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Abstract

Sea turtle nesting represents one of the most vulnerable stages in their life cycle; therefore,
protecting nesting sites is essential for the long-term survival of their populations. Traditional nest
detection methods are often invasive and may disturb nesting females. This study introduces a non-
invasive approach for detecting and monitoring sea turtle nests through the combined use of
advanced technologies. Specifically, Ground Penetrating Radar (GPR) and Artificial Intelligence
(AI) are employed to automatically identify turtle tracks and assist in locating potential nesting

sites.

As part of this study, fieldwork was conducted at Golden Bay, Malta, where a simulated nest of
loggerhead turtle (Caretta caretta) was put together to evaluate how effectively and accurately
GPR can find an underground chamber containing eggs. To confirm the radar data, a 3D LiDAR
model was made of the internal structure of the simulated nest, thus providing a reference dataset
for the interpretation of radargrams. Meanwhile, an Al algorithm was instructed to automatically
recognize turtle tracks from beach photos, thus facilitating the identification of potential nesting

arcas.

The integrative approach of these techniques demonstrates the potential of non-invasive
technologies to enhance the efficiency of sea turtle nest detection and conservation. The findings
contribute to the development of modern conservation strategies, particularly within small

Mediterranean rookeries such as Malta, where nesting events are rare and spatially constrained.
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Aim and Objectives

The primary aim of this study is to develop and test a combination of non-invasive techniques for
detecting sea turtle nests, ensuring accurate and efficient conservation efforts while minimizing

disturbance to their natural environment.

To achieve this, the research focuses on several key objectives. Ground Penetrating Radar (GPR)
is assessed for its efficiency in detecting buried sea turtle nests, with initial validation conducted

using chicken eggs in a controlled experiment.

Additionally, Al-based track recognition is developed by training a machine learning model to

identify sea turtle track patterns from aerial images.

To enhance data visualization and spatial interpretation, a mobile-based photogrammetric
approach enhanced by LiDAR depth sensing was employed to create a 3D model of a simulated
sea turtle nest. This method enabled precise visualization of the nest’s internal structure and

supported accurate spatial analysis.

The study further integrates these techniques to evaluate their combined effectiveness and

feasibility for large-scale, non-invasive monitoring of sea turtle nesting areas.



1. Introduction

Sea turtles represent one of the oldest groups of marine vertebrates, with evolutionary lineages that
can be traced back more than 100 million years (Bowen & Karl, 2007). Although they have
survived dramatic climatic and geological changes, their populations have experienced a sharp
decline in recent centuries due to human activities (Spotila, 2004). The most vulnerable stage of
their life cycle is the nesting period, during which the females come ashore from the sea and thus
become exposed to a number of terrestrial risks - ranging from being preyed upon to suffering
from light pollution. Consequently, the reproductive success of sea turtles is highly dependent on

the condition of the coastal ecosystems (Eckert, 1999).

Out of the seven species of sea turtles that have survived, only the loggerhead turtle (Caretta

caretta) and the green turtle (Chelonia mydas) are nesting in the Mediterranean Sea.

The nesting areas of C. mydas are mostly limited to the eastern Mediterranean whereas C. caretta
in the last years has relocated its nesting grounds to the central part of the Mediterranean including

Malta, where it is the only species that nests regularly within the archipelago (Vella & Vella, 2023).

The Mediterranean Sea serves as an important regional reproductive and migratory area for the
loggerhead turtle. Most nesting sites can be found mainly in Greece, Turkey, Libya, and Cyprus,
while Malta is situated at the central part of the migratory corridor (Casale & Margaritoulis, 2010).
The establishment of nests in Malta is thus indicative of a local population expansion or recovery

of the regional population (Casale & Margaritoulis, 2010).

Sea turtles are essential in keeping marine ecosystems healthy. One example is Green turtles
(Chelonia mydas), which influence the dynamics of seagrass meadows by feeding, thus the
regeneration and the growth of new shoots are promoted, and over time the productivity and
biodiversity of these habitats are enhanced (Bouchard & Bjorndal, 2000). On the other hand, the
population of Hawksbill turtles (Eretmochelys imbricata) on coral reefs is involved in the
regulation of sponge species, thus they contribute to the maintenance of the ecological balance of

coral reefs (Spotila, 2004). Through these ecological interactions, sea turtles contribute to the



stability and functionality of marine habitats, and their decline can lead to significant disruption of

ecosystem balance.

Another important ecological function of sea turtles is the transfer of nutrients between the marine
and terrestrial environments. Eggshells, unhatched eggs, and dead hatchlings enrich sandy dunes
with organic material, thereby enhancing organic matter and supporting the growth of vegetation
that helps stabilize the coastline (Bouchard & Bjorndal, 2000). Sea turtles are therefore considered
keystone species, whose decline can trigger cascading changes throughout the ecosystem (Spotila,

2004).

Historically, sea turtles have been part of human culture and economy for millennia. However,
main hunting of the animals for meat, oil, and turtle shell during the 19th and 20th centuries was
the reason why the population of sea turtles dropped dramatically (Hays, 2005; Spotila, 2004).
Presently, to mention a few, trade in turtle products is prohibited under CITES and the Bern
Convention. Despite these restrictions, the harvesting of nests for the purpose of trade and the
killing of female adults for meat is still happening in several parts of the world (Troéng et

al., 2007).

According to the International Union for Conservation of Nature (IUCN), most sea turtle species
are either endangered or critically endangered. The main causes of their population decline include
the loss of nesting habitats due to coastal development, direct hunting, bycatch in fisheries, marine
pollution, and climate change (Lewison et al., 2004; Hawkes et al., 2007). Rising sand
temperatures during incubation lead to a higher proportion of females, which may, in the long term,
destabilize population balance (Hawkes et al., 2007). Traditional nesting monitoring methods
mostly require digging the sand which can lead to eggs being harmed or changing their
microclimatic conditions (Eckert, 1999). These risks highlight the urgent need for modern, non-
invasive nest monitoring solutions that cause no harm to the natural surroundings while fulfilling

monitoring requirements.

Despite these threats, there are examples of successful conservation. Long-term monitoring
program in Tortuguero, Costa Rica, has been able to prove that continuous nest safeguarding and
control of human intervention on natural habitats can bring the return of population - the number

of green turtle (Chelonia mydas) nesting females has elevated by over 400% since the 1970s



(Troéng et al., 2007; Dutton et al., 2005). These findings underline the significance of long-term

research and evidence-based conservation management.

Conservation of sea turtles is thus interlinked with the health of not only these individuals but the
whole coastal and marine ecosystems. The development of non-invasive technologies that enable
the monitoring and protection of turtle nests without disturbing their natural conditions represents
a crucial step towards the sustainable conservation of these key marine organisms (Vella & Vella,
2023). This thesis therefore focuses on the combination of non-invasive techniques that provide

more accurate and less invasive detection of sea turtle nests.



2. Literature Review

2.1 Biology and Life Cycle of Sea Turtles

Sea turtles represent one of the most ancient lineages of marine vertebrates, with fossil evidence
indicating their evolutionary origins extend back over 100 million years (Bowen & Karl, 2007).
Though they have changed to diverse oceanic ecosystems over time, they all have several
morphological and behavioral traits common to them. A characteristic example is certainly their
hard or leather-like carapace which provides protection against predators while simultaneously

reducing drag during swimming (Spotila, 2004).

Adult sea turtles are predominantly herbivorous, particularly species such as the green turtle
(Chelonia mydas) which can be seen on Figure 1. However, the juveniles of most species exhibit
carnivorous feeding behavior, gradually shifting to a plant-based diet as they mature. Their life
cycle is highly adapted to marine conditions, yet reproduction takes place on land, where females
come ashore to lay their eggs on sandy beaches. This return to their birthplace, known as

philopatry, is one of the most remarkable phenomena in the animal kingdom (Lee et al., 2007).

Females typically lay between 80-120 eggs in a chamber dug in the sand with their hind flippers,
where the eggs are covered and left to incubate for approximately 50-70 days (Ackerman, 1997).
Both the length of the incubation period and the sex ratio of hatchlings depend on the temperature
of the sand: the warmer the sand is, the more females hatch, while lower temperatures result in a

higher number of males (Mrosovsky et al., 1984; Hawkes et al., 2007).

After hatching, the hatchlings instinctively orient themselves towards the sea, guided by light and
temperature gradients (Lohmann et al., 1990). This phase, known as the swim frenzy, represents a
period of intense activity during which hatchlings attempt to reach the open ocean and escape
predators (Hays, 2005). The probability of survival at this stage is extremely low — it is estimated
that only one out of a thousand hatchlings will eventually reach sexual maturity (Robinson &
Paladino, 2013). The following oceanic stage is spent in the pelagic environment, where juveniles

remain for several years, often seeking refuge among floating Sargassum algae. Upon reaching a



certain size, they enter the neritic stage, becoming more benthic and inhabiting coastal areas rich

in food resources (B., 2002).

Sea turtles mature sexually very late, usually between 20 and 40 years of age (Spotila, 2004). Such
a slow life cycle together with high juvenile mortality rates makes sea turtles highly vulnerable to

environmental changes and anthropogenic pressures. Females return to nest roughly every 2-4

years, and during a single nesting season, they can have multiple clutches (Hirth, 1971).

Although all seven species of sea turtles share similar reproductive cycles and ecological
requirements, they differ in size, dietary specialization, and geographic distribution (Spotila,
2004). These variations reflect their adaptations to various marine environments ranging from
tropical coral reefs to colder oceanic areas. Table 1 summarizes the fundamental ecological

characteristics of each species.



Table 1. Overview of the seven species of sea turtles and their main characteristics (Spotila, 2004, Hirth, 1971,
IUCN Red List, 2024).

Species Scientific Family Type of Main Diet Distribution IUCN
Name Carapace Status
Green turtle Chelonia Cheloniidae hard seagrasses, tropical and Endangered
mydas algae subtropical (EN)
regions
Hawksbill Eretmochelys  Cheloniidae hard marine tropical coral Critically
turtle imbricata sponges reef regions Endangered
(CR)
Loggerhead Caretta Cheloniidae hard crustaceans, Atlantic, Vulnerable
turtle caretta molluscs Indian, and (VU)
Mediterranean
oceans
Kemp’sridley Lepidochelys  Cheloniidae hard crustaceans  western Critically
turtle kempii Atlantic, Gulf Endangered
of Mexico (CR)
Olive ridley Lepidochelys  Cheloniidae tvrdy molluscs, tropical oceans Endangered
turtle olivacea fish (EN)
Leatherback ~ Dermochelys ~ Dermochelyidae leathery jellyfish tropical and Vulnerable
turtle coriacea temperate (VU)
oceans
Flatback Natator Cheloniidae hard benthic northern Endangered
turtle depressus fauna Australia (EN)




2.2 Nesting Behavior and Reproduction

Nesting represents the most vulnerable stage in the life cycle of sea turtles, when females leave
the safety of the marine environment and expose themselves to terrestrial risks (Spotila, 2004).
This process is only possible on beaches covered with sand, whose physical features such as grain
size, temperature, moisture, and slope highly determine the success of nests (Ackerman, 1997;
Hirth, 1997). The female tortoises look for safe, silent, and dark places on the shore that have not
been visited or disturbed by anyone to lay their eggs there (Spotila, 2004).

