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Abstract

Polyethylene terephthalate (PET) pollution, due to its persistence, chemical
recalcitrance, and widespread usage, represents a growing hazard to marine
ecosystems. Its accumulation contributes to long-term ecotoxicological risks, food
chain contamination, and environmental degradation. Addressing this challenge
necessitates the adoption of scalable, efficient, and intelligent strategies for mon-
itoring, collection, and degradation. While artificial intelligence (AI) has shown
promise—particularly through machine learning (ML), deep learning (DL), and
computer vision (CV)—these approaches have already been extensively covered
in recent reviews and are therefore beyond the scope of this research.



Instead, this article focuses on underexplored and emerging Al technologies with
untapped potential in marine PET management. These include reinforcement
learning, generative Al, Edge Al, soft robotics, federated learning, explainable
Al, decision support systems, and large multimodal models (LMMs). These tech-
nologies offer new capabilities for real-time decision-making, distributed data
processing, autonomous biodegradation, and intelligent system design—critical
tools in managing hazardous waste scenarios—yet remain largely absent from
current PET-focused research.

We synthesize existing literature where applicable—such as in reinforcement
learning, Edge AI, and soft robotics—while also investigating areas where
research is still sparse or speculative, such as federated learning and LMMs. This
addresses the need for a comprehensive review that not only maps current appli-
cations but also identifies conceptual gaps where emerging Al technologies can
drive future innovation.

Through a bibliometric analysis of leading scientific databases and a thematic
synthesis of technological trajectories, this article straddles the line between
a traditional review and a forward-looking conceptual overview. It aims to
inform researchers, inspire interdisciplinary collaboration, and advance sustain-
able, hazard-mitigating solutions for marine PET management in a rapidly
evolving technological landscape.

Keywords: plastic, marine, pollution, polyethylene terephthalate, hazardous waste,
ecotoxicology, environmental risk, enzymatic biodegradation, microbial
depolymerization, bioremediation, waste management, artificial intelligence, deep
learning, reinforcement learning, Edge AI, soft robotics, generative Al, large language
models, decision support systems, detection, classification, modeling, prediction

1 Introduction

The ocean has long acted as a sink for pollutants, but rising levels of marine pollution
now pose a global environmental challenge. Central to the United Nations’ Sustainable
Development Goals (SDGs), particularly SDG 14, is the reduction of marine pollution
(Willis et al, 2022). A growing concern among researchers and stakeholders is the
accumulation of non-biodegradable waste, especially plastics (Ahmed et al, 2018).
From 1950 to 2018, around 8.3 billion metric tons of plastic were produced, with
output projected to quadruple by 2035 and reach 1,600 megatons annually by 2050.
Since 2020, over 400 megatons of plastic waste have been generated each year (Ali
et al, 2021). Plastic pollution has become a dominant form of marine debris, found
even in remote areas like polar regions and the ocean floor, severely impacting marine
and introducing hazardous, persistent contaminants into food webs (Lohr et al, 2017);
(Oosterhuis et al, 2014).

Based on size, plastic waste is globally categorized into three primary types:
macroplastics (> 25 mm), mesoplastics (5-25 mm), and microplastics (1-1000 um).
These types pose significant global economic and environmental hazards to coastal and
marine ecosystems (Karthik et al, 2018), including chemical leaching, toxic additives,
and sharp-fragment injuries to organisms. In 2022, global plastic production reached



400.3 MT. Of this total, 90.5% consisted of polymers derived from fossil fuels, while
0.6% originated from biological sources (Europe, 2022). Global estimates indicate that
between 4.8 and 12.7 megatons of plastic enter the ocean annually (Jambeck et al,
2015). Plastic packaging accounts for 40%, consumer goods for 12%, and textiles for
11%, together comprising more than two-thirds of all plastic waste. Ultimately, only
9% was recycled and the remaining 28% was either released into the environment
or disposed of in unregulated landfills or open fires where they generate hazardous
byproducts, such as dioxins and polycyclic aromatic hydrocarbons (Plastics, 2022)
. Consequently, marine litter is a prevalent issue in 75% of coastal areas, while the
remaining areas were classified as ‘non-problem areas’ (Zheng et al, 2005; Sivan, 2011;
Ali et al, 2021). Inadequate recycling processes increase plastic waste in various habi-
tats and play a significant role in the proliferation of microplastics resulting from
plastics breakdown.

Microplastics are plastic particles under 5 mm in size, originating from the
breakdown of larger plastics. They can degrade into even smaller nano-plastics and
accumulate in deep-sea sediments. Smaller fragments tend to sink faster, aiding biofilm
formation (Adam et al, 2020). Microplastics pose serious hazards to aquatic ecosys-
tems and biodiversity, as they are easily ingested and bioaccumulated by marine
organisms. This contamination can transfer to humans through seafood consumption,
potentially causing toxicological effects such as endocrine disruption, oxidative stress,
and genotoxicity.

Recycling and mechanical sorting have increasingly become the preferred methods
for reusing plastic waste. However, repeated recycling cycles can significantly degrade
the physical and chemical properties of most plastic materials, ultimately limiting the
commercial viability of the resulting polymers. Chemical recycling offers the potential
to recover polymers and other valuable compounds from plastic waste, but its effec-
tiveness depends on the catalysts used and the feasibility of tailored methods (Ali
et al, 2021). These chemical processes also raise hazardous concerns due to the release
of corrosive reagents and secondary toxic pollutants. Figure 1 shows a comparison of
the different organic structures of various types of synthetic plastics.

Understanding the different categories of synthetic plastic polymers is essential,
as their structural characteristics affect their recyclability and the advantages of
their recycling techniques. Synthetic plastic polymers can be categorized into two
groups: carbon-carbon (C-C) and carbon-oxygen (C-O) polymers. C-C polymers,
which include polyvinyl chloride (PVC), polypropylene (PP), polyethylene (PE),
and polystyrene (PS), account for 77% of the global market; and typically degrade
through thermal or photo-oxidation processes. In contrast, C-O polymers, includ-
ing polyurethane (PU) and polyethylene terephthalate (PET), represent a significant
market share of over 18%. Polyethylene terephthalate (PET) is a semi-crystalline, poly-
meric polyester characterized by its high strength, transparency, and safety properties
but also by its hazardous persistence and resistance to natural degradation.

The widespread use of PET has led to the development of numerous treatment
methods, some of which are illustrated in Fig. 2. Similarly, the gradual accumula-
tion of PET in the environment has fostered a unique ecosystem that supports the
evolution of microorganisms capable of degrading PET polymers and utilizing their
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Fig. 1 A comparison of the different organic structures of various types of synthetic plastics.

monomers for cellular growth. Although PET has traditionally been considered stable
and non-biodegradable, recent discoveries and extensive research on PET-degrading
microorganisms and enzymes have opened new avenues for addressing PET accumu-
lation (Gambarini et al, 2021; Gao et al, 2022; Kawai et al, 2019; Perrin et al, 2020;
Qi et al, 2021).

Microorganisms are well-known biological agents capable of degrading complex
molecules into smaller, simpler ones, a process referred to as microbial degradation.
They play a vital role in maintaining ecological equilibrium by facilitating numerous
biochemical processes (Reineke and Schlomann, 2023). Fungi, bacteria, and actino-
mycetes can degrade organic compounds or polymers during aerobic or anaerobic
degradation, resulting in simpler substances such as carbon dioxide, water, methane,
and other inorganic compounds, which they subsequently utilize as nutritional sources
(Gao et al, 2022). Microorganisms can facilitate the degradation of high molecular
weight polymers through enzyme production, such as PET, into valuable chemicals
(Kushwaha et al, 2023). The degradation of PET occurs via the depolymerization of
these long chains, yielding terephthalic acid (TPA), ethylene glycol, and the monomers
mono(2-hydroxyethyl) terephthalate (MHET) and bis(2-hydroxyethyl) terephthalate
(BHET) (Qiu et al, 2023). Despite the availability of chemical methods for PET
degradation, these approaches are often undesirable due to their high costs and the
generation of secondary pollutants and the hazardous release of toxic intermediates.
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In contrast, biodegradation, utilizing microbial isolates is considered cost-effective and
environmentally friendly, such as PETase, MHETase, lipases, cutinases, esterases, and
carboxylesterases (Qiu et al, 2023). Biodegradation has benefited tremendously from
artificial intelligence (AI).

The evolution of AI technologies has provided various systems with advanced
learning and decision-making abilities. This has resulted in improved efficiency and sus-
tainability in several sectors (Kamishima et al, 2018); PET management is one of them.
For example, predictive modeling, that benefits significantly from the potential of Al
techniques, is of a central importance for enzyme functions optimization (Baskerville
et al, 2019; Manikandan et al, 2023). Another example is robotics—a subfield of Al-has
been employed for plastic waste manipulation and segregation, demonstrating better
abilities to work faster and longer than humans.

This review addresses the various applications of Al in plastic waste and environ-
mental engineering, with a particular focus on PET in aquatic ecosystems. We are
especially intrigued by the current dominance of certain Al approaches in PET man-
agement—namely, machine learning, deep learning, and computer vision—contrasted
with the near-complete absence of others that may hold comparable or even greater
potential. Rather than offering a comprehensive survey that would significantly over-
lap with existing literature, we adopt a selective approach focused on underexplored
AT subfields. Specifically, we examine reinforcement learning (RL), generative Al



(GenAlI), edge Al soft robotics (SR), federated learning (FL), explainable Al (XAI),
decision support systems (DSS), and large multimodal models (LMMs)—areas that
have received limited attention despite their promise in advancing marine PET man-
agement. Our review pursues a two-fold objective: first, to highlight the preliminary
research efforts within these emerging Al areas as they relate to PET management; and
second, to draw the attention of the research community to additional, relevant appli-
cations—both within these underexplored areas and in entirely neglected Al domains.
Figure 3 illustrates the structure of the proposed overview, outlining the main sections
and subsections corresponding to Al subfields in PET management. The contributions
of this overview can be summarized as follows:

1.

