannon-Index (log,).

’Shannon-Index/maximum possible Shannon-Index.

#See Figure 3 in main text for species identities.

°See also Appendix 1.
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Appendix 3: Hierarchical dependency structure of HiDef data.

a) Project sites (# variable)

b) Aerial surveys (# variable)
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Reasons for the non-independence of detection prob-
abilities can refer to shared attributes of the objects
themselves, shared attributes of their environment at
the moment of acquisition, or shared attributes of the
sensory machinery that generated an image set. The
potential causes highlighted below in an exemplary
fashion are some of many plausible causes that are not
mutually exclusive. In the context of the performance

analyses of HiDeFIND, detections can represent true
positive, false negative, but also false positive model
predictions. In f), true positive predictions of the mod-
el are represented by stylized bounding boxes with tar-
get object, false positive predictions by bounding boxes
without target object, and false negative predictions by
target objects only.
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Dependencies in HiDef data sets could be caused by
the:

Identity of project sites (1a). The model's detection prob-
abilities could vary among project sites if they are species-
specific, and project sites differ in species composition;
or if they are dependent on the time of day and different
areas were surveyed at systematically different times of
the day (e.g. due to different approach distances).

Identity of aerial surveys (nested in project sites, 1b). With-
in project sites, model detection probabilities could vary
among individual aerial surveys, when objects share the
macroscale hydrographic or weather conditions of a
given aerial survey.

Identity of transects (nested in aerial surveys, 1c). Within
aerial surveys, model detection probabilities could vary
among individual transects when objects share the mes-
oscale hydrographic conditions of transects (e.g., wind-
ward versus leeward sides around islands).

Identity of sensors (nested in transects, 1d). Within tran-
sects, the model detection probabilities could vary
among individual sensors if there are minor differ-
ences in the production or configuration of their com-
ponents.

Identity of reels (nested in sensors, 1e). Within sensors,
model detection probabilities could vary among indi-
vidual reels if the quality of the reference material
(benchmark) depends on the identity of the human
observers who produced the reference material (video
footage is randomly assigned based on reels).

Identity of still images (nested in reels, 1f). Within reels,
model detection probabilities could vary among indi-
vidual still images when objects share microscale hy-
drographic or weather conditions of a given image.
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