After emerging from the sea, the female begins by excavating a shallow body pit with her front
flippers. Once this is nearly complete, she uses her hind flippers to deepen and widen the hole,
forming the chamber of the nest. At a certain depth which is usually around 30-60 cm and also
varies according to the species and the sand characteristics egg laying begins (Ackerman, 1997).
Oviposition occurs in short intervals, with eggs deposited in several small batches until the

chamber is filled.

The eggs of sea turtles are enclosed in a soft, leathery shell, which is very permeable, thus it allows
the gases to pass through the shell and hence the embryo can develop even if there is only a limited
supply of oxygen in the surrounding environment. The embryo’s development is sustained by a
system of extraembryonic membranes that collectively provide protection, nourishment, and gas
exchange. The amnion is a membrane that contains fluid which serves as a cushion for the embryo
and also the fluid helps in keeping stability, on the other hand, the yolk sac is the main source of
nutrients. The allantois is responsible for the gas exchange and also it removes the metabolic waste,
whereas the chorion binds the whole system to the outside through the pores in the eggshell

(Spotila, 2004). The structure of the egg is shown in Figure 2.



Yolk Sac

Embryo

Allantois Chorion

Amniotic sac

Figure 2. Structure of a sea turtle egg showing the embryo and its associated extraembryonic membranes, the
amnion, yolk sac, chorion, and allantois, which together ensure protection, nutrition, and gas exchange during
embryonic development (adapted from Spotila, 2004).

After laying her eggs, the female covers the chamber with moist sand and then spreads a layer of
dry sand over it to hide the precise location of the nest. This behavior reduces the risk of predation
and protects the clutch from temperature extremes. After camouflaging the place, the female
returns to the sea and never revisits the nest. The eggs and hatchlings are thus left entirely to natural

environmental factors (Spotila, 2004).

The number of eggs in a clutch varies according to the species and the body size of the female. On
average, a clutch contains between 80 and 120; however, the flatback turtle (Natator depressus)
has only about 50 eggs, while the hawksbill turtle (Eretmochelys imbricata) can lay more than 200
eggs (WWF, 2000). Females may lay between two and eight clutches per season, and most species
do not nest annually but at intervals of two to four years (Hirth, 1997). Incubation lasts
approximately 50 to 70 days. If a female is disturbed during oviposition, she may abandon the
process and return to the sea, a phenomenon known as a false crawl, which represents an

unsuccessful nesting attempt (Spotila, 2004).

When the incubation period ends, the hatchlings begin to break out of their eggs and gradually
move upward through the sand. They usually emerge during the night, when lower temperatures
and reduced activity on the beach minimize the risk of predation. Upon reaching the surface, they

instinctively orient themselves toward the sea (Spotila, 2004).
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The journey from the nest to the sea is extremely energy-demanding, hatchlings may lose up to
20% of their body weight due to dehydration and physical exhaustion (Spotila, 2004). Predation
during this stage is intense, with threats from crabs, birds, mammals, and marine fish. Once
hatchlings reach the sea, ocean currents carry them into open water, where their oceanic
developmental phase begins. Males never return to land after reaching maturity, while females
return to their natal beaches after two to three decades to repeat the nesting cycle (Ackerman,

1997).

2.3 Threats and Risk Factors

Sea turtles are currently facing from a variety of anthropogenic threats that are interrelated and
have a major impact on their survival. The most serious factors include incidental capture in
fisheries (bycatch), loss and degradation of nesting habitats, pollution of the ocean, and climate
change. These factors act synergistically, jointly reducing reproductive success and the ability of

populations to recover (Lewison et al., 2004; Casale & Margaritoulis, 2010).

Bycatch, the inadvertent capture of turtles in fishing nets, on longlines, or in other fishing gear, is
one of the leading causes of sea turtle deaths. In such cases, the animal usually dies from
suffocation as it is unable to release itself and get back to the water surface to breathe (Lewison et
al., 2004). In the Mediterranean Sea, where the loggerhead turtle (Caretta caretta) is the most
common, bycatch accounts for the most significant source of mortality among the adult individuals

(Alessandro & Antonello, 2010).

To reduce this risk, various technical modifications have been developed, such as Turtle Excluder
Devices (TEDs), which allow turtles to escape from trawl nets (Figure 3.). In addition, international
initiatives have been established within organisations such as the International Commission for the
Conservation of Atlantic Tunas (ICCAT) and the General Fisheries Commission for the
Mediterranean (GFCM), with the aim of minimising unwanted bycatch (GFCM, n.d.; ICCAT, n.d.;
Vella & Vella, 2023).



Figure 3. lllustration of the functioning of Turtle Excluder Devices (TEDs) installed in trawl nets, allowing sea
turtles to escape while retaining target catch (adapted from Pilcher, 2014).

Another major threat is the loss of nesting habitats is the disappearance of nesting habitats because
of destruction of the coast, tourism, and erosion. Artificial lighting also causes disorientation of
hatchlings, which often move toward inland light sources instead of the sea, leading to high
mortality rates (Witherington et al., 2011). Besides, artificial light confuses the hatchlings, which
frequently head for the light coming from the land instead of the sea, thus resulting in high death
rates (Bolten & Witherington, 2003). This issue has also been recorded in Malta, where cases of

unsuccessful nesting have been observed due to excessive sand moisture or compaction following
storms (Vella & Vella, 2023).
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Figure 4. Sea turtle with a severely fractured carapace caused by a boat collision. (Source: Nature Trust Malta,
2024).

Marine pollution is another serious problem that the world is facing, and it is a significant factor
in the decrease of marine fauna. Sea turtles commonly mistaken plastic bags and sheets for
jellyfish, which can result in intestinal blockage, cessation of digestion, and death. Plastic debris
is now present in all components of the marine ecosystem and affects a wide spectrum of
organisms, from plankton to large vertebrates. Sea turtles are particularly vulnerable because of
their migratory behavior and use of diverse habitats, including nesting beaches. The consumption
of plastics may cause internal injuries, lower food intake, and may lead to starvation, reflected in
decreased growth, reproductive success, and overall health condition. Microplastics pose a chronic
risk as they can accumulate in tissues and disrupt hormonal and immune functions, while also
exerting indirect effects through food web alterations and changes in the physical properties of

nesting beaches (Nelms et al., 2016).
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Figure 5. Dead sea turtle entangled in discarded fishing gear collected by Nature Trust Malta. (Source: Nature Trust
Malta, 2024).

The contamination of marine environments with heavy metals, pesticides, and persistent organic
pollutants (POPs), such as polychlorinated biphenyls (PCBs), represents another significant
stressor for sea turtles. The study by Storelli & Marcotrigiano (2003) documented high
concentrations of mercury, cadmium, and lead in the liver, kidneys, and muscles of sea turtles,
indicating long-term bioaccumulation of these substances within the food chain. These
contaminants can disrupt metabolism, cause damage to hepatic and renal tissues, and pose a
potential risk to embryonic development, as metals can be transferred to the eggs. Chronic
exposure to heavy metals and organic pollutants can therefore lead to decreased vitality of adult

individuals and reduced reproductive success (Storelli & Marcotrigiano, 2003).

Climate change affects all stages of the sea turtle life cycle. Increasing sand temperatures shift the
sex ratio towards females, which may, in the long term, destabilise population structure (Hawkes
et al., 2007). Rising sea levels and intensified storm activity lead to erosion and more frequent
inundation of nesting beaches, significantly reducing hatching success. The most vulnerable areas
are small and isolated sandy stretches, known as pocket beaches, which in highly urbanised coastal

regions often represent the last suitable nesting sites.

The study by Sella et al. (2023) demonstrated that although these pocket beaches account for less
than 2% of the total nesting beach length in Florida, they exhibit comparable nest densities and
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even higher hatching success than beaches without coastal armouring. However, modelling
scenarios suggest that with continued sea-level rise and increasing frequency of extreme weather
events, pocket beaches will become increasingly exposed to flooding and erosion, potentially

leading to the gradual loss of suitable nesting habitats (Sella et al., 2023).

Rising ocean temperatures and changes in oceanic circulation patterns also affect the spatial and
temporal distribution of food resources, which in turn alter sea turtle migration routes. These shifts
directly impact their ability to locate food, synchronise migrations with optimal environmental
conditions, and successfully reproduce, as demonstrated for the species Caretta caretta (Witt et

al., 2010).

These threats do not act in isolation; their combined effects are often stronger than the impact of
individual factors. For instance, the loss of nesting habitats, when combined with rising
temperatures and light pollution, results in reduced reproductive success and spatial shifts in
populations (Witherington et al., 2011; Vella & Vella, 2023). Therefore, effective conservation of
sea turtles requires an integrated approach that combines ecological research, legislative measures,

and technological innovation.

2.4 Ecological Role of Sea Turtles

Sea turtles represent key and evolutionarily ancient components of marine ecosystems, whose
ecological influence extends across food webs and affects the physical structure of habitats. As
widely distributed migratory species, they link oceanic and coastal environments, contributing to
the transfer of energy, nutrients, and biomass between distinct ecosystems. In the past, when their
populations were considerably larger, sea turtles played a crucial role in maintaining the balance

of marine communities and shaping the dynamics of benthic habitats (Spotila, 2004).

From an ecological perspective, sea turtles perform several interconnected functions. They act as
consumers and regulators within marine communities, for instance, green turtles (Chelonia mydas)
promote the regeneration and growth of new seagrass biomass through grazing, while hawksbill
turtles (Eretmochelys imbricata) feed on marine sponges, preventing their overgrowth on coral

reefs (Bjorndal, 1980). Loggerhead turtles (Caretta caretta) feed on benthic invertebrates and
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simultaneously provide a substrate for diverse epibiont communities, thereby enhancing species

diversity in coastal habitats (Pfaller et al., 2008).