This overview highlights the limited representation of various AI technologies in
marine PET management and encourages a broader perspective by identifying
research topics that could benefit from underexplored AI techniques. We support
this rationale through analysis of term co-occurrence networks using VOSviewer,
applied on search results from Web of Science and Scopus, in addition to analy-
sis of recent reviews. For transparency and reproducibility, we provide the search
queries used in our analysis.

Our review delves into the emerging role of reinforcement learning (RL) in PET
management, highlighting its use in optimizing drone navigation, dynamic marine
interception, and multi-agent cleanup strategies. RL-based models are also explored
as frameworks for enhancing biodegradation, informing adaptive policy design.

. We present a diverse range of Edge Al applications in PET management, including

marine debris detection, tracking, autonomous collection, and classification. The
discussion extends to Al-enhanced cleanup operations, real-time waste sorting and
recycling, and contamination prevention.

We explore the transformative potential of soft robotics for marine PET manage-
ment, including their role in collecting plastic waste from complex aquatic terrains
and deploying enzyme carriers for targeted biodegradation. This field opens avenues
for scalable, autonomous, and biologically-integrated cleanup technologies.

We discuss the underexplored value of federated learning in facilitating collabo-
rative marine pollution modeling across distributed research entities and coastal
monitoring stations, while preserving data privacy. Its application in multi-source
model training for PET detection and biodegradation prediction is examined as a
privacy-preserving alternative to centralized data collection.

We emphasize the potential of decision support systems (DSS) in integrating het-
erogeneous data sources—ranging from sensor networks to satellite imagery—to
inform real-time interventions and long-term strategic planning in PET manage-
ment. Specific use cases include waste accumulation forecasting, site prioritization
for intervention, and evaluating policy trade-offs.

The review examines the growing utility of generative Al (GenAl), particularly in
addressing the data scarcity challenge pervasive in PET-related tasks. We discuss
how synthetic data generation can support model training for detection and track-
ing, and how GenAlI can simulate hydrodynamic scenarios such as aquatic current
patterns to assist predictive modeling.



8.

10.

11.

We examine the emerging role of large language models (LLMs) and large multi-
modal models (LMMs) in marine PET management. These models offer promising
capabilities in synthesizing scientific evidence, environmental reports, and stake-
holder communications, as well as in generating domain-specific insights and
predictive scenarios. We highlight their potential to bridge textual and visual data
sources—such as satellite imagery and annotated maps—thereby enhancing sit-
uational awareness, automated reporting, and community engagement. We also
discuss current limitations related to domain adaptation, resource intensity, and
output reliability, framing this section as a forward-looking agenda for integrating
LLMs and LMMs into future PET research and policy support systems.

We highlight the role of explainable AI in enhancing transparency and trust in
Al-powered PET management systems. The review discusses how interpretable
models can assist stakeholders in understanding AI decisions, particularly in regu-
latory, ecological, and policy-sensitive contexts such as enforcement strategies and
biodegradation safety assessments.

Our review provides a categorized overview of the datasets available across these
AT applications in PET management, including those for waste detection, PET
biodegradation, RL model training, edge-device deployment, and multimodal DSS
inputs.

Finally, we offer insights into the synergies among these AI technologies and
how their integration can enable more holistic and adaptive PET management
strategies. We conclude by discussing key challenges and future directions, includ-
ing promising but nascent paradigms such as neuromorphic computing and
self-organizing intelligent agents.

The contributions listed above are meant to address the following research

questions:

1.

Which areas of marine PET management remain unaddressed by current Al
research, and which Al paradigms offer the most promising, yet unexplored,
solutions for these gaps?

To what extent can underexplored Al technologies—such as reinforcement learning,
generative Al edge Al, soft robotics, federated learning, decision support systems,
explainable AI, and large multimodal models—advance marine PET waste man-
agement beyond the capabilities of traditional machine learning, deep learning, and
computer vision approaches?

How could the adoption of underexplored Al paradigms in marine PET manage-
ment influence environmental monitoring outcomes, policy decisions, or conserva-
tion strategies on a global scale?

The structure of this article is as follows. Section 2 establishes the theoretical and
conceptual foundation, introducing key terminologies and framing the scope of the
proposed overview. Section 3 explores the potential of reinforcement learning in PET
management, followed by section 4, which discusses the role of edge Al in enabling real-
time and decentralized PET interventions. Section 5 examines the use of soft robotics
for autonomous collection and targeted biodegradation, while section 6 presents the
relevance of federated learning in supporting privacy-aware, distributed collaboration
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Fig. 3 The structure of the proposed review. Section numbers are shown on branches for the sake
of clear presentation.

across marine monitoring systems. Section 7 covers decision support systems as inte-
grative tools for informed PET management and policy-making, and section 8 focuses
on the potential of generative Al. Section 9 investigates the emerging role of large lan-
guage models (LLMs) and large multimodal models (LMMs) in synthesizing knowledge
across textual and visual data sources, automating report analysis, and facilitating
stakeholder communication in marine PET contexts, while section 10 covers explain-
able AT and its capacity to enhance transparency and stakeholder trust in Al-driven
decisions. Section 11 provides an overview of available datasets relevant to the Al
applications discussed. Finally, Section 12 synthesizes insights across all reviewed sub-
fields, identifies opportunities for integration, and outlines key challenges and future
research directions in Al-driven marine PET management.

2 Motivation and Conceptual Foundation

2.1 Motivation and Differentiation

To justify the mneed for our review, we present a twofold motivational
approach. The first component of this approach is based on the analy-
sis of co-occurrence maps created using VOSviewer. To generate these maps,



we used the Advanced Search feature of the Web of Science (WoS) and
Scopus databases. Our queries on WoS and Scopus were built as follows:

TS=(("plastic waste" OR "polyethylene terephthalate")
AND ("artificial intelligence" OR "machine learning" OR "deep
learning" OR "reinforcement learning"
OR "generative AI" OR "soft robotics" OR "edge AI" OR "federated
learning"
OR "explainable AI" OR "decision support system*" OR "computer
vision"
OR "large language models" OR LLM)
AND ("management" OR "monitoring" OR "recycling" OR "sorting" OR
"degradation"))

Listing 1 The query we used on Web of Science for retrieving relevant literature on Al
technologies in PET management

(TITLE-ABS-KEY("plastic waste" OR "polyethylene terephthalate")
AND TITLE-ABS-KEY("artificial intelligence" OR "machine learning
" OR "deep learning" OR "reinforcement learning"
OR "generative AI" OR "soft robotics" OR "edge AI" OR "federated
learning"
OR "explainable AI" OR "decision support system*" OR "computer
vision"
OR "large language models" OR LLM)
AND TITLE-ABS-KEY("management" OR "monitoring" OR "recycling" OR
"sorting" OR "degradation"))

Listing 2 The query we used on Scopus for retrieving relevant literature on Al technologies in
PET management

Those queries yielded 237 and 580 articles on Web of Science and Scopus, respec-
tively, the records of which are provided in the supplementary material'. We then
processed these records separately using VOSviewer to generate a JSON and network
file pair for each of WoS and Scopus (included in the supplementary material). Each
of these two file pairs indicates both the frequency of occurrence of individual terms
and the frequency of co-occurrence between term pairs. In these files, the size of the
node corresponding to a particular term reflects its occurrence frequency, while the
link weight between any two terms represents the frequency of their co-occurrence. A
co-occurrence map visualizing the information in the JSON and network files can then
be plotted. The maps for WoS and Scopus are shown in Fig. 4 and Fig. 5, respectively.
Later in this section, we provide a detailed analysis of these JSON and network files.

The co-occurrence maps generated from bibliographic data retrieved from Web of
Science and Scopus reveal the dominance of a narrow set of Al-related terms across the
literature. Terms such as machine learning, deep learning, computer vision, and object
detection appear prominently at the core of both visual networks, indicating that
these techniques are well-established in the context of plastic waste and environmental
monitoring research. In contrast, several emerging and potentially transformative Al

1 https://1drv.ms/f/c/19faffbe78315469/EvkqRowsfhVHpghvt AUqSuMBKZgmMVpMSyFsuM4eqZyyUw?e=1g2Ced
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paradigms are either completely absent or severely underrepresented. Notably, rein-
forcement learning, generative Al, soft robotics, federated learning, explainable Al,
and large language models (LLMs) do not appear at all, suggesting that these areas
remain unexplored within this domain. A few concepts—such as edge computing and
decision support systems—do appear but occupy peripheral positions in the maps,

reflecting weak connectivity and marginal integration within the

broader research dis-

course. Table 1 summarizes the presence of different AI technologies in the records of

WoS and Scopus.

