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Avant-propos

Utilisation d’une Intelligence Artificielle générative
(IAg) pour la rédaction du mémoire

Des outils d’intelligence artificielle générative ont-ils été utilisés ?

[~ Non XOui

Si oui, préciser pour quels usages :

Jai utilisé I'lAg pour corriger mes codes Python et R (ChatGPT 4), pour m’assister dans la rédaction en
anglais (Deepl), ainsi que pour ma bibliographie (Elicit).
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INTRODUCTION

An accurate knowledge of species occurrences is critical to reliably assess marine biodiversity.
However, sampling biases toward more accessible regions compromise the ability to describe species’
occurrences accurately (Menegotto, Rangel 2018). Data gaps are particularly apparent in the tropical
waters of developing countries, reflecting the often-limited funds and capacities for marine research
(Costello et al., 2010). To fill these data gaps, geographic transfers of Species Distribution Models
(SDMs) developed from data-rich locations are valuable. Model transferability refers to the degree to
which a model built in one place or time can successfully predict species distributions in a different
place or time (Rousseau, Betts 2022). The geographic transferability of SDMs has received much
attention in ecology (Sequeira et al., 2018; Yates et al., 2018). The transferability of a SDM is negatively
affected by incomplete or biased sampling coverage and by model overfitting (Sequeira et al., 2018). It
also decreases in case of environmental dissimilarity or when predictions are made in environments
that are not represented in the training data (Yates et al., 2018). On the other hand, training a SDM on
multiple regions can improve its performance, alleviating its dependency on local conditions (Sequeira
et al., 2018). However, the geographic transferability of Convolutional Neural Networks (CNNs), a class
of deep learning models that are used to extract species occurrences from images, has been
comparatively less studied.

As biodiversity is declining at an unprecedented rate, deep learning models provide effective
tools for the rapid assessment and monitoring of animal populations (Tuia et al., 2022). Applied to large
amounts of remote sensing data from drones, aircraft or satellites, deep learning models allow
detecting, localizing, and classifying species in images collected over increasingly large spatial scales
(Tuia et al., 2022). Deep learning models aimed for detection are particularly key to reducing the time
and labor associated with manually identifying and counting species in thousands of images. These
models, particularly in large-scale biodiversity monitoring projects, dramatically decrease human effort
(Delplanque et al., 2023; Willi et al., 2019). For example, in aerial wildlife surveys, deep learning models
have been shown to cut down the manual image interpretation workload by up to 74% (Delplanque et
al., 2023). Despite their achievements, detection models suffer from important limitations as they
need to be trained on large amounts of annotated images to perform well (Kim et al., 2020). For the
purpose of object detection, image annotation is especially expensive, as it requires not only identifying
the objects but also precisely locating them with bounding boxes. These limitations have triggered a
growing demand for transferable detection models, i.e. models capable of generalizing from data-rich
regions to new regions with little to no training data (Kim et al., 2020). Generalizability ensures that the
model can be effectively applied across diverse datasets and environments (Axford et al., 2024).

Transferring detection models is particularly challenging in the marine environment where
conditions are highly dynamic. Changes in sea state, turbidity, and light conditions lead to variations in
image characteristics across time and space, potentially impairing species detection (Walker et al.,
2024; Minai et al., 2024). When a model trained in one environmental or geographic context is applied
elsewhere, it faces a so-called domain shift (Kouw & Loog, 2021). Studies on fish detection (Ditria et
al., 2020; Walker et al., 2024) have described such domain shifts, underscoring the influence of
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environmental and habitat variability on model performance. However, no study to date has evaluated
the geographic transferability of deep learning models for the detection of marine megafauna such as
marine mammals, sea turtles and sharks.

Marine megafauna populations are increasingly monitored with aerial surveys from
Unoccupied Aerial Vehicles (i.e. drones) or aircraft fitted with cameras. Such digital surveys have
provided more accurate population counts than observer-based aerial surveys (Hodgson et al. 2023).
Digital surveys also allow more frequent surveys thanks to their lower costs, while offering flexibility to
study remote locations (Hodgson, Kelly & Peel, 2013; Christie et al., 2016; Hodgson et al., 2017; Rodofili
et al.,, 2022). To automate image analyses from these surveys, deep learning detection models of
marine megafauna have been developed (Mannocci et al., 2022; Woolcock et al., 2022; Gray et al.,
2018). However, building databases to train these models is challenging for rare and threatened marine
megafauna species that occur in low numbers in remote locations (Mannocci et al., 2022). A
typical example is the dugong (Dugong dugon; Miiller, 1776), an herbivorous marine mammal from the
Indo-Pacific coastal waters globally listed as Vulnerable on the IUCN Red List of Threatened Species
(Marsh and Sobtzick, 2019). While large to medium size populations remain in areas such as Australia,
the Persian Gulf and New Caledonia, many populations are small and scattered (Marsh et al., 2024).
Larger dugong populations from developed countries have been comparatively more studied than
small populations from less developed countries like in South Asia (Panyawai et al., 2022). The cryptic
and furtive nature of the dugong also makes it an inherently difficult species to detect at sea (Hodgson
et al., 2004). This raises a critical question: To what extent can dugong detection models trained on
data-rich areas be transferred to under-studied regions with little to no training data?

Based on the dugong case study, we investigated the potential of deep learning detection
models to perform across geographic locations. Specifically, we tested the capacity of a dugong
detection model trained in New Caledonia, hosting a medium size population, estimated between 649
(£ 195s.e.)and 1227 (£ 296 s.e.) individuals from aerial surveys (Cleguer et al., 2017) to detect dugongs
in West Papua (Indonesia) where populations are comparatively small and scattered (Purwanto et al.,
2020). To do so, we performed two geographic transfers from a source region to a target region: (1) a
short-distance transfer within New Caledonia and (2) a long-distance transfer from New Caledonia to
West Papua, evaluating the impact of environmental contexts on dugong detection rates. To adapt the
model to local environmental conditions, we relied on the principle of fine-tuning—that is providing
the model with a limited number of annotated images from the target region. First, we explored how
fine-tuning a model trained in the source region with varying amounts of local annotations from the
target region affected its generalization capacity. Second, we analyzed how environmental and habitat
contexts, both during model fine-tuning and inference, influenced dugong detection.

Recent studies showed that species detection models perform better when applied to locations
with similar environmental conditions (Bravo-Diaz et al., 2024) and that fine-tuning with even a small
number of local annotations can significantly improve species detection rates (Weinstein et al., 2022).
Moreover, environmental variables such as water turbidity, sea state, sun glitter, the animal’s depth in
the water column, age class, group size and light affect detection rates of marine megafauna from aerial
images (Fuentes et al., 2015; Aniceto et al., 2018; Dujon et al., 2021; Delplanque et al., 2023). Building
on these findings, we formulated the following hypotheses:



(1) Dugong detection rate is higher for the short-distance transfer within New Caledonia than
for the long-distance transfer to West Papua, due to greater environmental similarity.

(2) Increasing the amount of local annotations via fine-tuning improves dugong detection.

(3) Environmental and habitat contexts, both during fine-tuning and inference, significantly
influence dugong detection.



MATERIALS AND METHODS

Dugong aerial surveys

Aerial surveys were conducted respectively in New Caledonia, an oversea territory of France located in
the Coral Sea and in West Papua, an eastern province of Indonesia (Figure 1).
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Figure 1. Map of the long-distance geographical transfer. The source region corresponds to the central
west coast of New Caledonia, and the target region corresponds to the Bird’s Head Seascape in West
Papua, Indonesia.