Another important function lies in the transfer of nutrients between marine and terrestrial
environments. Turtles transport organic matter from feeding areas to nesting beaches, where the
remains of eggs and hatchlings enrich the sand with nitrogen and carbon, supporting the growth
of coastal vegetation. Their movement across the seabed further increases substrate heterogeneity

and enhances nutrient cycling (Bouchard & Bjorndal, 2000).

The dynamics of feeding relationships and turtle growth can also be influenced by population
density. In juvenile green turtles, high population density has been shown to reduce growth rates

and body condition, indicating a direct effect of limited food availability (Bjorndal et al., 2000).

These processes highlight that sea turtles function not merely as individual consumers but as
ecosystem engineers and keystone species, whose presence ensures the stability and functionality
of both coastal and oceanic ecosystems. These ecological roles also extend into the broader
framework of ecosystem services that sea turtles provide to both humans and natural systems (Patel

et al., 2022).

In addition to their ecological functions, sea turtles play a significant role in the provision of
ecosystem services, the direct and indirect benefits that their existence mediates for people and the
environment. According to Patel et al. (2022), these services can be classified into four main

categories: cultural, provisioning, regulating, and supporting services (Table 2).
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Table 2. Summary of ecosystem services provided by sea turtles (adapted from Patel et al., 2022).

Category of Ecosystem

Examples of Contributions by Sea Turtles

Service

Cultural symbolism, identity, spiritual and educational value,
Cultural ' ' _ o

diplomatic and conservation significance

Food resources, ornaments, traditional medicine, tourism value,
Provisioning )

natural waxes and oils
Regulating Regulation of biodiversity, habitat modification

Hosts for epibionts and parasites, prey for other species, biological
Supporting

nutrient transporters, nutrient cycling

These services demonstrate that sea turtles are not only integral components of marine food webs
but also organisms that mediate numerous ecological processes and socio-cultural values. For
instance, as herbivores and spongivorous predators, turtles contribute to biodiversity regulation
and the maintenance of ecosystem health, while their nesting activity and nutrient transfer from

sea to land represent key supporting services (Bouchard & Bjorndal, 2000; Patel et al., 2022).

From a cultural perspective, sea turtles also function as cultural keystone species, species that hold
fundamental importance for the identity and traditions of local communities, and as flagship

species, symbolising marine conservation efforts (Patel et al., 2022).

The availability of food and the diet may vary depending on population density and competition.
At higher population densities, preferred food sources may become limited, forcing individuals to
consume less optimal food and leading to reduced nutrient intake and overall condition. Empirical
evidence of such a density-dependent effect has been documented in juvenile green turtles, where
increased population density resulted in decreased growth rates and body condition index

(mass/length?), likely due to reduced food availability (Bjorndal, Bolten & Chaloupka, 2000).
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2.5 Protection and Conservation in Malta

The protection of sea turtles in Malta has gained increasing importance in recent years due to the
observed rise in nesting activity of loggerhead turtles (Caretta caretta), the only sea turtle species
that regularly nests within the Maltese archipelago (Vella & Vella, 2023). While two species nest
in the Mediterranean: C. caretta and Chelonia mydas, the latter is mostly confined to the eastern
basin (Turkey, Cyprus, Lebanon), whereas C. caretta has, in recent decades, expanded its nesting

range into the central Mediterranean, including Malta (Casale et al., 2018).

2.5.1. Legal Framework for Protection

At the international level, C. caretta is classified as Vulnerable on the IUCN Red List (Vella &
Vella, 2023; IUCN, 2025). Its protection is ensured through several international conventions and
regional agreements: the Convention for the Protection of the Mediterranean Sea (Barcelona
Convention, Annex II), the Convention on the Conservation of Migratory Species of Wild Animals
(CMS, Appendix I), the Bern Convention (Appendix II), and CITES (Appendix I) (UNEP, n.d.;
CMS, 2020).

Within the European Union, the species is protected under the Habitats Directive (92/43/EEC) and
1s monitored as part of the Marine Strategy Framework Directive (MSFD) (Casale et al., 2018;
Vella & Vella, 2024).

At the national level, Caretta caretta is strictly protected under the Flora, Fauna and Natural
Habitats Protection Regulations (S.L. 549.44). Additionally, three Natura 2000 sites: MT0000113,
MTO0000115, and MT0000116, have been designated, encompassing key nesting beaches and
adjacent marine areas (Vella & Vella, 2024; UNEP, n.d.).

2.5.2. Nesting Activity and Monitoring

After several decades without recorded nesting, nesting activity in Malta was re-established in

2012. Further confirmed nesting events followed in 2016 and 2018, and since 2020, nests have
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been reported annually. Between 2020 and 2023, a total of 13 nests were documented across five
beaches: Ramla Bay (Gozo), Ghadira Bay, Golden Bay, Gnejna Bay, and Fajtata Bay (Vella &
Vella, 2023; Nature Trust, n.d.).

Monitoring and direct nest protection in Malta are coordinated by Nature Trust — Wildlife Rescue
Team Malta, under the supervision of the Environment and Resources Authority (ERA). Protective
measures include fencing and marking of nests, regular day and night patrols, and, when necessary
(e.g., in cases of erosion or inundation), the relocation of nests to safer areas of the beach (Nature

Trust, n.d.).

2.5.3. Regional Distribution and Migration Routes of Sea Turtles in the
Mediterranean

The distribution of Mediterranean sea turtless is a direct reflection of their convoluted life cycle
that involves islands, migratory and feeding habits over a wide range of habitats. The largest
nesting sites of the loggerhead turtle (Caretta caretta) are predominantly located in the
southeastern part of the region, notably in Turkey, Greece, Cyprus, and Lebanon, while the green
turtle (Chelonia mydas) lays eggs only on the eastern Mediterranean coast (Figure 6.) (Casale et

al., 2018).

Sea turtles travel long distances between the beaches where they nest and the areas where they
feed. The neritic zones of continental shelves, for example, those off southern Italy, Tunisia, Egypt,
Turkey, and Cyprus, are the main feeding and overwintering grounds for both species (Figure 7.).
Mature turtles then embark on long-distance journeys via the central and eastern Mediterranean
most of Malta is, therefore, a place connecting the routes but at the same time, a feeding area as

well (Figure 8.) (Casale & Tucker, 2017).
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Comprehending sea turtles' migratory routes as well as their seasonal movements is a must if the
conservation of these animals is to be adequately planned. This knowledge then makes it possible
to locate those areas where there is a spatial-temporal overlap between the turtles and human
activities, such as heavily industrialized fishing or the building up of the coast, which are the main

sources of probable encounters between man and turtle.
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Figure 6. Main nesting sites of loggerhead turtles (Caretta caretta) in the Mediterranean Sea.
Locations with more than 10 nests per year and a density of at least 2.5 nests per kilometre
of coastline are shown. Abbreviations indicate individual countries and marine areas.
Adapted from Casale & Tucker (2017).
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Figure 7. Coastal (neritic) areas used by the loggerhead turtle (Caretta caretta, in purple)
and the green turtle (Chelonia mydas, in green) for foraging and overwintering. These
areas correspond to continental shelves delineated by the 200 m isobath. Adapted from
Casale & Tucker (2017).
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Figure 8. Primary migratory routes of adult loggerhead turtles (Caretta caretta),
including both females and males, during reproductive migrations to and from breeding

areas (

). Blue areas indicate migrations in open waters, while darker bands along

the coast represent routes in shallow waters. Adapted from Casale & Tucker (2017).
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2.5.4. Conservation Management and Public Involvement

Most of the conservation works in Malta are done together with Nature Trust Malta members who
are trained and volunteers who help with patrolling, recording, and releasing of hatchlings. The
emphasis is mainly on lessening the disruption of nests and educating the public on the

conservation of sea turtles (Nature Trust, n.d.).

Thanks to these measures, recent years have seen an increase in hatching success and hatchling
survival rates, consistent with similar trends observed in other areas of the central Mediterranean

(Casale et al., 2018).

2.6 Geomorphology of Maltese Beaches and Relevance for Nesting

The Maltese Archipelago is situated in the central Mediterranean Sea, to the south of Sicily, at the
conjunction of the African and Eurasian tectonic plates. After the formation of the Sicilian fold-
and-thrust belt at the end of the Messinian Salinity Crisis, approximately five million years ago,
the area experienced extensional deformation that created two almost perpendicular fault systems
which continue to shape the geomorphology of the Maltese Islands (Rossi et al., 2025). The Sicily
Channel Rift Zone consists of three main grabens, the Pantelleria, Linosa, and Malta grabens, that
have been active since the Late Miocene and have influenced both sediment deposition and the

development of the Gela foredeep (Rossi et al., 2025).

The Maltese Archipelago located in the central Mediterranean Sea south of Sicily is a geological
structure indebted to the ongoing tectonic processes. The tectonic forces over geological time have
converted the region from a single vast basin into a set of depressions and rift zones with the most
famous ones being the Malta Graben and the Pantelleria Rift Zone which characterize the seafloor
around Malta (Prampolini et al., 2017). The geomorphology of the islands as of today is an
outcome of this intricate geological setting: the shores are mainly rocky, and only a few sandy bays
exist. These sandy beaches, though few, serve as appropriate nesting places for the loggerhead
turtle (Caretta caretta). Figure 9 shows where Malta is in this tectonic and geomorphological

framework.
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Figure 9. Geographic and tectonic setting of the Maltese archipelago within the central Mediterranean Sea. The 3D
bathymetric model was adapted from Colica (2022) and Prampolini et al. (2017). The inset map shows the position
of Malta within the Mediterranean basin. (Derived product from the GEBCO 2020 Grid).

Sandy coves situated between rocky coastal sections, known as pocket beaches, represent
important habitats for coastal fauna, including sea turtles. In highly urbanized regions, similar
small sandy stretches, often bordered by reinforced coastal structures (coastal armouring), are
referred to as urban pocket beaches. Despite their limited area, these beaches can provide essential
nesting, feeding, and resting grounds, particularly in regions where most natural beaches have been

lost due to construction or erosion (Sella et al., 2023).