These observations are reinforced by the structural characteristics of the co-
occurrence maps, which visually represent the information embedded in the underlying

JSON and network files. The dense clustering around traditional

AT methods suggests

thematic saturation in certain areas, while the lack of cross-linkages to under-
represented Al concepts reflects a fragmented knowledge landscape. This visual
fragmentation highlights the gap between innovation in AI and the pressing needs of
sustainability-oriented research, particularly in tackling challenges such as marine PET

10
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pollution and waste management that generate hazardous micro- and nano-plastics,
toxic leachates, and persistent ecotoxicological risks. The maps clearly illustrate how
promising but underutilized AI techniques have yet to be conceptually integrated into
existing research trajectories. As such, these visualizations provide compelling evi-
dence of the need for a more expansive, conceptually connected investigation into the
role of emerging Al technologies in environmental sustainability.

Taken together, these patterns point to a substantial conceptual gap between
the mainstream AI methods that dominate current research and the emerging Al
paradigms that remain largely unincorporated. The absence of linkages among these
paradigms suggests a lack of thematic integration and a missed opportunity for inter-
disciplinary synthesis. This highlights the importance of an overview that straddles
the line between a systematic review and a thematic analysis—one that not only
catalogs existing contributions but also surfaces overlooked possibilities and concep-
tual synergies. By identifying and analyzing these gaps, the proposed study seeks to

11



scaffold a forward-looking agenda that bridges Al innovation with marine PET man-
agement while explicitly addressing the hazardous-material dimension of PET waste
accumulation and its degradation byproducts and broader sustainability goals.

Table 1 Presence of Al Technologies in Web of Science
and Scopus

Al Technology ‘Web of Science Scopus
Machine Learning v v
Computer Vision v v
Deep Learning v v
Reinforcement Learning X X
Edge Computing v X
Soft Robotics X X
Federated Learning X X
Decision Support Systems X v
Generative Al X X
Large Language Models X X
Explainable Al X X

The second component of our twofold motivational approach involves benchmark-
ing a set of the most recent reviews in the field. Table 2 presents a comparison of
thirteen recent and relevant review articles. To verify the absence of a comprehensive
overview that encompasses the Al technologies we aim to address, we compared each
review based on its stated scope, key findings, and the Al areas it covers. Our analysis
reveals that most existing reviews focus on a narrow subset of Al methods, limiting
readers’ ability to understand how different AI technologies could complement one
another—a critical consideration in many real-world contexts. More importantly, this
narrow focus often overlooks emerging and impactful Al areas relevant to marine PET
management.

2.2 Environmental Impact of Marine Plastics

The ecological effects of marine waste include scenarios where animals may become
entangled in nets or consume plastic, posing severe threats to marine species and
impacting ecosystem health (Audrézet et al, 2021). Such interactions often result in
injury, disease, and death. Large maritime debris, such as abandoned fishing gear,
threatens delicate marine environments like coral reefs and seagrass meadows, poten-
tially causing significant habitat destruction (Audrézet et al, 2021). This destruction
can displace native species and disrupt the delicate equilibrium of these ecosystems.
Additionally, plastics and other chemical contaminants in marine debris such as bisphe-
nols, phthalates, and heavy metal additives can disrupt the reproductive cycles of
marine animals, impacting their populations and distribution.

Plastics enter the marine environment through direct inputs from ocean-related
activities like aquafarming, fishing, and maritime transport. The random drift of

12
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marine plastics makes them more challenging to manage than terrestrial plastics.
Approximately 98% of marine plastics originate from land-based sources, with the
remainder from water activities (Gray and Weinstein, 2017). These polymers are cat-
egorized as microplastics (MPs) and nanoplastics (NPs), which are noted for causing
hazardous chemical contamination and various physical and molecular damages includ-
ing oxidative stress, DNA damage, and endocrine disruption in aquatic organisms.
Table 1 in the referenced document provides a detailed summary of these impacts.

One of the most used synthetic plastics is polyethylene terephthalate (PET). It
is produced through the polymerization of terephthalic acid (TPA) and ethylene gly-
col (EG), and is commonly utilized in fibers, sheets, and films. Specifically, PET is
used in various industries, including electronics, automotive components, household
items, lighting fixtures, power tools, sports equipment, photographic applications, X-
ray sheets, and textiles. Additionally, it is widely used in food and beverage packaging,
particularly for soft drinks and water bottles (Webb et al, 2012). Over 70% of soft
drinks in the global market are packaged in PET bottles (Ahmaditabatabaei et al,
2021). PET exhibits various degrees of crystallinity and the majority of PET used
to make bottles and textiles, has a high crystallinity of 30-40%. In contrast, PET
used for packaging has less crystallinity, about 8%. PET with low crystallinity that is
obtainable commercially has a crystallinity level of roughly 6-7% (Kawai et al, 2019).

Since its introduction in the 20th century for the manufacture of disposable plas-
tic bottles, PET has been widely adopted and has become an integral part of modern
society. Alongside other major plastics like polyethylene, polypropylene, polystyrene,
polyvinyl chloride, and polyurethane, PET is a significant plastic, with global produc-
tion reaching 56 million tons in 2013 (Kawai et al, 2019). PET has many commercial
names such as Arnitel, Mylar, Rynite, Eastapac, Diolen, Hostadur, and Melinex (Webb
et al, 2012). PET belongs to the polyester family, a diverse group of polymers charac-
terized by the presence of ester functional groups in their macromolecular backbones
(Fakirov, 2017). The recycling of PET has gained attention due to its resistance to
natural degradation. PET products decompose at a very slow rate in the environment
leading to long-term persistence, accumulation of hazardous degradation fragments,
and chronic ecotoxicological exposure pathways.

2.3 PET Waste Management

The recycling of Polyethylene Terephthalate (PET) has been promoted since it is very
recalcitrant (Highly resistant to natural decay) to natural deterioration. PET, com-
monly used in packaging, decomposes naturally at a slow rate, making it a significant
contributor to long-lasting environmental waste and a hazardous source of persistent
pollutants in marine ecosystems.

Currently, the primary methods for managing PET waste include physical and
chemical recycling, landfilling, and incineration. 'Physical recycling’ involves mechan-
ically processing plastics to create new products, while ’chemical recycling’ breaks
plastics down chemically to form raw materials. ’Landfilling’ refers to the disposal of
waste in landfill sites, and ’incineration’ involves burning waste materials to reduce
their volume.

14



These disposal techniques have significant environmental drawbacks, including
the release of hazardous contaminants and toxic byproducts such as heavy metals,
dioxins, furans, and volatile organic compounds, secondary environmental pollution,
significant climate change, and concerns for human health and safety (Sharifian and
Asasian-Kolur, 2022). In addition, it requires substantial amounts of energy, which is
neither practical nor environmentally sustainable due to inadequate recycling methods
(Derraik, 2002).

Given these challenges, recycling presents a more sustainable alternative to address
the growing accumulation of PET waste. Among the various methods, mechanical
recycling is one of the most widely used for large-scale plastic waste management. How-
ever, current PET waste recycling is highly inefficient, resulting in low-quality recycled
PET. This inefficiency is due to mechanical stress during processes such as segrega-
tion, grinding, crushing, re-extrusion, reprocessing, and photo-oxidation caused by the
heat of fusion (Sinha et al, 2010). Notably, there have been no reports of microplas-
tic production during mechanical recycling to date though mechanical abrasion poses
latent risks of secondary microplastic release if processes are uncontrolled.

Chemical-based recycling processes for PET waste involve breaking down PET into
products with lower molecular weights. These processes include glycolysis, alcoholy-
sis, and hydrolysis, which use strong acids and alkalis to react with water. Alcoholysis
also involves the use of alcohol, ethanol, and methanol. Although PET can be depoly-
merized through chemical-aided recycling, the process requires high temperatures and
pressures, leading to the evolution of toxic byproducts and significant secondary pollu-
tion such as corrosive effluents, hazardous intermediates like BHET, and uncontrolled
emissions. As a result, chemical-based recycling is generally not recommended. Figure
4 summarizes the current processes used to manage PET waste (Khairul Anuar et al,
2022).

Given the robust mechanical properties of plastic materials, significant environmen-
tal challenges have emerged, including soil contamination and the disruption of marine
ecosystems (Danso et al, 2019). Consequently, PET biodegradation has garnered atten-
tion as an environmentally friendly alternative, as it consumes less energy and operates
at lower temperatures compared to other recycling methods while minimizing the
hazardous outputs associated with conventional recycling.

2.4 PET Biodegradation

In 1977, it was reported that numerous commercial lipases and esterases hydrolyzed
different types of polyesters. Since then, numerous microbes have been identified, and
consequently, several enzymes have been isolated and characterized, including multiple
PET hydrolases such as lipases, cutinases, and esterases. In 2016, Tanasupawat et al.
(Tanasupawat et al, 2016) discovered the Ideonella sakaiensis 201-F6 strain in a trash
recycling facility (Danso et al, 2019), which was found to produce PET hydrolase
(PETase) and mono hydroxyethyl terephthalate (Qi et al, 2021).

The six polymers most used in plastic production include polyethylene (PE),
polypropylene (PP), polystyrene (PS), polyvinyl chloride (PVC), polyethylene tereph-
thalate (PET), and polyurethane. Microorganisms are known to naturally degrade
these synthetic polymers and biotransform them into products with added value. As

15



a result, scientists are exploring the use of microbes for the degradation of synthetic
materials like plastics. It is suggested that microorganisms may be evolving to adapt to
life in the plastic age. Figure 1 shows a comparison of the different organic structures
of various types of synthetic plastics.

Biodegradation of plastic involves the depolymerization of polymeric materials
into oligomers or monomers, which can then enter the biogeochemical cycle. Vari-
ous enzymes catalyze these biodegradation processes (Skariyachan et al, 2022). The
complete biodegradation process consists of four stages: deterioration, fragmenta-
tion, assimilation, and mineralization. Figure 6 illustrates the microbial degradation
mechanism of plastics.