The first survey was carried out from a manned ultra-light airplane equipped with a camera on
the central west coast of New Caledonia (Mannocci et al.,, 2024). This area represents the core
distribution range of dugongs in New Caledonia and hosts important aggregations in the austral winter
(Mannocci et al., 2024; Cleguer et al. 2024), estimated between 649 (+ 195 s.e.) and 1227 (+ 296 s.e.)
individuals from aerial surveys (Cleguer et al., 2017). The survey region included the area of Poé, as
well as the wider west area divided into four sites: “Extreme North”, “Mid-North”, “Mid-South” and
“Extreme South” (Figure 2). Each of the four sites was surveyed by at least two flights from June to
November 2021 using an AirMax SeaMax airplane equipped with a GoPro Hero Black 7 camera. The
camera was recording in video mode at a rate of 24 frames per second and with an image resolution
of 2704 x 1520 pixels. Predefined transects were flown at a target altitude of 47 m and a speed of 110
km/h (Heudier et al., 2023). At this altitude, each image covered a surface of 89 m width (the ‘strip
width’) x 50 m length, leading to an overall surveyed area of 62 km? (Mannocci et al., 2024). A total of
27 flights were flown. All flights are considered independent, as they took place on different days
and/or at different locations.

From a geomorphological perspective, the central west coast of New Caledonia is primarily
characterized by shallow lagoons, followed by the presence of reef flats (Appendix 1).
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Figure 2. Map of the short-distance geographical transfer. The area surveyed by airplane included Poé
(in blue), corresponding to the source region, and the wider west area (in red), corresponding to the
target region. Satellite basemap from ‘Esri.WorldImagery’.

The second survey was carried out by drone in West Papua, specifically in the Bird’s Head
Seascape known as the epicenter of global marine biodiversity (Purwanto et al., 2021). Although the
dugong is known to occur in this area (Purwanto et al., 2021), no information is available on the
population abundance or distribution. The survey was conducted from April — May 2023 and in June
2024, using drones, at four sites: Gam Island, Friwen Island, Manta Sandy and Um Island (Figure 3).
Surveys were flown in both automated and manual modes using DJI Phantom 4 (P4) and DJI Phantom
4 Pro (P4P) drones. Automated flights consisted in surveying transects to fully cover a given area, here
ranging from 0.2 to 1.5 km?. They were conducted at a speed of 7 m/s, an altitude of 50 m and with 10
% side and front image overlap. Manual flights consisted in remotely tracking dugongs first spotted
during exploratory search flights. Their altitudes ranged from 35 to 50 m and their speed ranged from
0 to 10 m/s. In both automated and manual flights, the camera was pointing straight downward (i.e.
had a nadir position). Image resolution was 3,648 x 5,472 pixels in flights recorded with the P4P drone
and 3,000 x 4,000 pixels in flights recorded with the P4 drone. Flights tracking the same individuals or
taking place at the same time and place were grouped under a specific “mission”. All missions are
considered independent as they show different individuals in different places and/or at different times.

From a geomorphological perspective, Manta Sandy and Um Island are primarily characterized by reef
slopes, while Gam and Friwen Islands are dominated by reef flats. All four sites are predominantly
classified as reef slopes. Um Island is the only site that also features areas of shallow lagoon (Appendix
2).
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Figure 3. Map of the study region and sites surveyed by drone in West Papua. Satellite basemap from
‘Esri.WorldIimagery’.

Dugong annotations

Videos and images were imported into ‘WAVE’ (https://megafauna-project.ird.fr/), a customonline
software for marine megafauna annotation. Videos were first converted to images at a rate of 1 frame
per second. The annotation procedure consisted in manually drawing a rectangle bounding box around
each dugong, provided at least 75% of its body was visible, and associating it a label (Figure 4)
(Mannocci et al., 2024). Dugongs were initially labelled as ‘probable’ and ‘certain’ depending on how
clearly they appeared on images. However, to maximize the dataset, certain and probable dugongs
were lumped together under the ‘Dugong’ label. All annotations were checked by an independent

expert observer.
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Figure 4. Examples of annotated dugongs in images from (A) New Caledonia and (B) West Papua,
highlighting the diversity of environmental contexts.

Context variables

In order to determine how the environment influenced model transfer, we defined context
variables associated with each annotated dugong and each image (detailed in Table 1). These variables
described both the individual-scale contexts (e.g., dugong’s position in the water column) and the
image-scale contexts (e.g., sea state). Each individual dugong was treated as a distinct instance,
allowing us to capture fine-scale context variations within an image, including cases where multiple
dugongs appear under different conditions.



Table 1. Description of context variables.

Variable Levels E xplanations Scale
coral
sand
habitat_type dense_seagrass major habitat type (coverage) present on the image's background
sparse_seagrass
deep_water
low flat monotone uniform I?ackground
[McSpadden et al., in prep]
i : mostly flat heterogeneous background with scattered protrusions
background_complexity rediurn [McSpadden et al._in prep]
high heterogeneous background with important changes in topography
ig N
[McSpadden et al. in prep)
— glassy alassy smooth sea surfape
= rippled sea surface altered by wind
1]
sun_glitter 0-25 percentage of image covered by sun glitter i.e. by the sparkling
= 25-50 reflection of the sun on the water (Hodgson et al., 2013)
>50
0
cloud_reflection 205'_2550 percentage of image covered by cloud reflection on the water
>50
yes at least one calf is present on the image [Hodgson et al., 2023) i
calf_presence no no calf is present on the image [_l-'?odgson et al., 2023) s
alone only one individual is present on the image
sparse two adults or 3 individuals are present on the image
group — -
school 4 or more individuals are present on the image
mother_calf one mother and its calf (only] are present on the image
1 shallow and bottom clearly visible (Hodgson et al., 2013)
turbidity_global 2 shallow and bottorn obscured by lqrpid ty (Hodgson et al., 2013)
= 3 deep and clear water [bottorn not visible) (Hodgson et al., 2013)
4 deep and turbid water (bottorn not visible) (Hodgson et al., 2013)
boltom visible ves __derived frqrq turbidity_global, corresponds to level 1, bottorn clearly visible
- no derived from turbidity_global, corresponds to levels 2, 3 and 4, bottormn not clearly visible
depth shallow derived from turbidity_global, corresponds to levels 1and 2, bottor distinguishable
deep derived from turbidity_global, corresponds to levels 3 and 4, bottom not visible and deep
P presence of coral on the image
coral & -
absence of coral on the image
P presence of sand on the image
sand r -
absence of sand on the image
4 P presence of dense seagrass [only UM island) on the image
ense_seagrass A absence of dense seagrass on the image
L.,
Sparss saacyans P presence of sparse seagrass on lheAim_age
= A absence of sparse seagrass on the image
coral
sand
dense_seagrass .
background_dugong Sparse_seagrass dugong's local background
| deep water |
dugong
deep_water P presence of areas where the botlomlis not yi§ible because of depth o
- A absence of areas where the bottom is not visible because of depth individual
dugong,_superpasition ves the indivudal is positioned on top of another dugong
no the individual is not positioned on top of another dugong
surface dugong's body clearly visible, at the surface
dugong_posititon water_col dugong's body quite visible, but colour or silhouette altered by the water column
bottorn dugong's body difficult to delimit beacause of overlving water colurn
calf yes the in_dividual is a calf
no the individual is an adult




Deep learning models

General approach

The study aims to train a dugong detection model (referred to as the baseline model) in a source
region and to assess its capacity to detect dugongs in a target region. The baseline model is then fine-
tuned on the target region, and its performance improvement is evaluated as it adapts to local
conditions.