From a geomorphological perspective, pocket beaches are narrow sedimentary environments with
limited sand supply, shallow substrate depth, and low dune profiles, which makes them highly
susceptible to erosion and inundation during storms. Nevertheless, they may still offer suitable
nesting conditions for sea turtles if the sand retains its natural composition and the nesting area

remains at a sufficient distance from the swash zone (Sella et al., 2023).
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The Maltese coastline is predominantly rocky, with only a few sandy segments found mainly along
the northwestern and southeastern parts of the islands. Bays such as Ghadira Bay, Golden Bay,
Ghajn Tuffieha Bay, and Gnejna Bay represent, from a geomorphological standpoint, limited but
ecologically valuable areas with potential for loggerhead turtle (Caretta caretta) nesting. The sand
in these bays is primarily carbonate in composition and is characterised by high permeability and
low moisture content, which promotes gas exchange but increases the risk of nest overheating
during heatwaves (Prampolini et al., 2017; Vella & Vella, 2023). The absence of dune vegetation
further reduces substrate stability and increases vulnerability to erosion and slumping (Prampolini

et al., 2018).

The northwestern coast of Malta, where most of the sandy bays suitable for sea turtle nesting are
located, is characterised by narrow sedimentary basins bordered by limestone ridges and steep

slopes (Figure 10.) (Prampolini et al., 2017).
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Figure 10. 3D model of the northwestern coast of Malta showing the main sandy bays: Paradise Bay, Ghadira Bay,
Golden Bay, Ghajn Tuffieha Bay, and Gnejna Bay. The topography highlights the characteristic pocket beach
morphology of the Maltese coastline. Adapted from Soldati et al. (2019).

In the context of Malta, where the coastline is highly urbanised and natural sandy beaches
constitute only a small fraction of the total shoreline, these small natural coves may serve as critical

refugia for sea turtle nesting. The study by Sella et al. (2023) suggests that such pocket beaches
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may exhibit comparable or even higher hatching success rates than larger beaches, provided they
are not subject to mechanical disturbance or coastal armouring. Therefore, maintaining their
geomorphological stability and protecting them from development are essential for the long-term
preservation of loggerhead turtle (Caretta caretta) nesting populations in the Mediterranean

region.

2.7. Ground Penetrating Radar

The Ground Penetrating Radar (GPR) method, illustrated in Figure 12, is now commonly used in
geophysical and geological surveys (Annan, 2009). The principle is based on transmitting high-

frequency electromagnetic waves into the subsurface and analyzing changes in the reflected signal.

This technique can be applied across a wide range of environments, from natural geological
formations to artificial materials such as concrete or asphalt. Owing to the variability of materials
and frequencies that can be used during measurement, GPR offers a broad spectrum of applications
in geophysics. It is frequently employed in glacial, periglacial, and fluvial environments, as well
as in desert regions, to investigate the structure of glaciers, permafrost, and sediments, or to

determine the depth of groundwater tables (El-Said, 1956).

Although research on the propagation of radio waves above the Earth's surface advanced
significantly during the first half of the 20th century, the first practical applications of GPR
emerged in the second half. One of the pioneers was El-Said (1956), who used electromagnetic
waves to study groundwater in the Egyptian desert and determined its depth based on reflected
signals, which he later confirmed by drilling tests. Since then, the GPR method has undergone
substantial development, has been validated in numerous studies, and has become a reliable tool
for geophysical analysis. Modern approaches also focus on inverse data interpretation, in which

the electrical properties of materials are derived from the reflected waveforms (Kruk et al., 2003).

GPR's physical principle is based on the utilization of radio waves for "probing the ground," in
other words, identifying the boundaries of materials that have different dielectric properties
(Figure 11.). The apparatus includes a transmitter, which finally produces short electromagnetic

pulses, and a receiver, which records the reflections from the parts of the ground. The variations
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in the reflected signal depend upon the kind and the depth of the material being studied, and this
signal is then transformed into a radargram, which shows the vertical cross-sections of the

subsurface (Annan, 2009).

Due to its wide frequency range, GPR can be used in many types of environments. The use of
low-frequency antennas (e.g., 200-400 MHz) enables deeper penetration, while the use of high-
frequency antennas (900-1000 MHz) allows getting more detailed images of the top layers. Such
versatility turns GPR into an instrument suitable for a vast range of different applications, which
are not only geological and glaciological research but also the non-destructive testing of

construction materials (Bristow & Jol, 2003).

Output

Processor

Surface

Material A

Material B

Figure 11. Principle of testing with the GPR system Adapted from Dong & Ansari, (2011).

24



Figure 12. Ground penetrating radar (Emanuele Colica, 2025).

2.8. Photogrammetry and LiDAR Technologies

Photogrammetry is a discipline that deals with obtaining quantitative information from image data,
most often from photographs. According to Pavelka (2003), it is a scientific and technical approach
that enables the creation of maps, digital terrain models, and other measurable products derived
from image records. Aber et al. (2010) add that the main goal of photogrammetry is to accurately
determine the shape and spatial arrangement of objects or the Earth's surface based on the analysis
of two-dimensional images. This method is widely used to determine coordinates, measure

distances, areas, and volumes, as well as to create maps and three-dimensional digital models.

Pavelka (2003) points out that photogrammetry has a tradition dating back more than 150 years —
from analog methods of terrestrial intersection photogrammetry to today's digital approaches based
on automated image processing. Major technological advances include the development of
stereoscopy, aerial photography, and later the use of UAV (Unmanned Aerial Vehicle) platforms,

which have made it possible to capture detailed image data from low altitudes.
Depending on the position of the observation point, we distinguish between:

* Ground (close) photogrammetry, where the observation point is stationary and located on the

earth's surface. This approach is often used for documenting smaller objects.
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» Acrial photogrammetry, where the imaging device is located in an aircraft, drone, or other flying
vehicle. This method is suitable for larger areas but requires accurate georeferencing and

calibration.

* UAV photogrammetry, which from a technical point of view falls between aerial and close-
range photogrammetry, as it combines the advantage of an aerial view with the detail of close-

range imaging (Aber et al., 2010).

In terms of the number of images evaluated, we distinguish between single-image
photogrammetry, which allows measurement only in a plane, and multi-image photogrammetry,
which allows the reconstruction of a three-dimensional object thanks to overlapping images.
Currently, the most commonly used method is Structure from Motion (SfM), which combines
elements of stereophotogrammetry and intersection photogrammetry and enables automatic 3D

reconstruction of objects (Mifijovsky, 2013).

Modern technologies extend photogrammetry with the principles of LiDAR (Light Detection and
Ranging), which uses laser beams to measure distances instead of optical images. By combining
photogrammetric images with LiDAR data, higher accuracy of 3D models can be achieved,
especially when documenting complex structures. In recent years, mobile photogrammetry has
also been developing, which uses integrated sensors in smart devices for photogrammetric
reconstruction supplemented by depth data from LiDAR. This technology enables detailed 3D
documentation of smaller objects and is therefore also used in environmental studies focused on

non-invasive monitoring of terrain structures and biological objects (Shan & Toth, 2008).

2.9. Artificial Intelligence and Computer Vision for Object Detection

In recent years, machine learning and artificial intelligence (Al) technologies have become
essential tools for processing image data, particularly in the field of computer vision. These
approaches enable the automatic recognition and localization of objects in images, replacing time-
consuming manual methods and improving detection accuracy (Zhao et al., 2019; Zou et al., 2023).
The principles of these methods can also be applied in environmental research, for example, to

identify animal tracks or other natural features in field imagery.
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2.9.1 Development of Object Detection Methods

The development of object detection methods can be divided into two main periods, traditional
approaches and deep learning-based approaches. Traditional methods (e.g., the Viola—Jones
detector, the HOG detector, Histogram of Oriented Gradients, and the Deformable Part-Based
Model (DPM)) relied on manually defined image features selected by experts (Viola & Jones,
2001; Dalal & Triggs, 2005; Felzenszwalb et al., 2008). These algorithms enabled the first
automatic real-time object detection systems; however, their accuracy and ability to generalise

across environments were limited (Zou et al., 2023).

A major breakthrough occurred after 2012 with the advancement of deep learning and the
development of Convolutional Neural Networks (CNNs), which are capable of automatically
extracting features from image data (Zhao et al., 2019). CNNs consist of convolutional layers, non-
linear activation functions (e.g., ReLU), pooling layers, and fully connected layers. Through this
hierarchical structure, the model learns to recognise visual patterns, from basic edges and shapes

to complex structures (Tammina, 2019).

2.9.2 Principle of the YOLO Method

The YOLO (You Only Look Once) model, introduced by Redmon et al. (2016), brought an entirely
new approach to object detection. Unlike earlier systems that relied on reusing classifiers (e.g., R-
CNN — Region-based Convolutional Neural Network or DPM - Deformable Part-Based Model),
YOLO treats object detection as a regression problem, directly mapping an input image to

bounding box coordinates and class probabilities.

The input image is split up into a grid of S x S cells by the network. The cells are those which
output objects whose centre is within the cell. The model predicts a few bounding boxes for each
cell and gives them a confidence score, the score indicating both the probability that a certain box
contains an object and the accuracy of the box in terms of the size and shape of the object. At the
same time, the network calculates probabilities for each object class separately and those

probabilities multiplied by the confidence scores give the final score for every box.
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By using the proposed method, the whole image can be processed in one go through the neural
network which unifies all the computations. Consequently, YOLO is able to carry out 45 operations
(where each operation corresponds to one frame) per second thus allowing for real time detection
even in video sequences (Redmon et al., 2016). The small network version known as Fast YOLO
is reported to perform at a speed of up to 155 frames per second and at the same time, it is twice

as accurate as the previously existing real-time detection methods.

Another kye feature of YOLO is that it perceives the image in a more comprehensive way - it
considers all objects at the same time instead of dealing with individually cropped regions. Thus
the model is able to utilize the context of the scene more effectively and also identify genuine

objects from the noise of the background. In their work, Redmon et al. (2016) showed that YOLO

is far less likely to mistakenly detect the background as objects than is the case with region-based

methods like Fast R-CNN.

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 13. Principle of the YOLO object detection system, adapted from Redmon et al. (2016). The model divides the
input image into a grid, applies a single convolutional neural network to predict bounding boxes and class
probabilities, and identifies objects based on confidence thresholds.

Processing an image using the YOLO model is relatively simple and straightforward. First, the
input image is resized to a resolution of 448 x 448 pixels; then, the entire image is processed by a
single convolutional neural network, and finally, the resulting detections are filtered according to
the model’s confidence score. The diagram illustrates the basic steps of object detection within this

method. Figure 13 shows the fundamental stages of the detection of objects by this technique.
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3. Methodology

3.1 Study Area and Nest Simulation

The experiment was conducted at Golden Bay beach (Figure 14. and Figure 15.), which is located
on the northwestern coast of Malta and is one of the most popular sandy beaches of the island. To
avoid disturbance from beach visitors from interfering and to ensure that the work could go on
uninterrupted, the fieldwork was done at 5:00 a.m. Golden Bay is a pocket beach located in a rocky
bay, where sediment is naturally deposited between the rocky outcrops. The beach is quite
accessible and features a gentle slope from the shore, thus making it an ideal place for sea turtles

to lay their eggs.