Mechanism of Plastics Microbial Degradation

® —
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Fig. 6 The mechanism of microbial degradation of plastics

2.4.1 Bacterial Biodegradation

In 2016, a Japanese research team discovered Ideonella sakaiensis within a contam-
inated site with PET bottles (Yoshida et al, 2016). This bacterium was found to
degrade PET by producing enzymes and utilizing PET as a carbon source, offering a
promising solution to the global PET degradation challenge. A recent study (Walter
et al, 2022) highlighted its ability to degrade two types of plastic containers with a
degradation efficiency of 96%.
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Ideonella sakaiensis degrades PET through a series of steps, starting with attach-
ment to the PET surface, followed by enzyme production, metabolism, and energy
generation. The bacterium’s initial physical attachment is facilitated by environmental
conditions, PET’s hydrophobic properties, and the production of adhesion molecules
with a high affinity for PET. Additionally, the bacterium forms a biofilm, producing
a matrix of extracellular polysaccharides (EPS) that further aids in adhesion. Once
attached, Ideonella sakaiensis produces two key enzymes: membrane-bound MHET
hydrolase (MHETase) and extracellular PET hydrolase (PETase) (Graf et al, 2021).
The PETase enzyme hydrolyzes PET, yielding terephthalic acid (TPA), ethylene
glycol, and monomers of mono(2-hydroxyethyl) terephthalate (MHET). MHETase
enzyme then hydrolyzes MHET into TPA and ethylene glycol. Through enzyme
production and metabolic pathways like glycolysis, the bacterium completes the
breakdown of PET, assimilating these monomers as carbon sources to generate energy.

Moreover, Marine bacteria have been recognized for their widespread applications
in biodegradation (Viel et al, 2023; Zhao et al, 2023). Recent research has highlighted
the ability of the marine bacterium Rhodococcus pyridinivorans to degrade PET (Zhao
et al, 2023). The bacterium produces PET esterase, which catalyzes PET degradation.
Under certain conditions, studies have documented the degradation of 4.03 mg of
PET within five weeks of culture. High-performance liquid chromatography (HPLC)
analysis confirmed the production of MHET and TPA as the primary degradation
products, while BHET was identified as a temporary product that rapidly converts to
MHET.

Additionally, further screening of the same environment revealed the coexistence
of other bacterial species with PET degradation capabilities, including Burkholde-
ria (Jiang et al, 2023), Paraburkholderia, Caballeronia, Mycobacterium, Cupriavidus,
Variovora, Bradyrhizobium, Hydrogenophaga, Novosphingobium, Achromobacter,
Sphingopyxis, and Acidovorax_D, among others.

Furthermore, (Din et al, 2023) documented a new isolate, Stenotrophomonas
maltophilia PRS8, which demonstrates the ability to degrade PET at mesophilic
temperatures. This degradation process is facilitated by biofilm formation on
the PET surface and the production of a cutinase-like enzyme. Optimization of
physicochemical factors has enhanced enzyme production, yielding terephthalic acid
(TPA), mono(2-hydroxyethyl)-TPA (MHET), and bis(2-hydroxyethyl)-TPA (BHET).
Stenotrophomonas maltophilia PRS8 shows promise as a solution for PET degrada-
tion, exhibiting similar results to Ideonella sakaiensis and outperforming the Humicola
insolens thermostable HiCut (HiC) enzyme (Ahmaditabatabaei et al, 2021).

Another study highlighted the Symbiotic relationships that occur between organ-
isms that can benefit, harm, or have no effect on each other. Xanthomonas sp. HY-74
and Bacillus sp. HY-75 within the insect gut demonstrates such a relationship. A novel
study (Kim et al, 2023) isolated Xanthomonas sp. HY-74 and Bacillus sp. HY-75 and
highlighted their ability to produce enzymes with potential for PET degradation. The
study observed PET weight loss and morphological changes using a scanning electron
microscope (SEM).
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2.4.2 Fungal Biodegradation

Aspergillus species are known for their enzyme production capabilities (Ntana et al,
2020). A recent study (Esmaeili Nasrabadi et al, 2023) focused on Aspergillus spp.
and their efficiency in removing or degrading PET, HDPE, LDPE, PE, PU, and PVC.
Aspergillus glaucus and Aspergillus niger exhibited a high PET degradation/removal
rate of 40%, while Aspergillus flavus, Aspergillus niger, and Aspergillus oryzae showed
moderate efficiencies, with degradation rates of 28.78% and 26%, respectively.

Another study focusing on microorganisms with enzymatic activities potential
for PET depolymerization (Malafatti-Picca et al, 2023) found that Trichoderma sp.
CBMAI 2071, Trichoderma atroviride CBMAI 2073, Cladosporium cladosporioides
CBMAI 2075, and Curvularia trifolii CBMAIT 2111, demonstrated enzyme production,
chemical alterations, polymer structure modifications, and the release of monomers
and oligomers.

Also, a novel study (Sales et al, 2023) tested the ability of Yarrowia lipolyt-
ica IMUFRJ 50682 to depolymerize PET from waste mooring lines of Oil & Gas
offshore platforms. Promising results were observed, including the production of
PET monomers and their intermediates as end products, as well as increased PET
crystallinity and surface deformation due to biodegradation.

2.4.3 Microbial Communities Degradation

The diversity of the bacterial community in the deep sea offers promising potential
for PET degradation. A research study on oceanic deep-sea sediments reported PET
weight loss after inoculating PET films with colonization by M. sediminum, M. gudao-
nensis, T. xiamenensis, and N. marinus (Zhao et al, 2023). Additionally, the study
detected MHET and TPA monomers as end products of PET depolymerization.

Furthermore, a recent research study (Maheswaran et al, 2023) prepared micro-
bial consortia (MC) consisting of two bacterial isolates, Bacillus subtilis and Sarcina
aurantiaca, along with two fungal isolates, Aspergillus flavus and Aspergillus niger.
The consortia demonstrated the potential to degrade PET without pretreatment, as
well as decreased the crystallinity and hydrophobicity of PET films, resulting in a
weight loss percentage of 28.78%.

It is worth noting that, microbial synergistic interaction occurs when two microor-
ganisms collaborate to achieve an overall performance and functionality that exceeds
what either organism could accomplish individually. In this context, the research in
(Yan et al, 2023) has reported synergism between P. nitroreducens S8 and P. mon-
teilii S17, which offers a promising pretreatment application for PET degradation by
forming biofilm and enhancing the process through PET surface distortion.

2.5 A Glance on the Literature of Al-based PET
Biodegradation, Detection, and Sorting

Artificial intelligence (AI) has significantly transformed polyethylene terephthalate

(PET) waste management by enabling breakthroughs in both biodegradation opti-

mization and waste handling efficiency. In the domain of biodegradation, deep learning
(DL) has played a vital role in enzyme discovery and protein engineering. Machine
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learning models—such as convolutional and recurrent neural networks—are now used
to predict enzyme-substrate interactions, leading to the identification of highly effi-
cient PET-degrading enzymes such as PETase and MHETase (Salas-Nuilez et al,
2024; Kroll et al, 2023). Genomic prediction models supported by neural networks
and support vector machines (SVMs) simulate genetic variations and forecast enzy-
matic activity (Jin et al, 2023), thus expediting the design of chimeric enzymes with
enhanced activity, specificity, and environmental stability (Ferreira et al, 2023).

These models are further strengthened by metagenomic analysis (Purohit, 2020),
which allows researchers to mine large environmental datasets for novel PET-degrading
organisms. The synergy between in-silico predictions and in-vitro validation has accel-
erated the development of bio-catalytic systems for PET depolymerization under
diverse marine conditions (Markus et al, 2023). Additionally, enzyme formulation
technologies leverage generative models and high-throughput screening to optimize
catalytic efficiency, even in fluctuating pH and temperature conditions (Xie and
Warshel, 2023; Wen et al, 2025). Recent reviews have also noted the rising contribution
of generative adversarial networks (GANSs) in proposing novel enzyme variants, thereby
deepening the integration of Al into molecular biodegradation pathways (Gelfand et al,
2025).

In parallel, computer vision (CV) and machine learning (ML) approaches have
been widely deployed to automate the detection, classification, and sorting of PET
waste. For example, marine waste segmentation models trained on datasets such as
TrashNet and MODSD enable autonomous underwater vehicles (AUVs) to detect PET
items in diverse aquatic conditions (Khriss et al, 2024). Enhanced convolutional neural
networks (CNNs) have been shown to support microplastic detection at scale, even in
turbid or low-light marine environments (Gugliandolo et al, 2024; Sarker et al, 2024).
Similarly, real-time waste classification in recycling facilities benefits from edge Al-
powered object detection algorithms that operate on conveyor belts, allowing for rapid
separation of recyclable PET from other debris (Satav et al, 2023; Cheng et al, 2024).

Recent works also highlight smart systems that integrate RFID/GPS tags and IoT
sensors to support PET waste tracking across the collection, recycling, and distribu-
tion chain. These systems, coupled with blockchain infrastructure, enable provenance
tracing and improved accountability in circular economy models (Alnuaimi et al, 2023;
Bulkowska et al, 2024). Furthermore, sorting technologies based on DL and resin iden-
tification codes (RICs) now allow for material-specific classification of PET composites,
improving recycling purity and resource recovery (Kunwar et al, 2025).