Two geographical transfers were done: (1) A short-distance transfer within New Caledonia,
including the Poé area as the source region and the wider west area as the target region (Figure 2) and
(2) A long-distance transfer including the whole west area of New Caledonia as the source region and
West Papua as the target region (Figure 1). We hypothesized that the short distance transfer would be
more successful as the target and source regions are geographically, geomorphologically and

environmentally similar.

YOLO detection model

We used the You Only Look Once (YOLO) model (Redmon et al., 2016) implemented in PyTorch within
the Ultralytics package (https://github.com/ultralytics/ultralytics). YOLO is an open-source detection
model (Appendix 5) pre-trained on the Common Objects in COntexts (COCO) dataset
(https://github.com/ultralytics/ultralytics/blob/main/ultralytics/cfg/datasets/coco.yaml). YOLO unifies
the region proposal and classification stages of CNNs into a single, end-to-end architecture,
simultaneously predicting bounding boxes and class probabilities for those boxes. YOLO trains on full
images and directly optimizes detection performance. Indeed, this holistic approach allows it to learn
from the overall context of the objects and their relationships within the image, maximizing its ability
to accurately detect objects in a single pass (Redmon et al., 2016). Several subsequent versions of YOLO
have been introduced; in this study we used version 8 medium (named YOLOv8m). During training,
YOLO automatically saves the set of weights that yields the best performance on the validation data.
The model selected is the one with the weights maximizing the mAP50 (mean Average Precision), a
standard evaluation metric where detections are considered correct if the predicted bounding box
overlaps with the ground-truth box by at least 50% of their area.

Cross-validation

To make the best use of our limited data and reduce bias introduced by any single split, a k-fold
cross-validation was implemented. The target data was divided into three sets: a training set, a
validation set to tune hyperparameters during model training while avoiding overfitting, and a test set
to evaluate the model’s performance on unseen images. The target data was divided into several
partitions, ensuring that each partition is used once as validation set and once as test set while the
remaining partitions are used for training (Figure 5). To avoid model biases from unbalanced datasets,
flights (in New Caledonia) and missions (in West Papua) were partitioned to obtain equal numbers of



dugong annotations. This approach helped us ensure fair and consistent model evaluation across all
folds, minimizing the risk of overfitting to a particular data subset.

Fold 1

I
I

Fold 2 Val

Fold 3 Val

H

Fold 4

\I

Fold 9 Val

H

Fold 10

ﬁ

Fold 11

Fold 12 Val

Figure 5. K-fold Cross Validation principles for an example with 4 partitions for the target region. A
fold corresponds to a combination of partitions used for the training set, the validation set and the test
set.

To evaluate the model’s performance improvement as it adapts to local conditions, we fine-tuned
(i.e. trained) the baseline model on subsets of the target datasets, containing 0%, 20%, 40%, 60%, 80%,
and 100% of images taken randomly from available flights/missions (Figure 6).

subfolds

H- || PR

variant_20

20 %

ariant_40
40 % e

60 % ‘W . * variant_60

80 %

variant_80

100 %

variant_100)

- Related to source region

Fine-tuning on target region
- Related to target region

Figure 6. Fine-tuning process for a given fold.

Consequently, for a target dataset with n partitions, we obtained (nfz) X2X6 =nXx(n-—
1) X 6 subfolds. The optimal number of partitions for a particular target dataset was the number that
led to equal dugong annotations between partitions. For the short-distance transfer (within New
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Caledonia), the optimal number of partitions was 4 so we had 72 folds (meaning that we trained,
validated and tested 72 models). For the long-distance transfer, the optimal number of partitions was
5 so we had 120 folds (meaning that we trained, validated and tested 120 models).

The detection models were trained on the training datasets and their hyperparameters, that
control the training process, were simultaneously tuned on the validation dataset. The tuning of
hyperparameters, including data augmentation, batch size, and initial learning rate was guided by prior
empirical work on dugong detection in New Caledonia (Mannocci et al., in prep) (Appendix 3). The
input image size of YOLO, i.e. the resolution to which input images are resized during training, was set
to 1280 x 1280 pixels. This value represented a compromise between computational time and
detection accuracy, as dugongs appeared as relatively small objects in image. Non-Max Suppression
(MNS) was set at 0.5, meaning that predicted bounding boxes overlapping over 50 % were considered
the same, and only the one with the highest confidence score was retained, ensuring that the most
likely detection was kept for each annotated object. Training was performed for a maximum of 400
epochs, where one epoch corresponds to a complete pass through the training dataset. We applied an
early stopping criterion with a patience of 100 epochs, meaning training would stop if the validation
performance failed to improve for 100 consecutive epochs. The final learning rate, i.e. the factor by
which the initial learning rate is multiplied at the end of training, was set at 0.01 and 0.001 respectively
for training models in New Caledonia and West Papua. This empirically chosen setting allowed the
model sufficient time to converge while avoiding unnecessary overfitting. Model optimization was
guided by three YOLO loss functions: the box loss, the class loss, and the Distributed Focal (DF) loss.
The box loss evaluated how closely the predicted bounding boxes matched annotated objects. The class
loss quantified the model’s ability to correctly classify objects within those boxes. The DF loss, a refined
version of the box loss, emphasized difficult-to-learn bounding box edges, improving precision by
assigning greater weight to hard examples.

Baseline models

Baseline models were first trained for each transfer scenario (long-distance and short-distance).
For a given scenario, the entire corresponding source dataset was used for training. Each model was
simultaneously validated against a non-overlapping partition of the target dataset (Figure 7). For the
short-distance transfer, 4 baseline models were trained on Poé and validated against the 4 distinct
target partitions in the wider west coast of New Caledonia. For the long-distance transfer, 5 baseline
models were trained in New Caledonia and validated against the 5 distinct target partitions in West
Papua.
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Figure 7. Training and validation of the baseline models. In this example, the target dataset is divided
in 4 partitions, leading to 4 baseline models.

Fine-tuned models

Each baseline model was then fine-tuned on the target dataset, i.e. each model was trained
and validated according to its subfold (Figure 6). The first 10 layers of the models, corresponding to the
backbone of YOLO were frozen. Model inference was then done on all subfolds of the test set, resulting
in 72 inferences for the short-distance transfer and 120 inferences for the long-distance transfer. The
Intersection Over Union (loU) (Figure 8) threshold was set to 0.5. The confidence threshold, i.e. the
model's probability that a detected object actually belongs to a given class (e.g., here a dugong) was
set to 0.1. We chose lenient thresholds for both the loU and the confidence score to minimize false
negatives, given the rarity of dugongs and the importance of retaining even uncertain detections for
expert post-validation. So, in our study, a dugong was correctly predicted if its loU was = 0.5 and its
confidence score was 2 0.1.
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Figure 8. lllustration of the Intersection over Union (loU) i.e. the ratio of the intersection between
predicted bounding box and the annotated bounding box (green area) to the union of the two bounding
boxes (striped area).