Figure 15. Detailed view of the study area.
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Since sea turtle nesting in Malta occurs only sporadically and no active nests were recorded during
the research period, a simulated nest was created for the purposes of the experiment. Access to real
nests would not have been ethically acceptable; therefore, the simulation was designed to avoid

any disturbance to the natural nesting activity of turtles.

An experimental plot measuring 6 x 6 meters was marked out 10 meters from the waterline
(Figure 16.). The nest was constructed by digging a tunnel-shaped shaft with a diameter of 17 cm
to a depth of 52 cm, which then widened into a spherical chamber with a diameter of 30 cm. At
this depth, the sand was noticeably denser and more humid, allowing the chamber to maintain its

shape.

Figure 16. Study site showing the 6 X 6 m experimental area located approximately 10 m from the waterline,
including the position of the simulated turtle nest used for testing.

While creating a simulated nest, the typical sizes of a loggerhead turtle (Caretta caretta) nest,
which were taken from the studies, have been considered. Najwa-Sawawi et al. (2021) defined
standard parameters of nest morphology, including chamber depth, “bowl” diameter, and “neck”

diameter (see Figure 17. A). These parameters were taken into account when replicating the nest
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structure to ensure that the simulation closely resembled the natural nesting conditions reported in

scientific literature.
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Figure 17. (A) Measurement of nest depth using a weighted line (adapted from Najwa-Sawawi et al., 2021). (B)
Simulated turtle nest with chicken eggs used for GPR testing.

Fifty-four chicken eggs were randomly placed inside the chamber and subsequently covered with
sand. This number approximately corresponds to the average clutch size of the loggerhead turtle
(Caretta caretta), thereby maintaining the overall volume of the nest cavity. Chicken eggs were
selected for their similarity in size and shape to sea turtle eggs, although turtle eggs are slightly
softer and rounder, resembling ping-pong balls in appearance. Throughout the entire experiment,

photographs were taken to document each phase of the procedure (Figure 17. B).

3.2 3D Reconstruction of Simulated Nest Interiors

In the following phase of the experiment, a 3D reconstruction of the internal structure of the
simulated sea turtle nest was conducted. The aim was to visually capture the arrangement of the
eggs and the overall dimensions of the chamber. These data were later used as a reference for the

accurate interpretation of Ground Penetrating Radar (GPR) readings.

The 3D scanning was performed using Scaniverse (version 5.1.0; Niantic, Inc.), a mobile
application that combines photogrammetric reconstruction with LiDAR (Light Detection and

Ranging) technology to generate highly accurate three-dimensional models of the surrounding
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environment. The entire nest was documented with the mobile device’s camera (refer to Figure
18). The scanning was facilitated by the iPhone 12 Pro Max’s integrated dToF (direct Time-of-
Flight) LiDAR sensor, which operates at a physical range of up to 5 meters. This system provides
a spatial resolution with an error margin typically within 1% of the distance from the object,
ensuring sub-centimeter precision for close-range documentation of the nesting chamber. By
integrating LiDAR depth data with photogrammetric image processing, the system generates a
dense point cloud and a textured 3D mesh with high spatial accuracy. The camera went through
the tunnel and into the egg chamber, rotating in a circular motion to capture the structure from all
possible angles. To ensure accuracy of the reconstruction, the scanning procedure was repeated

several times.

Figure 18. Scanning of the simulated sea turtle nest using a mobile application employing LiDAR technology. The
device was used to capture the internal structure and wall texture of the nesting chamber.

The data were pre-processed within the mobile application, which generated a basic 3D model
(mesh). This model was subsequently exported and further refined using the computer software
CloudCompare (version 2.13.2; CloudCompare, 2024). The resulting 3D reconstruction displays
the nest walls and chamber along with the spatial arrangement of the eggs. For visual verification,
the number of visible eggs in the model was compared with the actual number placed in the nest,

thereby confirming the accuracy of the reconstruction.
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Although this method proved useful, 3D reconstruction of the nest interior using a mobile
application has certain limitations. Since the camera was operated manually, minor inaccuracies
may have occurred due to irregular hand movement. Furthermore, this approach is limited to small-
scale objects such as a single nest and cannot be applied to larger areas, such as entire beaches.
Therefore, this technique should be considered primarily as a tool for qualitative documentation

rather than as a predictive method.

3.3 Ground Penetrating Radar (GPR)

Another method used in this study is Ground Penetrating Radar (GPR), a non-invasive geophysical
technique that can be used to detect sea turtle nests (Ermakov et al., 2012). The experiment was
conducted at the previously described site, Golden Bay, where the simulated turtle nest was

created.

GPR, also known as impulse radar, subsurface radar, or ground radar, is a method used to detect
variations in the electrical properties of the shallow subsurface. While the technique is capable of
reaching depths of up to about 50 meters in favorable conditions (Neal, 2004), the effective
penetration depth depends strongly on the antenna frequency and substrate characteristics. In this
study, a Proceq GPR employing Stepped-Frequency Continuous-Wave technology was used,
operating within a modulated frequency range of 40-3440 MHz. Given this high-frequency range
and the fine, dry sandy substrate of Golden Bay, the system was optimized for high-resolution

detection within the upper 1 meter, corresponding to the expected depth of a sea turtle nest.

The principle of operation is based on emitting high-frequency electromagnetic pulses that
penetrate the substrate, reflect off buried structures or materials, and are subsequently recorded by

a receiver (Neal, 2004). In the context of this experiment, the target objects were eggs placed
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within the sand chamber. Ermakov et al. (2012) published a study demonstrating the effectiveness
of GPR in detecting sea turtle eggs.

For the purposes of the experiment, a 6 x 6 m area was marked out on the beach, and the right
angle was verified using the practical application of the Pythagorean theorem (a? + b? = ¢?), where

a triangle with sides of 3 m, 4 m, and 5 m forms an exact 90° angle (Figure 19.).

Figure 19. Study site showing the 6 % 6 m experimental area marked on the beach, with the right angle established
using Pythagoras’ theorem.

The GPR measurements were conducted in a regular serpentine pattern. The device was guided
from the lower left corner vertically upward, then shifted one step to the right and moved
downward again. Each pass of the scanner thus covered one vertical section of the surveyed area.
In this way, a grid with a spacing of approximately 20 cm was created, ensuring consistent
coverage of the entire site. This movement was repeated until the entire square area was scanned.

To increase the reliability of the results, the entire site was scanned twice. The sand was fine and
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dry, providing suitable conditions for measurement. To prevent the wheels of the GPR unit from

sinking into the sand, two long wooden slats were placed beneath them (Figure 20.).

Figure 20. GPR survey conducted in the designated experimental area.

While the GPR method focuses on detecting subsurface structures, the recognition of sea turtle
tracks on the beach surface represents another crucial step in locating potential nests. For this
purpose, a method based on artificial intelligence (AI) was tested, specifically using the

MakeSense Al software platform for image annotation and model training.

3.4 Detection of Sea Turtle Tracks Using Artificial Intelligence (Al)

Turtle tracks are the primary visual indicator of the presence of sea turtle nests and are therefore a
key element in identifying potential nesting sites. However, identifying those tracks in the field
consumes a lot of time and it is a very subjective task as the person's experience, lighting conditions
and sand texture influence the results. Therefore, a method based on artificial intelligence (Al) has
been implemented with a goal to automate the process of finding turtle tracks on the ground and

drone images.

To develop a functional model, it is first necessary to collect and annotate an extensive dataset of
images on which the machine learning algorithm can be trained. Within this project, two main

datasets were utilized.
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The first dataset was provided by the University of Cadiz (Spain) and included 22 aerial drone
images of beaches with visible sea turtle tracks. These images primarily captured the characteristic

shapes of the tracks and “drag marks” in their natural environment.

The second dataset originated from the non-profit organization Nature Trust Malta, which provided
132 photographs taken during both night patrols and daytime monitoring. These images depict
turtle tracks from various angles and under different lighting conditions. Some were taken under
red light (Figure 21.), which volunteers use to avoid disorienting or stressing turtles during nesting.
Monitoring is carried out during the nesting season, when female loggerhead turtles (Caretta
caretta) come ashore on Maltese beaches to lay their eggs. Automating this process would, in the

future, significantly improve the efficiency of fieldwork conducted by volunteers.

All available photographs were subsequently uploaded to the web-based platform MakeSense.ai,
which enables manual annotation of image data. On each image, individual objects were marked

using bounding boxes, with each category assigned a separate label (Figure 21.).

° o
o o

°@
°&
o8
]
N
°
°
°

Figure 21. Screenshots from MakeSense.ai showing the manual annotation of sea turtle tracks.

In addition to the turtle tracks themselves, other relevant elements were also annotated, such as
boats, rocks, people, tents, garbage bins, and potential nest-shallow depressions at the end of the

tracks that may indicate an attempted egg-laying event (Figure 22.).

36



©8
o8
© 8
o8
©o8
o8
o8
[ -]
[ -]
[ -]
o8
© 8

Figure 22. Screenshot from MakeSense.ai showing the annotation of turtle tracks and other relevant features,
including boats, rocks, people, tents, garbage bins, and potential nesting depressions.

Expanding the dataset to include multiple categories allows verification of whether the detection
algorithm can correctly distinguish turtle tracks from other visually similar objects, thereby
reducing the risk of false detections. After completing the annotation process, all datasets were
exported in the YOLO (.txt) format, which is commonly used for training convolutional neural

networks (CNNs) designed for object detection.

Examples of the photographs used for model training, together with their annotated versions and
YOLO label files, are presented in Table 3. These examples illustrate the workflow of data

preparation prior to model training in MakeSense.ai.
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Table 3. displays the examples of the pictures utilized for the model training along with their annotated versions and
YOLO label files. These examples represent the data preparation process before model training in MakeSense.ai.