A quick glance at the recent literature confirms this wide adoption of core Al
technologies. For example:

e Plastic litter detection using CNN-based classifiers in marine environments (Khriss
et al, 2024)

e Generative augmentation for underwater waste datasets using CycleGANs (Khind-
kar and Khindkar, 2022)

e PET enzyme engineering using ML-guided hydrolase design (Lu et al, 2022)

® Deep learning-based PET waste classification using RICs (Kunwar et al, 2025)

® Smart robotic sorting and detection for PET using integrated Al pipelines (Satav
et al, 2023)
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These examples collectively highlight the technological maturity of ML, DL, and CV
in PET biodegradation and handling. Consequently, these approaches have become
the cornerstone of Al in plastic waste management.

With this context established, the remainder of this review turns its attention
to underexplored AI methodologies—such as reinforcement learning, generative Al,
federated learning, and soft robotics. These emerging fields, although nascent, hold
untapped potential to address existing bottlenecks in marine PET management. To
provide a high-level overview, Fig. 7 presents a Sankey diagram that envisages a map-
ping of the major capability clusters identified in PET management to the emerging
AT paradigms most relevant to enabling them. This visualization highlights the key
connections between paradigms and their distinctive strengths, serving as a concep-
tual bridge into Section 3 and the following sections, where each paradigm and its
capabilities will be discussed in detail.

3 RL for PET Waste Management in Marine
Environments

3.1 Detection and Monitoring of PET Waste in Marine
Ecosystems

Artificial intelligence (AI)-driven satellite and aerial surveillance systems can use rein-
forcement learning (RL) to improve the identification of floating PET debris from
high-altitude balloons, aerial drones, and satellite data. Furthermore, RL-enhanced
sonar and LiDAR systems can be taught to distinguish PET trash from natu-
rally occurring ocean components including seaweed, boulders, and marine life. This
can help in prioritizing high-risk debris likely to fragment into micro/nano-plastics.
Through learning from real-time environmental data, such as temperature changes,
wind patterns, and ocean currents, these RL-optimized remote sensing algorithms get
better over time, making it possible to anticipate garbage accumulation areas with
greater accuracy. Dynamic forecasting of PET waste drift is another critical application
of RL.

With RL-based technology, underwater PET waste identification is also pro-
gressing. In deep-sea settings, underwater robots using RL-powered computer vision
systems are able to identify and categorize submerged PET trash. As an example of
the research in this domain, the researchers in (Zhang et al, 2023b) proposed a deep
learning model to identify marine debris in images captured by remotely operated vehi-
cles (ROVs). The model employs convolutional neural networks (CNNs) to recognize
and classify objects, aiming to enhance the effectiveness of ocean cleanup initiatives.
This approach highlights the potential of Al-driven technologies in addressing the
challenges of marine pollution detection and mitigation. Following identification, it is
essential to ensure effective collection and cleanup processes.
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Fig. 7 Sankey diagram illustrating the high-level connections between clustered PET management
capabilities and the emerging Al paradigms that enable them, highlighting overlaps and complemen-
tarities across approaches.

3.2 Autonomous Marine Waste Collection and Cleanup

Floating and submerged PET debris release hazardous additives and toxic leachates
(e.g., phthalates, bisphenols) into water columns. By integrating reinforcement learn-
ing (RL) technology, autonomous marine garbage collection and cleaning systems are
becoming more advanced, reducing exposure of marine organisms and humans to these
hazardous compounds, and mitigating downstream ecotoxicological risks. Moreover,
by integrating data from buoys, satellites, and oceanographic sensors, RL improves
oceanic drift prediction models. This allows for proactive cleanup efforts before waste
reaches sensitive ecosystems, minimizing environmental damage.

In order to gather floating or submerged PET trash, marine robots—such as
autonomous surface vehicles and underwater drones—can use RL-based algorithms to
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traverse constantly shifting ocean currents. In order to ensure effective and focused
cleaning operations, these algorithms allow the robots to select collecting zones based
on oceanographic models and real-time pollution concentrations. By allowing swarms
of self-governing boats and drones to coordinate their routes for the best possible
collection of PET waste, multi-agent RL significantly improves the efficacy of these
systems. These systems may adjust to new marine PET contamination hotspots using
self-learning collecting techniques, increasing their reactivity and general effectiveness.
Inspired by this potential, the research in (Nader et al, 2024) proposes a robust solu-
tion for object retrieval in dynamic marine conditions. The study employs a deep
reinforcement learning (DRL) algorithm called Soft Actor-Critic (SAC) to train an
agent for retrieving objects from a dock despite disturbances caused by sea waves.
This approach demonstrates the potential of RL in addressing complex challenges in
marine environments, paving the way for more effective and adaptive waste collection
systems.

3.3 Biodegradation and Enzyme Engineering for PET in
Marine Conditions

Innovative approaches for the management of PET waste can be provided by the appli-
cation of reinforcement learning (RL) to optimize marine biodegradation processes.
By using PET-degrading bacteria or enzymes, such as PETase and MHETase, in regu-
lated marine habitats, RL can improve bio-remediation techniques by hastening PET
breakdown while taking into account toxic intermediates (e.g., BHET, MHET) that
can act as hazardous byproducts. Particularly, RL has the potential to maximize the
effectiveness of these biological processes by adjusting variables like salinity, pH, and
enzyme concentration after learning the ideal conditions for microbial breakdown.

Along the same lines, new PET-degrading enzymes that are suited to work well in
harsh marine environments, including low oxygen levels, high salinity, or cold temper-
atures, can be developed in the field of protein engineering using RL-based generative
design. This is not only as efficiency enhancement but also as hazard-mitigation
through enzyme safety profiles. Moreover, PET biodegradation rates can be greatly
increased by RL-driven molecular simulations, which further enhance these enzymes
by forecasting and optimizing enzyme-substrate interactions.

One example of research areas that can benefit from RL was highlighted in (Rapa
et al, 2024a). This study examines the distribution and identification of marine plastic
waste, assesses its socio-economic and environmental impacts, and explores recovery
strategies from a circular economy perspective. The comprehensive analysis, pre-
sented in this study, highlighted the domain of automatic and rapid classification of
micro-plastics in images, which can benefit significantly from RL-optimized biodegra-
dation and protein engineering. This addresses the growing challenge of marine plastic
pollution sustainably.

3.4 Prevention Strategies Using RL-Based Policy Optimization

Reinforcement learning (RL) can be used to improve smart fishing gear and ves-
sel incentive systems to motivate fisherman and cargo ships to collect PET trash
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they come across while operating. By constantly modifying reward-based collection
programs according to current garbage levels and economic considerations, RL can
maximize incentive mechanisms, guaranteeing increased involvement and efficacy in
lowering marine plastic pollution and hazard reduction. This is closely related to the
potential of RL in building predictive models for marine trash restrictions and in simu-
lating long-term hazard accumulation scenarios. By capitalizing on these technologies,
governments can forecast the long-term effects of policies like deposit-return schemes,
extended producer responsibility (EPR), and plastic bans.

In order to create more equitable and successful international policies to address
marine plastic pollution, RL-based models can evaluate trade-offs between industry
restrictions and economic costs. The researchers in (Almroth and Eggert, 2020) pro-
vide an overview of plastic materials, their environmental impacts, and the challenges
posed by marine plastic pollution. The article highlights the effects on marine ecosys-
tems and human health, discusses policy and technical issues, and identifies research
priorities. It emphasizes the need for innovative solutions, which can incorporate RL-
optimized incentive programs and predictive policy models, to address the growing
issue of marine plastic pollution effectively.

3.5 Smart Waste Barriers and Oceanic PET Containment

Reinforcement learning (RL) can revolutionize adaptive floating barriers and booms,
allowing real-time optimization of PET collection devices like as those utilized in
the Ocean Cleanup project (The Ocean Cleanup, 2013). To maximize their effective-
ness, RL algorithms can be incorporated to modify the locations of these barriers
in response to weather, garbage accumulation trends, and ocean currents. To further
improve their usefulness, these systems may also be outfitted with Al-driven robotic
arms that autonomously separate PET trash from biological materials using rein-
forcement learning. Reinforcement learning can also be useful for dynamic, proactive
river interception systems, which aid in the development of Al-powered solutions to
stop PET waste from entering the ocean and intercept PET before it fragments into
hazardous micro- and nano-scale pollutants that enter food webs. In order to pro-
vide proactive and efficient pollution management, smart RL-powered hydrodynamic
models has the potential to forecast the best places to capture garbage in rivers and
estuaries before it joins bigger bodies of water. The researchers in (Khriss et al, 2024)
critically evaluate recent advancements in using convolutional neural networks (CNNs)
and other machine learning techniques to detect and measure plastic debris in water
bodies. While this review examines models, datasets, and evaluation metrics, it under-
scores the potential of Al-driven technologies in improving the interception of marine
plastic pollution, in which RL can be of a central importance, contributing to more
sustainable environmental management practices .

3.6 Sustainable Marine PET Recycling

A balanced and profitable recycling ecosystem may be ensured by RL’s ability to do
the following: 1) evaluating the viability of several PET recovery techniques, including
chemical and mechanical recycling, and suggesting the most environmentally friendly
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options, 2) and dynamically modifying pricing models for recycled PET (rPET) in
response to supply-demand dynamics and environmental factors. Reinforcement learn-
ing can also play a crucial role in supply chain optimization for marine PET recovery.
Hence, it reduces expenses and maximizes environmental benefits by streamlining the
logistics of collecting, transporting, and processing PET trash from isolated coastal
areas to recycling plants. This is often referred to as self-learning supply chain models.