All detection models successfully converged during training. The number of epochs allowed sufficient
time for loss minimization across all three loss functions, and validation metrics remained stable
throughout the training process.

Performance evaluation

Dugongs correctly predicted by our model were True Positives (TP) (Figure 9). Conversely, annotated
dugongs that were not predicted by our model were False Negatives (FN) (Figure 9).

(A) (B)

Figure 9. Example of a True Positive and a True Negative. (A) Example of a True Positive. The green

rectangle represents the bounding box predicted by the model. (B) Example of a False Negative.

To assess the model’s performance, the recall was calculated for each subfold, i.e. model (n= 72 for the
short-distance transfer and n= 120 for the long-distance transfer). The recall measures a model's ability
to detect all relevant objects within a dataset, i.e. the detection rate. It quantifies the proportion of
annotated objects that were correctly predicted by the model (Equation 1).

Equation 1
Recall = i
TP Y FN
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Statistical models

Statistical models were used to assess (1) the recall at the subfold scale and (2) the probability of
correct detection at the individual scale as a function of the environmental contexts characterizing the
training data and the dugongs on inference images.

Modelling of recall

The recall was modeled as a function of the number of training annotations and the number of
training sites in the target region, as well as the frequencies of context variables (Table 1) in each
training set of each subfold. The recall is a continuous variable that ranges between 0 and 1, so it was
modeled using a beta regression with a logit link function. The context variables modalities were
recoded into binary variables (Appendix 4) for the sake of simplification and interpretability, grouping
similar modalities together. The frequency of one modality in the training set of a subfold, whether the
variable is at the individual scale or at the image scale, is calculated for individuals as (Equation 2).

Equation 2
number of individuals with modality

dality = ETI
fmodatity number of individuals

We refer to this model as “Recall model”. At the subfold scale, as the context variables frequencies
account directly for the environmental dependency between train sets and indirectly between test
sets, we did not add random effects for the train set ID and the test set ID.

Recall model:

recall ~ Beta(u. ¢, (1-1).9)

logit(n) = By + poly(nbannotationstrain, nl) + poly(nb_sites_train,n2) + z freqvarj
Jj
M represents the expected mean of the recall. ¢ is a constant precision parameter estimated across all

observations. Bo is the intercept, i.e. it represents the baseline logit-odds of recall when no fine-
tuning was done. The polynomials degrees of the number of annotations and the number of sites are
respectively n1 and n2 € {0, 1 or 2}.

Modeling of probability of detection

The probability of a correct dugong detection was modeled as a function of the context variables at
the individual scale (Table 1) characterizing the dugong on which the inference was done, as well as the
numbers of annotations and sites used for training. The response variable, ‘detection’, is binary, taking
the value of 1 if an annotated dugong is detected, 0 if not. Thus, a logistic regression with a binomial
family and a logit link was used. Interactions between context variables were added to account for
potential combined effects.

The train set ID was added as a random effect in the model to account for the environmental
dependency of the images used in the training. Here the dependency between the train set and the
test set is no longer relevant, as they are at different scales in this model; the train information is still
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at the subfold scale and the test variables are at the individual scale. We refer to this model as
“Probability of detection model”.
Probability of detection model, with k categorical context variables, each taking levels (modalities)
i1,i2,...,ik respectively, modeled the probability of detection pi, iz, ., ikas follows:
Probability of detection model:
detectioniy, iz, .., i ~ Bernoulli(pis, iz, .., i)

logit(pivia,..ik) = Bo + poly(nb_annotations_train, n1) + poly(nb_sites_train,n2) +

K

j il .
Zﬁig.]) + z ,Bi(]_]i]) + (1| train)
j=1

1<l<j<k

In this model, we consider k categorical context variables. Each variable j€{1,...,k} takes a value i

corresponding to one of its levels. The terms ﬁig.j) represent the effects of level ij of the j-th

environmental variable. The interaction terms ﬂi(j]iil) capture the joint effect of the combination of levels

i; and i for the j-th and I-th variables, respectively. (1 | train) represents the random intercept for the
training set.

General modeling procedure

Generalized linear mixed models (GLMMs) were fitted for both recall and probability of detection
models using the package glmmTMB (McGillycuddy et al., 2025) in R. Variable selection followed a
three-step process. First, only context variables with a balanced factorial design were included to
ensure proper representation across all factor levels. Second, the Variance Inflation Factor (VIF) was
computed for each variable to address potential multicollinearity. Variables with VIF values > 5,
indicating strong multicolinearity, were excluded. Third, a stepwise variable selection algorithm was
applied, combining forward and backward procedures based on p-values, only keeping significant
effects (parsimony principle). At each step, variables were added or removed according to their
statistical significance (P-value < 0.05 for main effects, P-value < 0.001 for interaction effects). The best
model was selected as the one minimizing model deviance, ensuring the best possible fit to the data.

Variable importance

We used the increase of deviance due to the removal of each variable from the full model as a
proxy of variable importance, the greater the deviance increase, the more important the variable.
Deviance measures the quality of model fit. It is defined as the difference of log-likelihood of the fitted
full model and a saturated model that perfectly fits the data (Equation 3).

Equation 3
Dmodel_full = —2X (logl'ikmodelfu” — logLikmoge Satumted)

For main effects in models 2 that included with interactions, we measured the increase of deviance
when removing the main effect and any associated interactions.
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For beta regressions, i.e. models 1, the saturated model is not defined. So, the increase of pseudo
deviance (Equation 4) due to the removal of each variable from the full model was used as a proxy of

variable importance.
Equation 4

ADvari = -2 X (lOgLikmodelfuu - logLikmodelwithout_vari)

Marginal effects

Marginal effects of each variable were calculated for an average subfold (models 1 and 2) or an
average individual (probability of detection model), ignoring the random effects if present. The
quantitative variables were fixed at their mean corresponding to 8; X Wable] in the logit scale. For
each categorical variable env;, a weighted average of the levels’ estimated effects was computed. This
approach allowed us to summarize the effect of each categorical variable while accounting for the

prevalence of its levels. The weights corresponded to the empirical frequencies fiﬁ.j) of each level ijin

the dataset. The resulting marginal effect for variable env; was given by the mean of the effects of each
modality i;, weighted by their empirical frequencies (Equation 5).

Equation 5

B = £, x g
i.

J

RESULTS

Dataset overview

A total of 342,875 images was collected, of which 2,724 contained dugongs, corresponding to 7,109
dugong bounding boxes. The data repartition is given in Table 2.

Table 2. Data repartition between New Caledonia and West Papua.

New Caledonia West Papua
Total number of images 340,300 2,575
Nb. of images with dugongs 716 2,008
Nb. of dugong bounding boxes | 3,546 3,563

In New Caledonia, 62% of the images were collected over the Poé area, and 38% over the wider west

area, representing respectively 2,183 and 1,363 dugong bounding boxes.
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Comparisons of transfers
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Transfer
Figure 10. Proportion of observed dugong group compositions in short-distance and long-distance

transfers. Levels are described in Table 1.

In the short-distance transfer within New Caledonia, group compositions were similar between
source (Poé area) and target (Wider west area) regions (Figure 10). In both regions, over 70 % of
dugongs were part of a school (n > 4 individuals), with schools reaching up to 40 dugongs on some
images. In contrast, group composition markedly differed between source (New Caledonia) and target
(West Papua) regions in the long-distance transfer (Figure 10). Indeed, over 75 % of dugongs in New
Caledonia were part of a school whereas most dugongs observed in West Papua occurred as 2 to 3
individuals. Over half of dugongs observed in West Papua were part of a mother — calf pair (Figure 10).