(A) Original image (B) Annotated image (C) YOLO label file (.txt)
(MakeSense.ai)

1 0.707885 0.824117 0.487359 ©.216599
1 0.623912 0.674347 .282642 .125060
1 0.671019 0.572197 0.311316 0.699846
1 0.655658 0.490015 0.268305 0.086022
1 0.641321 0.419355 0.206861 0.064516
1 0.632104 0.375576 ©.217102 ©.078341
1 0.648490 0.328775 0.713006 0.061444
1 0.645117 0.286482 0.186380 0.050691
1 0.634153 0.260369 0.196621 0.626114
10.601382 0.247312 0.167947 0,046083
1 0.561424 0.227343 0.181321 0.043011
1
1
1
1
1
1
1
1
1
1

0.541987 0.207371 9.176139 0.043011
0.491807 0.174347 0.112647 0.029186
I m ag e o 60 0.455965 0.157450 0.118792 0.635330
& 0.455065 0.142089 0.004214 0.029186

0.231695 0.734255 0.389268 0,218126

0.267537 0.559140 0.323685 0.129932
0.320245 0.457757 ©.227343 0.086022
0.385305 0.400922 0.178187 8.073733
0.406810 0.339478 £.172043 0.064516
0.432412 0.302611 0.178187 6.058372
10.417051 0.266513 0.098310 0.041475
1 0.399642 0.281167 0.120840 ©.027650
1 0.368920 0.215822 ©.683973 ©.841475
1 0.348438 0.188172 0.104455 0.038402

©.104402 ©.485627 0.078999 0.024139

0.229025 ©.527686 0.093629 0.036574
Image_042 01d00i7s o.641063 132641 0.086502
©.555263 ©.526004 0.114110 0.037305
©.415795 ©.456880 0.110209 0.029259
:

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1 0.387024 0.438593 0.124838 0.036574

il 0.570661 0.840462 0.249872 0.298003
1 0.616743 0.594470 0.317460 .150538
1 0.245008 0.640553 0.294931 0.202765
1 0.385305 0.453149 0.178187 0.125960
1 0.462110 0.336406 0.163850 0.095238
1 0.462110 0.236559 0.122888 0.110599
1 0.681260 0.447773 0.208909 0.149002
1 0.669995 0.367220 0.215054 0.165899
1 0.680236 0.192780 0.161802 0.084485
1 0.652586 0.122888 0.147465 0.073733
1 0.620840 0.064516 0.153610 0.061444
4 0.272657 ©.122888 0.194572 6.092166

Image_107

The exported text files contain the coordinates of the bounding boxes and the corresponding object
class. Based on these data, a training dataset was created and subsequently used for the

development and testing of the model described in the following chapter (3.4.1).

In the future, this system could be implemented for the automated analysis of images captured by
drones or cameras installed directly on the beach, allowing continuous monitoring of turtle track
occurrences without the need for an observer’s physical presence. Such an approach would not
only improve monitoring efficiency but also minimize human disturbance in sensitive nesting

habitats.

38



3.4.1 Model Training and Validation

The annotated dataset was used to train an object detection model based on the YOLOV8 (You
Only Look Once) architecture. Training was performed using supervised learning on the labelled
images created in MakeSense.ai. While the initial dataset consisted of 154 images, a subset of 36
representative images was selected for the manual annotation and supervised learning phase due
to the specific requirements for high-quality ground-truth data. The dataset was randomly split into
training and validation subsets, allowing the evaluation of model performance during learning.
The remaining 118 images from the original pool were reserved as a separate test set to evaluate
the model's performance on unseen data. Due to the limited dataset (36 labelled images), a pre-

trained YOLOv8 model was used and fine-tuned to this specific task.

Several key hyperparameters were optimized, including image resolution, batch size, number of
epochs, and confidence and IoU (Intersection over Union) thresholds. During each iteration, the
model’s predictions were compared with the ground-truth bounding boxes to minimize detection
errors and update the model weights accordingly. The best-performing weights were selected based

on validation performance.

The labelled images included six object classes: turtle tracks, people, rocks, boats, bins, and
potential nests, with a strong class imbalance, as most annotations corresponded to turtle tracks.
Figure 22 illustrates the distribution of labels across the dataset, showing that most bounding boxes

are concentrated in the central region of the images and are relatively small.

3.5 Integration of Methods

The combination of the applied methods represents a crucial step toward achieving more accurate
and reliable results. Individually, each technique: LIDAR, GPR, and Al detection - provides only
partial information about the location and characteristics of a nest; however, their integration

enables a comprehensive understanding of both surface and subsurface features. This integrated
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approach allows for a more efficient narrowing of the survey area while minimizing any potential

disturbance to the nest.

LiDAR provides detailed spatial data on the shape and structure of the nest surface, capturing
microtopographic features and identifying potential nesting microhabitats. GPR (Ground
Penetrating Radar) complements these data by supplying information from subsurface layers and
detecting anomalies that may correspond to an egg chamber. Al detection (using the MakeSense
Al platform) focuses on surface indicators, primarily the identification of turtle tracks, which serve
as visual cues for locations where females have emerged onto the beach and possibly initiated

nesting.

By integrating these three methods, a comprehensive system for non-invasive nest detection is
established. The Al model can identify turtle tracks from photographs or drone imagery and
highlight areas with the highest probability of nest presence. Detailed GPR measurements can then
be conducted in those areas to confirm the presence of subsurface anomalies. The GPR scan results
can subsequently be compared with LiDAR-derived topographic data to better understand the

relationship between beach morphology and nest placement.

This integrated approach offers several advantages: it enhances the accuracy of nest localization,
reduces the area that must be physically surveyed, and enables the standardization of monitoring
procedures in conservation practice. Moreover, it provides a spatial framework in which multiple
data layers can be combined and visualized, for instance using QGIS, allowing the creation of

spatial probability maps of potential nesting sites.

In the future, this methodology could be complemented with other non-invasive technologies, such
as thermal imaging, which may detect temperature anomalies above the nesting chamber and
confirm the presence of eggs. By combining these methods, sea turtle nests can be detected with

greater precision and without direct interference, thereby minimizing the risk of egg damage or
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habitat disturbance. The entire experimental workflow, including the steps, tools used, and their

interconnections, is illustrated in Figure 23.

Mark a6 x 6 m
study area on the
beach.
Perform first GPR
survey of Evaluate the
undisturbed sand campaign to
surface. measure
N Use mobile LIDAR a| success and
\ Dig sw:\ula;ed TSt to scan nest intericfn",) / make
(tu;ge i (; am) el Create 3D model of adjustments.
SHcecRy egg arrangement.
Preparation of GPR Easslilis l
data :
Place 52 chicken
eggs inside.
Compare GPR Perform GPR
Interpret resu!ts signals with 3D survey again over
for n:s; :’l_::;ctlon model (ground the buried nest
g truth). area.

Figure 23. Experimental procedure for sea turtle nest detection. Methodology filled out the setting and delineating a
test site of 6 x 6 m on the beach, GPR exploration of the beach with undisturbed sand is accomplished to have baseline
reference data. After that, a nest is fabricated (a chamber with a tunnel, around 30 cm deep) made up of 52 chicken
eggs representing a natural sea turtle nesting chamber. The interior of the nest structure is photographed and mapped
by a mobile LiDAR system generating a 3D model. Next, a further GPR survey is made at the same place, and the
outcomes are contrasted with the LiDAR-derived 3D model to measure the precision and the radar's ability to detect
subsurface anomalies. Afterward, data evaluation is done to determine the efficiency of the method and to suggest
possible enhancements for the next uses.
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4. Results

4.1 GPR Results and Interpretation

An example of a GPR B-scan and interpolated horizontal slice (Figure 24.) obtained from data
collected over a 20 x 20 cm grid is presented below. The highlighted anomaly (red box)
corresponds to the reconstructed sea turtle nest, experimentally simulated using buried chicken
eggs. The B-scan shows a distinct hyperbolic reflection pattern at a depth of approximately 0.34
m, while the corresponding horizontal slice reveals a localized high-amplitude response in the

same area, confirming the presence of the artificial nest.

It is important to note a discrepancy between the total construction depth of the nest (52 cm) and
the depth detected by the GPR (34 cm). This difference of 18 cm can be technically explained by
the fact that GPR detects the upper boundary of a subsurface anomaly. In this case, the first layer
of the buried egg clutch, rather than the bottom of the excavated shaft. This interpretation is further
supported by the 3D LiDAR reconstruction, which provided a reference for the internal geometry
of the nest. The LiDAR model confirmed that the top of the egg chamber was located at a depth
of approximately 29 cm, which aligns closely with the 34 cm depth identified in the radargram.

Other smaller anomalies visible in the B-scan and horizontal slice can be attributed to natural
heterogeneities within the sandy beach environment rather than buried objects. Slight variations in
moisture content, grain size, or sediment compaction may locally alter the dielectric properties of
the substrate, resulting in weak reflections or scattered amplitude anomalies. Shallow stratigraphic
discontinuities, such as thin layering or interfaces between sands of different moisture levels, may

also generate subhorizontal reflectors.

Additionally, some anomalies may have been caused by pebbles embedded beneath finer
sediments, producing localized high-amplitude reflections due to pronounced dielectric contrasts.
Minor artifacts may also have arisen from surface disturbances or from interpolation of the data

collected over the 20 x 20 cm grid.
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Figure 24. Result of GPR measurements in the experimental area. The lower section shows the B-scan with a distinct
hyperbolic anomaly (red box), while the upper section presents the interpolated horizontal slice displaying increased
amplitude at the location of the simulated sea turtle nest.

4.2 LiDAR Visualization of the Simulated Nest

LiDAR technology represents a powerful tool for precise 3D visualization of natural objects. In
this study, it was used to create a detailed spatial reconstruction of the simulated sea turtle nest,
allowing for the assessment of the nest chamber’s shape, dimensions, and its relation to the
surrounding substrate. LIDAR provides a major advantage by enabling the acquisition of highly
accurate data without physically disturbing the sand or exposing the chamber, thereby preserving
the integrity of the studied structure. This method thus serves as an ideal complement to
geophysical GPR measurements, as it provides a reference 3D model that can be used to validate

subsurface anomalies detected by radar.

Using a mobile LiDAR system, a 3D model of the simulated sea turtle nest was generated,
providing a detailed visualization of the chamber and the spatial arrangement of the eggs. The
reconstruction allowed for precise measurement of the chamber depth, which ranged between 29

and 52 cm. The models clearly display the tunnel-like structure of the nest, with a narrow entrance
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extending into an enlarged lower section representing the egg chamber, consistent with the typical

morphology of Caretta caretta nests.

The LiDAR model also enabled visual inspection of egg distribution and their positioning relative
to the chamber walls, allowing for estimates of egg density and total nest cavity volume. This
information was subsequently used as reference data for comparison with GPR scanning results
obtained from the same area. Comparing both methods allowed for validation of radar data

accuracy and improved interpretation of the detected anomalies.