In addition to adapting to changing conditions and ensuring sustainable opera-
tions, self-learning supply chain models can recommend hazard-minimizing recycling
pathways. This, for instance, is pivotal for preventing unsafe shipment of PET waste
to poorly regulated facilities that release hazardous emissions. While many researchers
have explored the valorization of marine plastic litter (through chemical and mechan-
ical recycling), the review in (Rapa et al, 2024b) highlights the role of policy support
in reducing marine plastic pollution and emphasizes the need for a holistic and sus-
tainable approach. By integrating RL-optimized recovery and supply chain strategies,
this approach not only mitigates the environmental impact of marine plastic debris
but also creates economic opportunities, aligning with broader sustainability goals.

Table 3 features a comparison of the capabilities of RL vs. traditional Al
technologies.

Table 3 Comparison of Capabilities: Reinforcement Learning vs. Traditional Al

Capability Traditional Al | Reinforcement
(ML/DL/CV) Learning (RL)

Sequential decision-making in | X v

dynamic environments

Policy optimization wunder | X v

uncertainty

Real-time adaptation and con- | Limited v

tinuous learning

Multi-agent collaboration and | X v
decentralized control

Gamified incentive design and | X v
behavioral modeling

4 Applications of Edge AI in Marine PET
Management

4.1 Smart Marine Debris Detection and Classification

An inventive method for identifying and categorizing marine garbage, especially PET
waste, can be offered by the combination of cutting-edge AI technology with IoT-
enabled marine sensor networks. PET trash can be tracked and monitored in real
time thanks to autonomous buoys and floating sensors that are outfitted with spec-
tral sensors, LIDAR, and Al-powered cameras. These devices reduce latency and the
requirement for constant cloud connectivity by processing image and video data locally
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using Edge AI. The precision of identifying PET trash, whether it is floating on the
surface or submerged underwater, is further improved by multi-sensor fusion, which
combines ultrasonic, radar, infrared, and optical technologies. These marine sensors
are complemented by Al-powered aerial drones that locate PET waste hotspots in
rivers, seas, and coastal areas.

A key characteristic of these various sensing platforms lie in its ability to use
Edge AI models to categorize marine waste in real-time instead of sending massive
amounts of raw data to the cloud. This framework increases energy efficiency while
simultaneously accelerating the detecting procedure. Furthermore, drones can accu-
rately identify PET plastic from biological materials like seaweed thanks to Al-driven
spectral analysis. The authors of (Singh et al, 2023) investigated the detection of
microplastic trash in maritime settings using edge computing and computer vision
techniques. The article presents a real-time microplastic identification approach based
on enhanced convolutional neural networks (CNNs). This approach aims to enhance
waste detection in oceans and rivers while operating efficiently with minimal connec-
tivity requirements, demonstrating the potential of edge-based solutions in combating
marine pollution.

4.2 Autonomous Waste Collection Robots

Following detection and classification, a major step forward in combating marine pol-
lution is represented by Al-driven marine cleanups. Beyond examining PET density
and ocean currents, Edge Al can be utilized by IoT-enabled autonomous boats to nav-
igate and optimize garbage collecting routes. This is crucial for retrieving hazardous
PET items in sensitive zones.

Fleets of marine robots may work together dynamically and cover more regions
more effectively thanks to swarm robotics, which is improved by decentralized Edge
AT processing. Furthermore, real-time edge-based material classification algorithms
are used by Al-powered robotic arms on collection boats to separate PET plas-
tics from other debris, increasing the overall effectiveness of cleanup efforts. Drones
that are capable of gathering rubbish underwater improve these initiatives even
further. Through the use of edge computing, these drones provide more efficient
garbage removal by lowering reaction times and instantly modifying collection plans
in response to environmental variables like tides and underwater currents. PET trash
on the seafloor may be found using IoT-enabled Remotely Operated Vehicles (ROVs)
outfitted with Edge Al-powered sonar and image recognition systems.

One example of the research in this direction is the work proposed by (Sahoo
et al, 2020). A robotic fish system for collecting and detecting garbage underwater is
built to identify and eliminate non-biodegradable garbage effectively. The system com-
bines mobile edge computing, sophisticated image processing, optical biosensors, and
cameras. By tackling the problem of marine trash in a sustainable and cutting-edge
way, this creative strategy seeks to preserve undersea habitats and support environ-
mental conservation. Moreover, fast and localized decision-making prevents hazardous
materials from dispersing into fishery food chains and thus reduces human exposure
risks.
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4.3 Predictive Analytics and Decision Support for Marine
Cleanup Operations

In order to identify PET accumulation zones, Al-driven ocean pollution forecast-
ing systems use Edge Al-powered IoT buoys to gather real-time oceanographic data,
including tides, temperature, and salinity. When paired with Al-powered simulation
models, these systems are able to predict how PET contamination would affect marine
biodiversity and suggest specific cleanup efforts to lessen harm. The effectiveness of
marine conservation initiatives is increased by this proactive approach. By offering
practical insights, intelligent decision support technologies provide stakeholders even
more leverage.

For government organizations, non-profits, and waste management firms, real-
time PET pollution heatmaps are produced using IoT-integrated dashboards driven
by Edge Al analytics. Additionally, Al-driven policy recommendations help optimize
marine plastic regulations and resource allocation, ensuring more effective PET waste
management strategies. The authors of (Ditria et al, 2022b) examined the role of Al
and automation in marine science. The article emphasizes how predictive modeling
and decision support systems, powered by Al-driven analytics, can enhance the plan-
ning and execution of marine cleanup operations. By delivering real-time insights and
forecasts, these technologies contribute to more informed and efficient conservation
efforts, ultimately supporting the protection of marine ecosystems.

4.4 Smart Waste Barriers and Marine Waste Containment

Similar to RL (please see section 3.5), Edge AI can be used to build smart waste
barriers. Particularity, Edge AI can empower the dynamic change of floating barriers’
locations in response to real-time data from IoT sensors. Optimal operation, through
effective anticipation of PET trash formation, can also benefit from feeding the infor-
mation of IoT-connected flow sensors into Al algorithms. By categorizing PET trash
and sending out signals when collection is necessary, solar-powered floating barriers
with Edge AI cameras further improve functioning and guarantee prompt and focused
cleanup efforts.

Along the same lines, Edge AI can optimize the operation of river skimmers and
the movement of interception arms by analyzing data on trash accumulation and water
flow, lowering operating costs and energy consumption while preserving high efficiency.
A notable research in this point is (Miller et al, 2025) where researchers looked at
how Al-enhanced IoT systems boost data gathering, analysis, and decision-making
processes in managing environmental pollution, particularly maritime trash contain-
ment, and highlights examples like smart waste barriers. This integration shows how
cutting-edge technology may efficiently and sustainably solve environmental concerns.

4.5 PET Waste Tracking and Blockchain Integration

ToT-enabled smart PET waste monitoring systems represent one creative approach
to monitoring and controlling plastic pollution, especially with regards to identifying
high-hazard PET waste flows. Authorities may identify the origins of PET trash with
the use of IoT-enabled waste tracking tags, such as RFID, GPS, or blockchain-based
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systems, improving accountability and facilitating focused actions. By guaranteeing
transparency and traceability in the recycling process, blockchain-supported circular
economy models enhance waste management initiatives even more.

In order to provide useful information for mitigation methods, Edge Al sensors at
recycling stations can be used to scan incoming debris and use pattern recognition
algorithms to anticipate the sources of marine plastic pollution. Moreover, Al-powered
waste tracking, combined with blockchain technology, creates a transparent supply
chain for recycled PET. Consumers and manufacturers can scan QR codes on PET
products to access detailed information about the waste’s origin, recycling history, and
environmental impact, fostering greater awareness, responsibility, and trustworthiness.

In (Popescu et al, 2024), the authors emphasized the potential of integrating
blockchain technology to improve data transparency and traceability in waste man-
agement systems. This approach is particularly relevant for PET waste tracking in
marine environments, demonstrating how advanced technologies can contribute to
more effective and sustainable pollution management. It is worth mentioning that
blockchain-based provenance records can document hazardous emissions avoided when
PET is recycled safely rather than incinerated or landfilled.

4.6 AI-Optimized Marine PET Recycling

Edge AI can be used by smart sorting systems with recovered PET trash to expedite
the separation and recycling procedure. Sorting ensures hazardous PET streams (e.g.,
colored, multi-layered bottles with toxic stabilizers) are identified and treated sepa-
rately to prevent contamination of recycled products. Conveyor belts driven by Al
automatically separate PET trash from other marine debris on marine cleaning ves-
sels or in recycling facilities. By separating premium PET that can be recycled from
deteriorated or useless plastic, real-time Al classification algorithms operating on edge
devices further increase efficiency and guarantee the best possible resource recovery.

These possibilities are expanded to far coastal areas by IoT-controlled mobile
recycling devices. Based on the properties of incoming garbage, solar-powered mobile
recycling stations work independently, optimizing mechanical and chemical PET recy-
cling operations with Al-driven edge analytics. Additionally, smart inventory tracking
systems help balance the supply of collected PET waste, preventing overloading of
processing facilities and ensuring smooth operations.

Table 4 features a comparison of the capabilities of Edge AI vs. traditional Al
technologies.