The proportion of calves in West Papua was also twice higher than in New Caledonia (0.33 vs
0.16, x-squared = 282.05, P-value < 2.2e-16). Conversely, the proportion of calves was slightly lower in
the Poé area than in the wider west area (0.18 vs 0.13, x-squared = 18.267, P-value = 1.92e-05).
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Figure 11. Frequencies of habitat contexts of individuals in the short-distance and long-distance
transfers. In the images analyzed, habitats were not mutually exclusive, and several types can be
present simultaneously.

In the short-distance transfer, habitat contexts were similar across the source and target
regions, with over 90 % of individuals associated with coral and nearly 70 % of individuals associated
with deep water (Figure 11). These individuals corresponded to the ones found in schools on barrier
reefs (Figure 10). This suggests that the dugongs from both regions occupied comparable habitats.

Conversely, habitat contexts differed widely between the source and target regions in the long-
distance transfer (Figure 11). In both regions, more than 75% of individuals were associated with coral
(Figure 11). However, in West Papua, over one-third of individuals were associated with dense seagrass
while this habitat was absent in New Caledonia (Figure 11). New Caledonia showed strong disparities
in occurrence frequencies: most dugongs were associated with coral and deep-water, while fewer than
15% were associated with sand or sparse seagrass. In contrast, West Papua showed a more balanced
distribution, with the majority of dugongs associated with sand and coral (Figure 11).

Generalization capacity of detection models

In the short-distance transfer, the recall of the baseline model was 0.61 (+ sd 0.14), meaning
that on average a model trained in Poé area was able to detect 61 % of the dugongs in the wider west
area. Fine-tuning the model in the target region allowed us to reach a recall of 0.66 (+ sd 0.11) with
100% of the train set, meaning that the model was able to detect 5 % more dugongs when locally
trained. The mean recalls of the baseline and fine-tuned models with 100 % of the train set did not
differ significantly (Welch modified Two-Sample t-Test, P-value = 0.27).

In the long-distance transfer, the recall of the baseline model was 0.52 (+ sd 0.22), meaning
that on average a model trained in New Caledonia was able to detect 52 % of the dugongs in West
Papua. Fine-tuning the model in the target region allowed us to reach a recall of 0.70 (+ sd 0.22) with
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100% of the train set, meaning that the model was able to detect 18 % more dugongs when locally
trained. The mean recall was significantly higher in the fine-tuned models with 100 % of the train set
(Welch modified Two-Sample t-Test, P-value = 0.011).

Short distance 100 Long distance

trrrriplTLL]

Recall

% of train set

Figure 12. Means (central dot) and standard deviations (error bars) of the recalls for the short-
distance and long-distance transfers for different proportions of images of the train sets. Note that
the train sets have different sizes in each transfer.

The baseline models of the short-distance transfer (0.61) detected on average 9 % more dugongs than
the baseline models of the long-distance transfer (0.52) (Figure 12) However, the two recalls did not
differ significantly (Welch modified Two-Sample t-Test, P-value = 0.16). On the other hand, the fine-
tuned models with 100 % of the train set performed better in the long-distance transfer (0.70),
detecting 4 % more dugongs than the fine-tuned models in the short distance transfer (0.66) (Figure
12). Similarly, the recalls of fine-tuned models did not differ significantly between transfers (Welch
modified Two-Sample t-Test, P-value = 0.53).

Influence of train set environmental contexts

To understand how environmental context influences model training, we first modeled the
recall as a function of environmental context variables in the target region while controlling for the
number of sites and annotations.

The model was fitted on 60 points out of 72, as the fine-tuning environmental context
frequencies of the points referring to the baseline models were coded NA. For the short-distance
transfer, the best model included only the frequency of dugongs with visible sea bottom on the image
(Appendix 6), explaining 18.2 % of the variance. The frequency of dugongs with visible sea bottom on
the image had a significant positive effect on the recall (P-value = 3.2e-4) (Figure 13).
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Figure 13. Results of the recall model for the short-distance transfer. Marginal effect of the frequency
of dugongs in images with the bottom visible. on the recall. (the shaded area corresponds to the 95 %
confidence interval) Because there are only fixed effect in the model, the marginal R? is equal to the
conditional R?, summarized under the Ferrari’s R2.

For the long-distance transfer, the best model included the frequency of dugongs with coral
present on the image and the frequency of dugongs superposed with another, explaining about 25.1%
of the variance (Appendix 7). The frequency of dugongs with coral present on the image had a
significant positive effect (P-value = 8.2e-09) while the frequency of dugongs superposed with another
set had a significant negative effect (P-value = 1.4e-3) on the recall (Figure 14).
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Figure 14. Results of the recall model for the long-distance transfer. (A) Increase of deviance due to
the removal of each variable as a proxy of variable importance. (B) Marginal effect of the frequency of
dugongs with coral present in the image in the training set on the recall. (C) Marginal effect of the
frequency of dugongs superposed on top of another dugong in the training set on the recall. The
shaded area corresponds to the 95 % confidence intervals. Because there are only fixed effects in the
model, the marginal R? is equal to the conditional R%, summarized under the term “Ferrari’s R?”.

Influence of test set environmental context

To understand how environmental context influences inference on the test sets, we then
modeled dugong detection probability as a function of the environmental context of annotated
dugongs in the test sets while accounting for the number of sites and annotations in the target region.

VN (}

For the short-distance transfer, the best model retained “calf”, “group”, “dugong_position”,

” ”n u

“cloud_reflection”, “sea_state”, “sun glitter” and “bottom” as most important variables and had an
explained deviance of 25.5 % (Figure 15). The fixed effects accounted for most of the variance (marginal
R? = conditional R? = 0.44). The model achieved an Area Under the Curve (AUC) of 0.83, indicating a

good ability to discriminate between positive and negative dugong detections.
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Figure 16. Marginal effects of top 8 most important variables of the probability of detection model
in the short-distance transfer (showing an increase of deviance > 500 following their removal).

Calves were poorly detected compared to adults, as on average one out of ten was detected
(Figure 16). Dugongs located in the water column were two times less detected than surfacing dugongs.
Similarly, dugongs were more poorly detected when the sea surface was rippled. Cloud reflection
positively affected dugong detection whereas sun glitter decreased dugong detection. Dugongs were
also better detected when the bottom was visible. Generally, the dugongs belonging to mother — calf
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pairs (particularly calves)) were more poorly detected than those that occurred alone, within sparse
groups or schools. When combining the effects of sea state and group, individuals that occurred alone
(single) in calm waters were poorly detected and individuals from a mother—calf pair were almost not
detected at all. In contrast, single individuals associated with a rippled sea state were better detected
and individuals from of a mother—calf pair or a school were better detected when associated with a

glassy sea state, as on average almost half of them were detected.