Figure 25 A—H. 3D LiDAR reconstruction of the simulated sea turtle nest. The models illustrate
the tunnel-shaped structure of the nesting chamber, the spatial arrangement of the eggs, and the

measured depth (29-52 cm).

Figure 25. A—H. 3D LiDAR reconstruction of the simulated sea turtle nest. The models illustrate the tunnel-shaped
structure of the nesting chamber, the spatial arrangement of the eggs, and the measured depth (29—52 cm).
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4.3 Al Detection Results

The trained artificial intelligence model, based on the YOLOvVS architecture, was used to detect
sea turtle tracks in the annotated photographs. The objective was to evaluate its ability to
automatically recognize the characteristic patterns of loggerhead turtle (Caretta caretta) tracks and

distinguish them from other visually similar objects, such as human footprints, rocks, or debris.

The evaluation of the model’s performance was conducted in two distinct stages. First, the learning
process was monitored using the validation subset of the 36 manually annotated images.
Subsequently, the trained model was deployed on the remaining 118 images of the total 154
dataset. These 118 images served as an independent test set, allowing for an assessment of the
model's robustness and generalization capabilities on unseen data, including various lighting

conditions and aerial drone perspectives.

4.3.1 Model performance during training

In Figure 26, the training and validation curves of the loss functions and performance metrics are
shown. The graphs train/box_loss, train/cls _loss, and train/dfl_loss indicate that all three types of
losses gradually decreased, confirming that the model successfully learned to recognize objects
and improved both localization and classification accuracy. A similar trend can be observed for the
validation data (val/box_loss, val/cls loss, val/dfl loss), which demonstrates consistent learning
without significant overfitting. The curves of precision, recall, and mean Average Precision (mAP)
show an upward trend that gradually stabilizes over the course of the epochs. The training and
validation patterns are very similar, suggesting mild but expected overfitting due to the small

number of training images (36).
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Figure 26. Training performance of the YOLOvS model. The figures report the changes of the main loss functions,
box, classification, and distribution focal loss (DFL), for the training and validation datasets, along with the
performance metrics (precision, recall, and mean Average Precision at loU thresholds of 0.5 and 0.5, 0.95) obtained.
The gradual reduction of all losses and the corresponding increment of precision and mAP demonstrate that the model
has learned effectively and has converged during training.

4.3.2 Data and class distribution

The distribution of annotated objects in the training dataset shows a pronounced class imbalance
(Figure 28). The class turtle tracks constitutes the dominant portion of all annotations, while the
remaining classes (e.g., people, boats, bins, rocks) are represented only minimally. This imbalance

is reflected in the model’s behavior, which achieved its best performance for the turtle track class.

The bounding box position distribution graphs indicate that most annotated objects are located in
the central part of the images and are relatively small in size, corresponding to the typical scale of

turtle tracks in the photographs.
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Figure 27. Distribution of annotated objects within the training dataset. The bar chart shows the number of labelled
objects per class, illustrating a strong imbalance between categories, with the class turtle_tracks dominating the
dataset. The accompanying spatial distribution maps indicate that most bounding boxes are concentrated near the
centre of the images and are relatively small in size, reflecting the typical scale and position of turtle track annotations.

4.3.3 Model results and performance evaluation

The Precision-Confidence Curve (Figure 29.) shows that prediction precision increases with a
higher confidence threshold. At high confidence levels, the model achieves high precision (~0.9),
indicating that when the model is confident in its predictions, the occurrence of false-positive

detections is very low.
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Figure 28. Precision-Confidence curve for the YOLOvVS model.

Figure 28. illustrates the relationship between prediction precision and the confidence threshold.
Precision increases steadily with higher confidence values, reaching up to approximately 0.9 at
high thresholds, indicating that the model produces very few false-positive detections when

predictions are made with high certainty.

On the other hand, the Recall-Confidence Curve (Figure 29.) demonstrates the opposite trend-high
recall values are achieved at low confidence thresholds (the model detects most objects but with a
higher number of false detections), while recall decreases as the confidence level increases. The
Precision-Recall (PR) Curve (Figure 30.) illustrates the typical trade-off between these two metrics
and confirms that the model performs best for the turtle tracks class, with a mean Average

Precision (mAP@0.5) of approximately 0.41.
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Figure 29. Recall-Confidence curve for the YOLOvS model.

Figure 29. demonstrates the inverse relationship between recall and the confidence threshold:
recall values are high at low confidence levels, indicating that the model successfully detects most
objects, but gradually decreases as the confidence threshold increases. This trend reflects the

typical trade-off between sensitivity and precision in object detection models.
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Figure 30. Precision-Recall (PR) curve for all object classes in the YOLOvS model.

Figure 30. illustrates the typical trade-off between precision and recall, with each curve

representing one annotated class. The model achieves its best performance for the turtle tracks
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class, with a mean Average Precision (mAP@0.5) of approximately 0.41, confirming the

dominance of this class in the training dataset.

Overall, the model demonstrates high precision at higher confidence thresholds and a moderate
level of recall, meaning that it reliably confirms true tracks but may overlook some less distinct or
partially obscured ones. This outcome is entirely expected given the limited amount of training
data and the variability of the input images (different lighting conditions, viewing angles, and

substrate types).

4.3.4 Qualitative comparison: predictions vs. annotations

The comparison between manually annotated and model-predicted images (Figures F and G)
shows that the model successfully detected most of the tracks in the test images, including those
captured by drones from higher altitudes. The model correctly outlined the main track areas and
assigned them high confidence scores. In a few cases, false-positive detections appeared in areas
containing human footprints or tyre marks, particularly in photographs with lower contrast (e.g.,

taken at sunset or under red light).

Figure 31. Ground-truth bounding boxes defined during the annotation process using MakeSense.ai.

The Figure 31. shows manually labelled classes, including turtle tracks and other surface elements,

which served as reference data (validation labels) for training and model evaluation.
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Figure 32. The trained YOLOvS model predicted bounding boxes (validation predictions).

Figure 32. demonstrates successful detection of turtle tracks on both ground-based and aerial drone
photographs. High-confidence detections correspond closely to the annotated regions, while

occasional false positives appear in areas with footprints or tyre marks.

The trained YOLOv8 model confirmed its ability to recognize sea turtle tracks across different
types of images. Despite the limited amount of training data, it achieved a good level of accuracy
and robustness, demonstrating the potential of Al as an effective tool for automated monitoring of
nesting beaches. The results also confirm that expanding the training dataset, balancing the classes,
and optimizing the network architecture (e.g., adjusting YOLOVS8 parameters or applying transfer

learning) could significantly improve detection performance in real-world applications.

This approach represents an important step toward developing a fully automated system for
monitoring turtle track occurrences, which could, in the future, be integrated with other non-

invasive technologies (LiDAR, GPR) and applied in conservation practice.
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5. Discussion

The objective of this study was to explore the potential of combining non-invasive technologies,
Ground Penetrating Radar (GPR), Artificial Intelligence (AI), and LiDAR scanning, for the
detection and monitoring of sea turtle nests. Although the experimental work was based on a
simulated nest rather than real turtle clutches, the results and observations obtained during the field
procedures provide valuable insights into the feasibility, limitations, and practical implications of

these techniques within a conservation context.

5.1 Ground Penetrating Radar (GPR) performance

The GPR method demonstrated strong potential for detecting subsurface anomalies corresponding
to the structure of a turtle nest. The experiment showed that the technique can distinguish variations
in sand compaction and moisture, which are among the most critical parameters influencing radar
signal quality. A key observation in this context was the 18 cm discrepancy between the physical
nest depth (52 cm) and the GPR detection depth (34 cm). This difference is a known characteristic
of GPR technology, which typically identifies the upper boundary of an anomaly. In this case, the
top of the egg clutch, rather than the maximum depth of the excavation. This interpretation is
validated by the LiDAR data, which placed the top of the chamber at 29 cm, confirming that the
radar successfully localized the most significant dielectric contrast. For future applications, this
depth variance must be factored into interpretation protocols to avoid underestimating the actual
nesting depth. The visibility of the simulated egg chamber depended largely on the contrast
between the surrounding sand and the material within the cavity. In general, dry and homogeneous
sand conditions, such as those found at Golden Bay during the experiment, are favorable for radar
penetration and reflection clarity. However, in natural settings, variations in moisture, grain size,
or the presence of organic material may complicate signal interpretation. These observations
confirm findings from previous ecological studies suggesting that while GPR is a powerful tool, it
requires site-specific calibration and careful data processing to avoid false positives or

misinterpretation.
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Regarding the experimental setup, chicken eggs were used as a functional proxy for sea turtle eggs
due to their similar fluid-filled structure, which creates a significant dielectric contrast against dry
sand (Ermakov et al., 2012). While sea turtle eggs have more leathery shells compared to the
calcified shells of chicken eggs, the primary factor for GPR detection is the high permittivity of
the internal egg content relative to the surrounding substrate. As demonstrated by Ermakov et al.
(2012), although turtle nest detection is challenging due to environmental noise, the dielectric
contrast between the buried biological objects and the soil remains the fundamental principle for

successful localization.

Additionally, while measurements on undisturbed sand were conducted as a baseline (Figure 23),
their role was primarily to calibrate the background signal and confirm the absence of natural
subsurface anomalies. This ensured that the subsequent reflections observed in the data were
uniquely attributable to the presence of the simulated nest, providing a necessary reference for the

identification of the target anomaly.

Furthermore, it is essential to acknowledge the structural and environmental differences between
the simulated nest used in this study and natural sea turtle nests. A natural nest is characterized by
a specific humidity gradient and gas exchange environment created by the metabolic heat of
developing embryos, which can alter the dielectric properties of the surrounding sand over time
(Najwa-Sawawi et al., 2021). Natural nesting sites also often contain organic debris, roots, or
varying layers of shell fragments that increase 'background noise' in GPR data. While this
feasibility study successfully localized a controlled anomaly, the interpretability of results in a
natural setting may be affected by these environmental complexities Furthermore, it is essential to
acknowledge the structural and environmental differences between the simulated nest used in this
study and natural sea turtle nests. A natural nest is characterized by a specific humidity gradient
and gas exchange environment created by the metabolic heat of developing embryos, which can
alter the dielectric properties of the surrounding sand over time (Najwa-Sawawi et al., 2021).
Natural nesting sites also often contain organic debris, roots, or varying layers of shell fragments
that increase 'background noise' in GPR data. While this feasibility study successfully localized a
controlled anomaly, the interpretability of results in a natural setting may be affected by these
environmental complexities. Future research should therefore focus on testing these non-invasive

tools on natural nests to account for the dynamic biological and physical variables inherent in wild
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nesting habitats (Najwa-Sawawi et al., 2021). Future research should therefore focus on testing
these non-invasive tools on natural nests to account for the dynamic biological and physical

variables inherent in wild nesting habitats.