5 Soft Robotics: Bioinspired Solutions for Marine
PET Management

Soft robotics, a field inspired by the flexibility and adaptability of natural organisms,
offers innovative solutions for PET waste management in challenging aquatic environ-
ments. Unlike traditional rigid robots, soft robots use pliable materials, allowing them
to interact safely with sensitive ecosystems. Hence, soft robots can reduce the release
of secondary microplastics that occurs when brittle, aged PET fragments are mishan-
dled — preventing further hazardous particle dissemination. Soft robotics has proven
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Table 4 Comparison of Capabilities: Edge Al vs. Traditional Al

Capability Traditional Al | Edge Al
(ML/DL/CV)

Real-time inference in remote, | X v

low-connectivity environments

On-device processing with | X 4

reduced latency and energy use

Autonomous actuation based | X v

on sensor input (e.g., drones,

robots)

Privacy-preserving operation | Limited v

without data transmission

Al-powered continuous moni- | Limited v

toring in dynamic field condi-

tions

Closed-loop control and local- | X v

ized decision-making

effective in tasks ranging from waste collection to biodegradation and recycling. We
dedicate this subsection to discussing a few potential uses of SR in marine PET waste
management.

5.1 Bioinspired Waste Collection and Sorting

One of the most promising uses of soft robotics in PET management is bioin-
spired waste collection. Robots modeled after marine organisms, such as jellyfish and
octopuses, can navigate complex underwater environments—such as coral reefs and
seabeds—while minimizing ecological disturbances. Equipped with flexible, soft grip-
pers, these robots can gently capture PET waste without harming marine life. Thus,
soft robots’ gentle handling minimizes aerosolization or leaching of these toxins. Their
ability to adapt to irregular surfaces and currents allows them to surpass the efficiency
of rigid robotic systems in removing debris from diverse underwater landscapes.

Notable studies exploring the design of SR were presented in (Wang et al, 2022;
Youssef et al, 2022). They investigated bioinspired designs and the latter empha-
sized the advantages of soft robotic grippers in securely grasping plastic debris while
preventing damage to marine habitats.

Soft robotics can also transform operations in recycling facilities. Equipped with
Al-driven vision systems, these robots excel in sorting PET waste by type, color, or
condition. Their flexibility allows them to handle diverse materials gently, preventing
contamination and improving the efficiency of recycling processes. By integrating soft
robotics with Al facilities can achieve higher throughput and accuracy in waste sorting
and processing (Akram et al, 2024; Cheng et al, 2024). Along the same line of sensor-
equipped soft robotics, Al-enabled hazard classification sensors (e.g., chemical sniffers
or spectroscopic attachments) could be integrated into soft grippers to differentiate
benign PET items from hazardous PET fragments coated with toxic substances.
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5.2 Enzyme Deployment for Biodegradation

Another emerging strategy involves the use of soft robotics to facilitate enzyme-based
PET biodegradation. Uncontrolled biodegradation of PET can yield hazardous inter-
mediates (e.g., bis(2-hydroxyethyl) terephthalate, terephthalic acid at toxic levels).
In this regard, soft robots can transport and release specialized enzymes capable of
breaking down PET waste in targeted locations, particularly in high-density pollution
zones. By focusing on strategic deployment, this method accelerates the degradation
process and reduces the environmental footprint of PET pollution. Additionally, inte-
grating Al-powered navigation enhances the precision of enzyme distribution, ensuring
maximum effectiveness.

A promising research direction could be the exploration of soft robots that are
engineered to carry enzymatic solutions to specific underwater waste sites. The role
of robotic mobility and AI optimization would ensure efficient and sustained enzyme
activity in marine environments. A promising direction in deploying soft robots,
beyond their usage as enzyme carriers, is their potential as hazard-neutralizers in
highly contaminated PET zones. This can be accomplished by combining enzyme-
carrying robots with micro-sorbent release mechanisms to capture hazardous leachates
as degradation proceeds.

5.3 Microplastic Filtration and Containment

Micro- and nano-PET particles are now recognized as hazardous due to bioaccumu-
lation and toxicity (oxidative stress, DNA damage, endocrine disruption). Beyond
collecting larger PET debris, soft robots have the potential to mitigate microplastic
pollution by filtering and containing microscopic PET particles suspended in the water
column. These robots can be equipped with fine-mesh filtration systems or electro-
static surfaces that attract and trap microplastics as they move through contaminated
areas. Such an approach is crucial for preventing the ingestion of microplastics by
marine organisms and reducing their bioaccumulation in the food chain. filtration via
soft robots avoids reliance on conventional chemical treatment, which often generates
secondary hazardous effluents.

Although not specifically focused on soft robotics, an example study focusing on
this application is discussed in (Urso et al, 2023). It was inspired by the poten-
tial of intelligent robots as an alternative to traditional water treatment methods,
which often fall short in completely removing pollutants or may introduce toxic by-
products into the environment. The authors explored the development and application
of self-propelled, programmable micro- and nanoscale robots designed to enhance
water monitoring and remediation efforts. These robots are engineered to overcome
diffusion-limited reactions, thereby promoting effective interactions with various con-
taminants, e.g., microplastics, persistent organic pollutants, heavy metals, oils, and
pathogenic microorganisms. On the system level, they exhibit capabilities such as
autonomous motion, multifunctionality, adaptive responses to environmental stimuli,
collective behavior, and inter-robot communication.

Table 5 features a comparison of the capabilities of SR wvs. traditional Al
technologies.
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Table 5 Comparison of Capabilities: Soft Robotics vs. Traditional Al

Capability Traditional Al | Soft Robotics
(ML/DL/CV)

Safe navigation in ecologically | N/A v

sensitive aquatic terrains

Gentle physical interaction | N/A 4

with marine debris and sub-

strates

Adaptive  shape-conforming | N/A v

manipulation

On-site deployment of enzymes | N/A v

or microbes for biodegradation

Embodied environmental | N/A v

manipulation (beyond sensing)

Real-time actuation in | Limited v

dynamic marine conditions

6 Federated Learning Applications in Marine PET
Waste Management

6.1 Collaborative Marine Debris Detection Across Distributed
Data Sources

Detecting PET waste in marine environments often requires aggregating data from
various sources, such as coastal monitoring stations, research vessels, and satellites.
Federated learning enables these disparate entities to collaboratively train machine
learning models without sharing raw data, preserving privacy and reducing data trans-
fer overhead. This approach enhances the accuracy of debris detection models by
leveraging diverse datasets while maintaining data sovereignty. Moreover, joint train-
ing across institutions allows for early detection of high-hazard PET accumulations
before fragmentation into micro/nano-plastics, which are particularly hazardous due
to bioaccumulation and toxicological effects.

The potential of FL holds for detection tasks and even multi-label classification
tasks. Serving as a reference example, we refer the reader to the research proposed in
(Ghasemkhani et al, 2024). In this work, the authors proposed a federated multi-label
learning framework that allows multiple parties to jointly train classification models
without exchanging raw data. The methodology demonstrates high accuracy across
various datasets, showcasing its potential for applications like distributed marine
debris detection where data privacy is paramount.

6.2 Privacy-Preserving Monitoring of Marine Ecosystems

Monitoring marine ecosystems for PET pollution involves collecting sensitive environ-
mental data. Federated learning facilitates the development of predictive models by
allowing institutions to collaboratively analyze data trends without exposing propri-
etary or sensitive information, e.g., industrial PET waste discharge monitoring, toxic

30



leachate measurements. This ensures compliance with data protection and hazardous
materials regulations while enabling comprehensive environmental monitoring.

A pertinent research was proposed in (Zhang et al, 2023a). The authors presented
a hierarchical FL architecture designed for Internet of Things (IoT) environments. The
framework enables edge devices to perform local training and share model updates
with a central server, enhancing data privacy and reducing communication costs. The
study’s findings are applicable to marine ecosystem monitoring, where distributed
sensors can collaboratively detect PET waste without compromising data security.

6.3 Enhancing Marine Waste Management Through
Decentralized Learning

Effective management of PET waste in marine environments requires adaptive strate-
gies that can respond to dynamic conditions, which are often challenging to be
captured by a single entity. Federated learning supports decentralized model train-
ing across various stakeholders, e.g., port authorities and environmental agencies,
and regional contexts, e.g., industrial coasts and remote fisheries, enabling dynamic
hazard-mapping, real-time updates and localized decision-making. This collaborative
approach improves the responsiveness and efficiency of waste management systems.

Although the study presented in (Fu et al, 2023) focused on intelligent transporta-
tion systems, it explored an area that can be of a significant importance to marine
PET management—the application of federated learning in optimizing resource alloca-
tion. The principles outlined can be extended to marine waste management scenarios,
facilitating coordinated efforts among different entities to address PET pollution
effectively.

6.4 Secure Data Sharing for Marine Pollution Research

Hazard-related PET datasets often contain information about toxic additives,
leachates, or microplastic toxicological assays that cannot be freely shared due to
biosafety, ethics, or proprietary restrictions. At the same time, collaborative research
on marine PET pollution often involves sharing data across institutions with varying
data governance policies. Federated learning provides a framework for secure model
training without necessitating data centralization, thereby respecting institutional
boundaries and fostering collaborative innovation.

The review in (Solis et al, 2024) examines the integration of federated learning
with fog computing and blockchain technologies in IoT applications. The study high-
lights how this combination enhances data security, reduces latency, and supports
decentralized decision-making. These insights are pertinent to FL-inspired marine pol-
lution research, where secure and efficient data sharing mechanisms are crucial for
collaborative studies on PET waste management.