” «

For the long-distance transfer, the best model retained “calf”, “dugong_position”, “sea_state”,
“group” and “sun_glitter” as most important variables and had an explained deviance of 34.7 % (Figure
17). The fixed effects accounted for most of the variance (marginal R? = conditional R? = 0.68). The
model achieved an Area Under the Curve (AUC) of 0.89.
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Figure 17. Results of the probability of detection model for the long-distance transfer. Increase of
deviance due to the removal of each variable as a proxy of variable importance. All fixed effects retained
were significant (P-value < 0.05). Grey is for random effects, fixed effects are in different shades of blue.
Dark blue is for environmental context variables, blue lagoon and light blue are respectively for the

number of annotations and the number of sites used for fine-tuning.
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Figure 18. Marginal effects of top 8 most important variables of the probability of detection model
in the long-distance transfer. Top 8 effects are selected according to the increase of deviance due to
their removal; they are selected if ADeviance > 1000.

Calves were more poorly detected than adults, with only one in four calves detected on average
(Figure 18). Dugongs in the water column were three times less detected than surfacing ones. Dugongs
were better detected when the sea state was glassy, with nearly 70% of dugongs detected, whereas
only 40% of annotated dugongs were detected in case of rippled sea state. In general, dugongs
belonging to mother—calf pairs were more poorly detected than those that occurred alone or in sparse
groups. Interestingly, dugongs present in images with sun glitter were better detected than those in
images without sun glitter.

When examining the interaction between sea state and group composition, single individuals were
almost always detected in glassy waters, while only one in ten individuals was detected in rippled
conditions. Conversely, mother—calf pairs were better detected under rippled conditions. Sea state had
little influence on the detection of sparse individuals. A similar pattern was found regarding the
interaction between sun glitter and group composition. Single individuals were rarely detected in the
absence of sun glitter but were consistently detected when sun glitter was present. On the other hand,
mother—calf pairs were better detected in the absence of sun glitter. Sun glitter had little impact on the
detection of sparse individuals.

Finally, the interaction between sea state and calf presence revealed a strong effect: calves were
detected over four times more frequently in glassy waters than in rippled waters.
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DISCUSSION

Transferable detection models, i.e. models trained in source regions that are capable of
generalizing to new target regions, are particularly valuable in the context of population monitoring
and conservation. Such models minimize the need for extensive local annotations, making it possible
to monitor understudied populations more efficiently. To our knowledge, our study is the first to assess
the geographic transferability of deep learning models for the detection of marine megafauna,
specifically the vulnerable dugong. To do so, we trained deep learning models to detect dugongs in
New Caledonia and assessed their capacity to detect dugongs in new target regions, in a nearby region
of New Caledonia (short-distance transfer) and in the Indonesian province of West Papua (long-
distance transfer). To adapt the models to local conditions, we relied on fine-tuning—that is providing
the models with a limited number of annotated images from the target regions. We then evaluated the
effect of the environmental contexts on detection performance, both during model fine-tuning and
inference. In this study, we hypothesized that 1 — Dugong detection rates would be higher for the short-
distance transfer than for the long-distance transfer; 2 — Increasing the amount of local annotations via
fine-tuning improved dugong detection rates and 3 — Environmental and habitat contexts, both during
model fine-tuning and inference, influenced significantly dugong detection.

Generalization capacity of baseline models

Baseline models trained in New Caledonia were able to detect 52% of the dugongs in the
distant environments of West Papua. When transferred to a nearby region of New Caledonia, baseline
models detected 62 % of the dugongs. These modest recall values reflect partial detection capacity in
both transfer scenarios. Although the difference was not statistically significant (P-value = 0.16), the
baseline models tended to better detect dugongs in nearby region. This finding aligns with hypothesis
1 and may be attributable to the greater similarity in environmental contexts between the source and
target regions in the short-distance transfer. In particular, both regions within New Caledonia exhibited
comparable dugongs group structures and habitat types, with high densities of dugongs, often
occurring in schools, associated with coral and deep-water habitats. Such ecological consistency likely
facilitated model transfers, as deep learning models generally achieve higher detection accuracy when
applied to individuals of similar body size, exhibiting consistent behaviors, and occupying uniform
habitats (Dujon et al., 2021). In contrast, the long-distance transfer involved regions with markedly
different group structures and habitat types, which may have reduced the models’ ability to generalize.

Influence of fine-tuning

Fine-tuning was crucial to improve dugong detection in new target regions. Increasing the
amount of local annotations through fine-tuning led to a slight improvement in recall for the short-
distance transfer (from 0.62 to 0.66) and a significant improvement for the long-distance transfer (from
0.52 to 0.70). This result is consistent with hypothesis 2, reflecting the model’s adaptation to local
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conditions in the target region (Weinstein et al., 2022). The larger improvement in the long-distance
transfer may be due to greater environmental differences between source and target regions, providing
more scope for the model to benefit from local adaptation. However, the larger performance of the
long-distance transfer may also be explained by the slightly higher number of annotations in West
Papua. Considering equal numbers of annotations led to similar performances in both transfers (recall
= 0.66 for both; P-value = 0.92).

Influence of environmental contexts

Environmental contexts influenced dugong detection during both fine-tuning and inference,
which is consistent with hypothesis 3.

Variability of environments during fine-tuning

During fine-tuning, the environmental contexts that positively influenced recall differed
between the two transfer scenarios but led to comparable outcomes. In the short-distance transfer,
the recall improved with a higher frequency of dugongs observed in images with visible sea bottom.
In contrast, in the long-distance transfer, the recall only increased with the frequency of dugongs
occurring in coral environments. In West Papua, coral habitats were highly heterogeneous, ranging
from small, scattered coral patches to large, dense coral aggregations (Figure 19), providing a wide
diversity of backgrounds. Conversely, in New Caledonia, coral habitats were predominantly barrier reef
structures (Figure 19), offering lower diversity in bottom types. In New Caledonia, background diversity
was captured by the “bottom visible” variable, encompassing coral reefs, sandy substrates, and sparse
seagrass meadows. These results suggest that greater background diversity in the training data
positively influenced recall during fine-tuning. These findings align with previous studies showing that
training set diversity generally enhances detection performance and improves model generalization
(Norman et al., 2022; Bravo-Diaz et al., 2024).
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Figure 19. Examples of coral structures. (A) Dense coral colony in West Papua. (B) Patches of coral in
West Papua. (C) and (D) Examples of barrier reef in New Caledonia

Occlusion effects

During both fine-tuning and inference, occlusion, i.e. superposed individuals, negatively
influenced dugong detection. During fine-tuning in the long-distance transfer, the frequency of
superposed dugongs in the training set negatively affected the recall. The presence of superposed
individuals in the training set seems to cause the model to gradually “unlearn” the features of a dugong
(Figure 14), particularly when the shape of the top individual becomes unclear (see Figure 20).

Figure 20. Example of a calf superposed to its mother in West Papua.

During inference, the occlusion effect was particularly visible for calves. In the long-distance
transfer, mother-calf pairs were particularly impacted, with calves usually superposed to their mother,
causing their probability of detection to drop significantly. In the short-distance transfer, occlusion
occurred mainly in groups, with calves occurring close to their mothers exhibiting a lower detection
probability. Such occlusion effects negatively impacting detection were previously described in other
taxa. Delplanque et al. (2023), found a decrease in detection rates in dense elephant herds, leading to
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mutual occlusions and close-by bodies. Dujon et al. (2021) noted missed detections were mostly
represented by juveniles partially hidden (overlapping) by their parents in gannet colonies and by
aggregated pups in seal colonies. These findings suggest that individuals occurring in close proximity,
whether overlapping or aggregated, are more difficult to detect due to poor visibility of their body
outlines.