In addition, it is important to address the absence of quantitative statistical metrics, such as false
positive (FP) and false negative (FN) rates, in this evaluation. Since this study was designed as a
feasibility case study with a single confirmed nest (n=1) and did not include independent, ground-
truthed negative controls (verified areas where absence of a nest is confirmed), calculating FP/FN
rates would be statistically meaningless and not generalisable. Additionally, GPR traces and time-
slice cells cannot be treated as independent trials due to their strong spatial and temporal
correlation. Treating them as such would artificially inflate the sample size and yield misleading

precision.

Consequently, this research focuses on indicators appropriate for the available data: detection
outcome, localisation and geometry consistency against the LiDAR reference, and anomaly
interpretability. Future work requiring replicated trials across multiple nests, verified negatives,
and varying field conditions (e.g., moisture and sediment properties) will be necessary to establish

robust statistical performance rates.

5.2 3D LiDAR reconstruction as validation tool

The LiDAR-based 3D reconstruction of the simulated nest provided an effective visual reference
for validating radargrams and understanding the internal geometry of the cavity. This approach
enabled a comparison between the actual structure and the patterns visible in radar data,
contributing to a more accurate interpretation of GPR results. Although the LiDAR scan was
conducted manually and thus contained minor inaccuracies, it proved valuable for illustrating how
3D documentation can complement geophysical data. Such visual models can also serve as
educational or communication tools in conservation and research, facilitating better understanding

of the nesting environment without the need for excavation.
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5.3 Al-based track detection

The application of artificial intelligence (Al) for sea turtle track detection proved to be a promising
step toward automating one of the most time-consuming aspects of nesting beach monitoring. The
model, based on convolutional neural networks (CNNs) and trained on datasets provided by the
University of Cadiz and Nature Trust Malta, successfully recognized the characteristic linear and
curved patterns created by female loggerhead turtles (Caretta caretta) as they move across the
beach. This confirmed that neural networks can effectively identify biological traces under natural
conditions and thus significantly improve the efficiency of fieldwork (Zhao et al., 2019; Zou et al.,
2023). The overall performance of the model was highly satisfactory given the limited number of

training images (n = 36), exceeding expectations for a quickly implemented test version.

Despite these positive results, several limitations were identified that affected detection accuracy
and reliability. The most significant issue was the heterogeneity of the input data. Images from
different sources varied in resolution, viewing angle, and lighting conditions. In particular,
photographs taken during night patrols under red light exhibited lower contrast, making track
recognition more difficult. In some cases, turtle tracks were misclassified as tyre marks, human

footprints, or shadows of washed-up debris.

Another factor influencing the results was the architecture of the YOLOVS8 (You Only Look Once)
model. Although this latest version significantly improves upon the original limitations described
by Redmon et al. (2016), some structural constraints remain, particularly when detecting
overlapping or elongated objects. This can reduce localization accuracy in situations where
individual tracks intersect or occur in close proximity. The network also tends to lose fine details
due to repeated downsampling, which makes it difficult to capture small or narrow structures. Even
a minor localization deviation can substantially affect the Intersection over Union (IoU) metric,

leading to a higher number of false-negative detections (Redmon et al., 2016).

The model was further affected by the natural variability of the tracks themselves. The appearance
of loggerhead turtle tracks changes depending on sand moisture, beach slope, and the individual
behaviour of females. Consequently, the dataset contained both deeply imprinted and shallow or

partially disturbed tracks. In several instances, the model interpreted incomplete imprints as
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background, highlighting the need for further expansion and balancing of the training dataset
(Zhao et al., 2019).

Despite these limitations, integrating Al with LiDAR and GPR technologies has proven to be
highly beneficial. The Al model was able to pre-identify probable track areas, thereby reducing
the spatial extent required for subsequent geophysical surveys. This approach not only shortened
field survey time but also minimized human disturbance in sensitive nesting habitats. The inclusion
of additional annotated categories (e.g., rocks, vegetation, debris) further enhanced the model’s
ability to distinguish natural from anthropogenic features, reducing the number of false detections

(Zou et al., 2023).

Future efforts should focus on expanding and diversifying the training data, including images
captured under different lighting conditions and substrate types. It would also be valuable to test
more advanced neural network architectures, such as YOLOvV9 or Faster R-CNN, which achieve
superior results in small-object detection and enable more precise localization (Zhao et al., 2019;
Zou et al., 2023). Another promising direction could involve the use of transfer learning -
transferring knowledge from related tasks (e.g., detection of tracks from other animal species) -

which could shorten training time and improve accuracy in cases with limited data availability.

The overall performance of the YOLOv8 model was highly satisfactory, especially considering the
limited training set of 36 manually annotated images. The successful generalization of the model
when applied to the independent test set of 118 unseen images confirms its robustness. Even
though the training and validation curves indicated a mild degree of overfitting, which is expected
with a smaller training dataset, the model's ability to accurately identify tracks in diverse lighting
and different drone perspectives demonstrates its practical utility for real-world beach monitoring.
Ultimately, Al-based track detection represents an effective, non-invasive, and scalable tool for
supporting sea turtle conservation. While accuracy remains influenced by data quality, continuous
dataset expansion and integration with complementary methods (LiDAR, GPR) promise further
increases in reliability and practical applicability (Redmon et al., 2016; Zhao et al., 2019; Zou et
al., 2023).
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5.4 Integration of methods and conservation implications

It is one of the main results of this work, in fact, the proof that the coupling of complementing non,
invasive techniques can increase precision and the confidence of the detection of nests while the
safety of the turtles as well as the safety of the habitats is a least of all disturbances. Every
procedure has its own advantages, GPR for below, ground situations, LIDAR for the visualization
of structures, and Al for the recognition of patterns on the surface, and on their own they are a

multi-level strategy which can be used in real conservation scenarios.

While Section 4 presents the results of each technology independently, their integration lies in a
sequential workflow that reduces uncertainty. The Al-based recognition serves as a wide-area
screening tool to identify high-probability zones, GPR provides subsurface verification, and
LiDAR confirms the precise geometry of the nesting chamber. Although a quantitative statistical
correlation between these methods was not feasible in this feasibility study (n=1), their qualitative
synergy significantly increases the reliability of nest detection compared to using a single method

alone.

In tiny nesting areas like Malta, where such events are infrequent, and the human presence on the
beaches are high, these approaches might provide a beneficial solution to the invasive methods
that is currently being used. Further experiments under natural nesting conditions are still required,

but the methods here put forward are an initial step to future research directions.

The instruments here are also a steppingstone to the eventual goal of the creation of novel, tech,
led conservation strategies which feature the symbiosis of ecological and technological knowledge

in data collection and analysis.

Implementing this integrated technological approach in real-world conservation involves specific
practical considerations. In terms of cost, the use of mobile-based LiDAR and Al offers a
significant advantage, as it utilizes existing consumer hardware (e.g., iPhone Pro models), avoiding
the need for expensive industrial scanners. The primary cost for GPR remains the initial equipment
acquisition or professional service hiring, though its long-term use reduces the expenses associated
with manual excavation and potential nest damage. Regarding time requirements, while Al

screening can process large datasets from drone surveys in minutes, the in-situ application of GPR
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and LiDAR is more demanding. Depending on environmental conditions and the necessary site
preparation (including equipment setup and calibration), the process typically requires at least 60
to 90 minutes per potential nesting site to ensure high-quality data collection. Furthermore, while
Al and LiDAR tools are increasingly user-friendly, the interpretation of GPR radargrams still
requires specialized training or collaboration with geophysicists. Therefore, a successful
implementation would benefit from a multi-disciplinary team where park rangers handle data

collection while specialists provide the final data verification.

In continuation of this project, a 25-minute documentary was produced which captures the field
activities, such as GPR surveying and the 3D LiDAR reconstruction of the artificially created nest.
While the documentary was produced as an independent outreach initiative, its inclusion here
provides a visual record of the methodologies described in this thesis. By capturing the real-time
application of these tools on the beach, the film demonstrates the practical execution of the field
workflow, offering a perspective on the site conditions that complements the technical descriptions
in the methodology sections. Consequently, the video serves to enhance the transparency of the
experimental procedures and aids in communicating the practical potential of these non-invasive

tools to a non-technical audience (Fiirychova, 2025).
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6. Conclusion

This study explored the potential of non-invasive technologies for detecting and monitoring sea
turtle nests, focusing on the combined application and evaluation of Ground Penetrating Radar
(GPR), Artificial Intelligence (Al), and 3D LiDAR scanning. The primary aim was to test and
assess this combination of techniques to evaluate whether they can provide accurate and efficient

conservation efforts while minimizing disturbance to nesting turtles and their natural habitats.

The experiment conducted on a simulated loggerhead turtle (Caretta caretta) nest at Golden Bay
met the research objectives by demonstrating that GPR can identify subsurface anomalies
resembling the geometry of a real nest. However, the accuracy of detection is strongly influenced
by the physical characteristics of the sand, such as moisture content and grain size. LIDAR proved
to be an effective tool for 3D visualization and for validating radar data, while Al showed
promising potential for automating the recognition of turtle tracks and early identification of

nesting events.

The integration of these techniques represents an innovative and sustainable framework for sea
turtle research and conservation. Their combined use can enhance the efficiency of monitoring
programs, improve nest localization accuracy, and reduce human interference during critical
reproductive stages. By linking these technological findings to the initial research objectives, this

study provides a foundational workflow for non-invasive monitoring.

Although the present research provides proof of concept, further studies are required to refine and
validate these techniques under real nesting conditions. Future work should involve field testing
on natural nests, carried out in collaboration with authorized conservation organizations such as

Nature Trust Malta, to ensure ethical and legal compliance.

The optimization of GPR signal interpretation under varying sand conditions through calibration
protocols, and the integration of machine learning into radar data processing, could significantly
improve the accuracy of subsurface detection. Similarly, expanding the Al training dataset to

include a greater variety of environmental and lighting conditions would increase model reliability.
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Another promising direction is the development of an integrated monitoring platform that

combines GPR data, Al-based surface detection, and 3D mapping into a single workflow.

Applying these methods across different Mediterranean beaches would enable comparative studies
and contribute to broader regional conservation strategies. Ultimately, interdisciplinary
collaboration between ecologists, geophysicists, and computer scientists will be essential to fully

realize the potential of technological innovation in sea turtle conservation.
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