Distortion and fading colors effects

Detection probability during inference was also negatively affected by sea state and dugong
position in the water column for both transfers. Dugongs were more likely to be detected at the surface
than underwater The detection of underwater dugongs was impaired by distortion effects and fading
colors (Figure 21). Detection was also poorer in rippled than in glassy sea states, causing distortion
effects (Figure 21).

Figure 21. Example of dugongs underwater with rippled sea state conditions.

Similarly, in aerial surveys with human observers, detection probability is known to decrease with
animal depth (Fuentes et al., 2015) and poorer sea states (Aniceto et al., 2018; Hodgson et al., 2023).
Similar effects were also reported in CNN-based detection models. For example Dujon et al. (2021)
demonstrated that, for sea turtles, detection probability decreased with depth, particularly in turbid
waters. These findings suggest that CNN-based detection models are subject to the same detectability
constraints as human observers.

Surface glare effects

Surface glare, including sun glitter and cloud reflection, influenced the probability of dugong
detection. In the short-distance transfer, sun glitter decreased detection probability, consistent with
the findings of Dujon et al. (2021), who also reported poorer detection of sea turtles with sun glitter.
This effect can be explained by the reflection of sunrays masking the body outline of dugongs and
reducing their underwater visibility. However, in the long-distance transfer, sun glitter appeared to
positively affect detection probability; and in the short-distance transfer, cloud reflection also positively
affected detection. A potential explanation is that sun glitter is often associated with higher
luminescence, which has been shown to improve detection rates for human observers on drone images
(Aniceto et al., 2018). In West Papua, sun glitter frequently co-occurred with the absence of dense
seagrass and glassy sea states, so unbalanced sampling may also be responsible for this apparent
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positive effect. Dense seagrass, a type of seagrass only occurring at the Um Island site in West Papua
was noted to reduce dugong detection during manual footage review, supporting the hypothesis that
the interaction between dense seagrass, glare, and sea state underlies the positive impact of sun glitter
on detection. Similarly, in the short-distance transfer, cloud reflection positively affected detection.
High cloud reflection (>25 %) was often associated with glassy sea states and the absence of calves,
potentially contributing to the apparent positive effect.

Study limits

Although our study is the first to assess the transferability of deep learning models for dugong
detection, it suffers from several limitations. First, our study is constrained by the achieved sampling in
each region, meaning that not all environmental conditions are equally represented in the datasets.
Certain factors tend to co-occur (e.g., sea state with seagrass cover or glare), preventing the balanced
sampling of environmental conditions. In addition, aerial surveys were conducted over only a few days,
limiting the range of conditions that could be observed. As a result, our models may not fully capture
detection conditions that would occur across broader spatial and temporal scales. Differing aerial
survey protocols (pre-defined transects versus ‘manual’ flights) and sensors (ultralight airplane versus
drones) between New Caledonia and West Papua may also have affected detection results, especially
in the long-distance transfer. Nevertheless, the fact that the New Caledonia-trained model detected
over half of the dugongs observed in West Papua stressed partial generalization capacities to new
protocols and sensors types.

Another more technical limit relates to the parameterization of Non-Maximum Suppression (NMS)
during model validation. With the loU (Intersection over Union) threshold set at 0.5, bounding boxes
overlapping by more than 50% were discarded during validation. Such parametrization is problematic
in cases of occlusion, particularly for calves that often occur very close to or directly above their
mothers. In such cases, valid detections may be removed during validation, leading to an
underestimation of the recall for calves and potentially preventing the selection of the weights
maximizing the mAP50, i.e. the average detection accuracy with an loU of 0.5, during
training/validation. A different choice of NMS threshold or specific parameterization for mother—calf
pairs would improve the model’s ability to retain calf detections.

Implications for population monitoring

In regions with limited imagery and small, understudied populations, training a detection
model from scratch is often impractical. A more efficient strategy is to develop a baseline model using
data from a well-monitored, data-rich region and then fine-tune it with imagery from the target region.
Such transfer learning approaches enhance generalizability and can be particularly valuable in places
where dugongs are rare, such as Southeast Asia (Panyawai et al., 2022), or in areas like Mayotte and
Mozambique. Once a fine-tuned model provides reliable detections, it can be used to estimate
abundance and body size distributions, which are essential for understanding population trends
(Trotzuk et al., 2021). To ensure accuracy, duplicate detections must be removed either through post-
processing (human-in-the-loop correction or algorithms based on movement speed and spatial
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overlap) or automated tracking (Lalgudi et al., 2025). Finally, abundance estimates should be corrected
for availability bias, for example by incorporating depth-dependent detection probabilities (Hagihara
et al., 2018). Together, these steps will enable reliable large-scale monitoring tools to support the
conservation of threatened marine megafauna.

Perspectives

Two complementary approaches appear promising to address insufficient detection rates.
Firstly, human in the loop frameworks could be implemented, whereby experts selectively review
images with higher detection uncertainty such as those containing groups or mother — calf pairs.
Studies have shown that such hybrid frameworks significantly decrease working time (Thums et al.,
2018). Secondly, adaptive confidence thresholds could be applied depending on the environmental
context, particularly by lowering thresholds in regions and conditions where dugongs are likely to occur
to maximize recall. This method has been documented by Qi et al. (2018) for vehicle detection and
showed an improvement in detection.

CONCLUSION AND PERSPECTIVES

In conclusion, this study demonstrated both the potential and the limitations of the geographic
transfer of deep learning models applied to marine megafauna detection. Using the dugong as a case
study, we found modest detection performances of model transfers both within New Caledonia and to
West Papua. The slightly higher detection performance in the short-distance transfer was likely due to
similar environmental contexts between source and target regions in New Caledonia. Fine-tuning with
small amounts of local annotations was key to improve dugong detection, particularly in the long-
distance transfer.

Our findings also highlighted the strong influence of environmental contexts, both during fine-
tuning and inference, on detection performance. Occlusion effects consistently reduced detection
rates, especially for calves, while individuals observed under favorable conditions, with clear outlines
or visible sea bottom, were better detected. Models trained on more diverse datasets tended to
generalize better, confirming the value of environmental variability within the training data.

Beyond the case of dugongs, this study emphasizes the importance of combining local
annotations and diversified training datasets to build more robust and transferable detection models.
Future work should integrate detection with removal of individual duplicates and correction for
detection availability to obtain accurate population counts. Such approaches will pave the way for
reliable large-scale monitoring tools to support the conservation of threatened marine megafauna.
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Appendix 1. Geomorphological context of New Caledonia.

Geomorphic type

Back Reef Slope
I Sheltered Reef Slope
I Reef Slope

Shallow Lagoon
I Deep Lagoon

Inner Reef Flat
W Outer Reef Flat
I Terrestrial Reef Flat
Il Plateau 01 2km 0 10 20 km
I Reef Crest - ( )

Poé lagoon

Geomorphological data was downloaded from the ALLEN Coral Atlas 2025.
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cal context the West Papua sites.
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Appendix 2. Geomorphologi

i

Geomorphology

Back Reef Slope
I Sheltered Reef Slope
I Reef Slope

Shallow Lagoon
B Deep Lagoon

Inner Reef Flat
[ Outer Reef Flat
B Terrestrial Reef Flat
Il Plateau
[ Reef Crest

Geomorphological data was downloaded from the ALLEN Coral Atlas 2025.
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Appendix 3. Hyperparameters used for fine-tuning.

Hyperparameter Fine-tuning on short-distance Fine-tuning on long-distance
transfer’s target region transfer’s target region
Lr0 0.0001 0.001429
Lrf 0.001 0.01
Freeze 10
Number of epochs 400
Batch size 16
Image resizing 1280
Scale 0.1
Translate 0.1
loU 0.5

All other hyperparameters are default hyperparameters from YOLOv8m Ultralytics.
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Appendix 4. Table of context variables recoded into binary variables as part of recall models.

Variables Initial levels Binary levels for short distance transfer Binary levels for long distance transfer | Scale
low . low
background_complexity medium e sk
- . complex
high high
glassy glassy glassy
i rippled rippled rippled
0 absence absence
sun_glitter e
= 25-50 presence presence
>50
0 absence absence
0-25
EREe et 25-50 presence presence
>50
calf_presence yes yes yes
no no no
alone alone alone
group sparse
school group group image
mother_calf
1
- 2
turbidity_global 3 / /
4
bottom_visible yes yes /
no no
shallow shallow
s deep i deep
o Presence presence presence
Absence absence absence
—— Presence presence presence
Absence absence absence
dense._seagrass Presence presence presence
- Absence absence absence
siaese. seaass Presence presence presence
B Absence absence absence
R p— Presence presence presence
= Absence absence absence
- yes yes
dugong_superposition e / =
coral
sand
background_dugong Hemse seafyass / / L g
sparse_seagrass individual
deep_water
dugong
surface surface surface
dugong_position water_col it gl — |
bottom
calf yes yes yes
no no no

/" means that the variable couldn’t be recoded with binary levels as the levels differ too greatly to be

grouped together (e.g. background_dugong) or the factorial design of the initial variable was not

balanced enough (e.g. dugong_superposition).
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Appendix 5. Structure of YOLO detection model.

Convolutional layers

Inputimage Backbone Bottleneck Head
feature extraction fusion prediction
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Final output

[x, y, width, height, confidence, class]
[x, y, width, height, confidence, class]
[x, y. width, height, confidence, class]




Appendix 6. Simplified model selection for the recall model in the short-distance transfer.

Model name Model formula Pseudo-deviance |AIC
Initial model nb_annotations_train + bottom_visible_train + cloud_reflection_train + dugong_position_water_col_train +calf_train + group_train|-103,8 -87,8
Final model bottom_visible_train -100,1 -94,1

The number of sites was rank deficient; therefore, it couldn’t be added to the model.
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Appendix 7. Simplified model selection for the recall model in the long-distance transfer.

Model name |Model formula Pseudo-deviance |Al

C

Initial model [poly(nb_annotations_train, 2) + poly(nb_sites_train, 2) + sea_rippled_train + dugong_superposition_train + group_train + coral_P_train (-89.0 -69.0

Final model dugong_superposition_train +coral_P_train -84.9 -76.9

The recall model was fitted on 100 points out of 120, as the fine-tuning environmental context
frequencies of the points referring to the baseline models were coded NA.
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Appendix 8. Simplified model selection for the probability of detection model in the short-distance

transfer.

Model name Model formula Deviance AIC
nb_annotations_train + poly(nb_sites_train, 2) + sea_state + bottom + sun_glitter + cloud_reflection + dugong_position +
calf + group + coral + sparse_seagrass + deep_water +

e — sea_state:bottom + sea_state:sun_glitter + sea_state:dugong_position + sea_state:group + sea_state:deep_water +
bottom:cloud_reflection + bottom:calf + bottom:group + bottom:deep_water + sun_glitter:cloud_reflection +
sun_glitter:dugong_position + sun_glitter:calf + sun_glitter:group + sun_glitter:deep_water +
sun_glitter:sparse_seagrass + cloud_reflection:deep_water + dugong_position:calf + dugong_position:deep_water + (1 | train)|21, 178 21,286
nb_annotations_train + sea_state + bottom + sun_glitter + cloud_reflection + dugong_position +
calf + group + coral + sparse_seagrass + deep_water +

" sea_state:bottom + sea_state:sun_glitter + sea_state:dugong_position + sea_state:group + sea_state:deep_water +

Final model bottom:cloud_reflection + bottom:calf + bottom:group + bottom:deep_water +sun_glitter:cloud_reflection +
sun_glitter:dugong_position + sun_glitter:calf + sun_glitter:group + sun_glitter:deep_water +
cloud_reflection:deep_water + dugong_position:calf + dugong_position:deep_water + (1 | train) 21,182 21,288

The sample size was 21,636. All fixed effects retained in the final model were significant (P-value <
0.05), except bottom (P-value = 0.13) that was retained as it was involved in 5 significant interactions
(bottom:cloud_reflection P-value < 2.2e-16; bottom:calf P-value < 2.2e-16; bottom:group P-value <
2.2e-16; bottom:deep_water P-value =2.453e-11; and sea_state:bottom P-value < 2.2e-16).
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Appendix 9. Simplified model selection for the probability of detection model in the long-distance

transfer.

Model name |Model formula Deviance AIC
poly(nb_sites_train, 2) + poly(nb_annotations_train_s, 2) + sea_state + depth + dugong_position + calf +
group + coral + sand + sun_glitter + deep_water +

Initial model sea_state:dugong_position + sea_state:calf + sea_state:group + sea_state:deep_water + depth:sand +
sun_glitter:dugong_position + sun_glitter:group + dugong_position:calf + dugong_position:deep_water +
dugong_position:group + coral:deep_water + (1 | train) 66, 194 66,278
poly(nb_sites_train, 2) + poly(nb_annotations_train_s, 2) + sea_state + depth + dugong_position + calf +
group + coral + sand + sun_glitter + deep_water +

Finalmodel sea_state:dugong_position + sea_state:calf + sea_state:group + sea_state:deep_water +
sun_glitter:group + dugong_position:calf +

dugong_position:group + coral:deep_water + (1 | train) 66,172 66, 294

Because the initial outlier test from the DHARMa package on residuals was significant (P-value = 1.4e-
4), we removed outliers, i.e. the observations outside the 2.5th and 97.5th percentile range, from the
original dataset. After refitting the model, the outlier test was no longer significant (P-value = 1), and
the sample size was 86,616. All fixed effects retained in the final model were significant (P-value <
0.05).
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Abstract (1600 caractéres maximum) :

This study explored how deep learning models trained to detect marine megafauna in aerial images can
be transferred from a source region to a target region, using the dugong as a case study. We compared
the success of dugong detection in aerial images in a short-distance transfer within New Caledonia and
a long-distance transfer from New Caledonia to West Papua (Indonesia). We investigated the impact of
environmental conditions and the addition of a small number of local annotations from the target region
on detection. Models trained solely on the source region performed slightly better in short-distance
transfers due to higher environmental similarity between the source and target regions. Training the
model with local annotations from the target region improved dugong detection, particularly in the long-
distance transfer. The success of dugong detection was strongly influenced by environmental and
ecological factors such as occlusion between individuals, sea state, position in the water column, and
surface glare as well as diversity of backgrounds in the training. We recommend a hybrid approach to
dugong detection, combining deep learning, manual human review, and adjustments tailored to
environmental and ecological contexts. Beyond dugongs, this study provides valuable insights for
developing transferable monitoring tools to support the conservation of threatened marine megafauna.
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contexte environnemental
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