Table 6 features a comparison of the capabilities of FL vs. traditional Al
technologies.
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Table 6 Comparison of Capabilities: Federated Learning vs. Traditional Al

Capability Traditional Al | Federated Learning
(ML/DL/CV) (FL)
Collaborative model training | X v

across institutions without
data sharing

Privacy-preserving learning | X v
with decentralized data

Scalable operation under band- | X v
width and connectivity con-
straints

Support for multi-modal and | Limited v
non-I1ID data distributions

Cross-border  environmental | X v
modeling with data sovereignty

Localized model personaliza- | X v
tion with shared global opti-
mization

7 Decision Support Systems Applications in Marine
PET Waste Management

7.1 Multi-Criteria Decision Analysis for Sustainable PET
Waste Treatment

Selecting the most sustainable PET waste treatment methods in marine environ-
ments involves evaluating multiple criteria, including environmental impact, economic
feasibility, and social acceptance. Decision Support Systems utilizing Multi-Criteria
Decision Analysis (MCDA) frameworks assist policymakers and stakeholders in sys-
tematically comparing various treatment options to identify the most balanced and
effective solutions. This can involve the computation of hazard severity scores, such
as toxicity of degradation byproducts and probability of secondary hazardous emis-
sions. In this sense, DSS could provide policymakers with hazard-weighted treatment
hierarchies, elevating safer biodegradation or upcycling pathways over hazardous
incineration routes.

The study in (Al-Thani et al, 2022) presented an integrated Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS) and Coefficient of Variation
(COV) approach to evaluate the sustainability of eight different PET waste bottle
treatment methods. By incorporating environmental, economic, and social criteria, the
model aids in identifying the most sustainable treatment option. The findings demon-
strate the effectiveness of the integrated approach in supporting decision-making
processes for PET waste management in marine contexts.
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7.2 Bayesian Belief Networks for Evaluating Plastic Clean-Up
Technologies

Implementing plastic clean-up technologies in marine environments requires assessing
their effectiveness and potential ecological impacts. Decision Support Systems incorpo-
rating Bayesian Belief Networks (BBNs) provide a probabilistic framework to evaluate
various clean-up strategies, considering uncertainties and trade-offs between removal
efficiency and ecological risks. This is closely related to uncertainty in hazard path-
ways, e.g., likelihood of PET fragmenting into hazardous microplastics vs. being safely
removed. Accordingly, BBNs can help evaluate trade-offs between removal efficiency
and the potential release of hazardous leachates during cleanup operations, thereby
informing safer technology deployment.

The authors of (Leone et al, 2022) introduced a decision support toolbox that
integrates Bayesian Belief Networks to assess plastic clean-up technologies in riverine
and estuarine environments. The BBN framework allows for the evaluation of trade-offs
between debris removal efficiency and potential adverse effects on aquatic ecosystems.
The study highlights the utility of BBNs in informing evidence-based decisions for
deploying clean-up interventions in marine settings.

7.3 Systematic Review of Multi-Criteria Decision-Making in
Plastic Waste Management

Understanding the application of multi-criteria decision-making methods in plastic
waste management provides insights into best practices and areas for improvement.
Decision Support Systems benefit from systematic reviews that analyze existing
studies, methodologies, and outcomes to enhance decision-making frameworks for
managing marine PET waste.

The systematic review proposed in (Santos et al, 2022) covered studies employ-
ing multicriteria decision analysis (MCDA) for plastic waste management in marine
and terrestrial environments. By examining 20 relevant papers, the review identi-
fies common criteria, decision-making methods, and implementation challenges. The
findings offer valuable guidance for developing and refining DSS tools aimed at
improving plastic waste management strategies. That being said, most of the exist-
ing MCDA reviews underrepresent hazard-specific criteria, such as carcinogenic risk
of PET additives, occupational hazards in recycling, or ecotoxicological endpoints.
Hence, another research gap lies in integrating hazardous material risk assessment into
decision-making frameworks.

7.4 Decision Framework for Estimating the Cost of Marine
Plastic Pollution

Quantifying the economic impact of marine plastic pollution is essential for informed
policy-making and resource allocation. Particularly, DSS could model the economic
burden of hazardous micro/nano-PET accumulation, including long-term costs of
ecosystem degradation, healthcare, and food security. Decision Support Systems
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that incorporate cost estimation frameworks enable stakeholders to assess the finan-
cial implications of plastic pollution and prioritize interventions accordingly. This
strengthens DSS relevance for risk-informed policy.

In (Murphy et al, 2022), the authors presented a decision framework designed to
estimate the economic costs associated with marine plastic pollution. By integrating
various cost factors, including environmental damage, clean-up expenses, and economic
losses in fisheries and tourism, the framework assists policymakers in understanding
the financial burden of plastic pollution.

Table 7 features a comparison of the capabilities of DSS vs. traditional Al
technologies.

Table 7 Comparison of Capabilities: Decision Support Systems vs. Traditional Al

Capability Traditional AI | Decision Support
(ML/DL/CV) Systems (DSS)

Multi-criteria decision-making | Limited v

based on diverse priorities

Integration of heterogeneous | Limited v

data types (e.g., sensor, policy,

economic)

Simulation of policy and inter- | X v

vention trade-offs

Scenario analysis and long- | Limited v
term strategic planning

Dynamic adaptation to new | Limited v
data and evolving constraints

8 Generative Al for Effective Marine PET
Management

8.1 Synthetic Data Generation for Improved Detection Models

Developing accurate models for detecting PET waste in marine environments is chal-
lenging due to the limited availability of labeled datasets. Generative Al can address
this issue by creating synthetic images of PET debris in various underwater conditions,
expanding the diversity and volume of training data. Moreover, synthetic datasets
can simulate hazardous states of PET (e.g., weathered fragments likely to release
leachates, microplastics carrying heavy metals). This approach enhances the robust-
ness of machine learning models, allowing them to more effectively recognize and
classify marine plastic waste in real-world scenarios. Furthermore, generative augmen-
tation supports detection models in identifying hazard-critical PET forms — brittle,
aged, or chemically altered PET most prone to releasing toxins. To illustrate the effec-
tiveness of generative Al in this application, we review a study that demonstrates its
impact on improving underwater debris detection.
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A 2022 study (Khindkar and Khindkar, 2022), titled ?GAMMA: Generative Aug-
mentation for Attentive Marine Debris Detection”, presents a novel solution to
the scarcity of labeled underwater waste images. Researchers employed CycleGAN,
a generative adversarial network (GAN), to convert terrestrial plastic images into
underwater-style images, effectively generating synthetic training datasets. Addition-
ally, the study proposed an attention-based architecture to refine marine debris
detection. The results demonstrated that this generative approach significantly out-
performed existing detection models, making it a promising tool for enhancing the
identification of PET waste by autonomous underwater vehicles (AUVs).

8.2 PET Upcycling with Generative Al

Upcycling PET waste into high-value products such as carbon nanotubes, advanced
composites, or novel polymers presents a transformative approach to sustainable waste
management. Unlike traditional recycling, which often results in lower-quality mate-
rials, PET upcycling leverages Generative Al models, such as Generative Adversarial
Networks (GANSs), to design and predict new material properties that enhance the
structural and functional capabilities of recycled PET. Along the same lines, upcycling
design using GenAl can explicitly consider hazard reduction, e.g., designing PET-
derived composites that are non-toxic and chemically stable, and minimizing pathways
for hazardous byproducts during upcycling (avoiding dioxins or corrosive effluents). By
training AT models on extensive polymer databases, researchers can generate optimized
molecular structures, enabling the creation of innovative PET-derived materials with
extended lifecycles. These advancements contribute to the circular economy, ensuring
that PET waste is reutilized in ways that add value rather than degrade its quality.

To highlight a potential research direction in PET upcycling and to reflect on the
capabilities mentioned above, we review a pertinent study although it is not focused
on PET. In (DE MARTINO et al, 2025), the authors presented a framework that
uses physical and qualitative criteria, along with generative Al, to identify new reuse
opportunities for textile waste. The generative Al component analyzes data patterns
and proposes creative reuse scenarios, considering technical, economic, and sustain-
ability factors. The study’s findings suggest that textile waste can be repurposed into
high-value applications across various industries.

8.3 Optimizing Biodegradation Processes

So far, we have discussed GenAT’s potential in synthesizing datasets and designing new
material properties. Along the same lines, GenAl can also assist in designing novel
enzymes or microbial strains that efficiently break down PET plastics. By simulating
molecular structures and reactions, generative models can predict optimal enzyme-
substrate interactions, accelerating the discovery of effective biodegradation pathways.

A pertinent research study was published in (Yip et al, 2024) where they explored
an alternative biodegradation approach using engineered microbial communities. The
researchers focused on wastewater as a primary pathway for microplastic contamina-
tion, demonstrating that tailored microbial consortia could effectively break down PET
waste. This study provides evidence that biotechnological interventions could play a
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key role in addressing marine PET pollution. It is worth noting that GenAlI-guided
enzyme,/microbe design should prioritize hazard minimization by ensuring pathways
convert PET into non-toxic metabolites, avoid accumulation of harmful intermedi-
ates, and operate under safe conditions that prevent uncontrolled release of hazardous
compounds. To demonstrate the role of generative Al in optimizing biodegradation,
we review two relevant studies that apply Al-based enzyme engineering.

Table 8 features a comparison of the capabilities of GenAl vs. traditional Al
technologies.

Table 8 Comparison of Capabilities: Generative Al vs. Traditional Al

Capability Traditional AT | Generative Al
(ML/DL/CV) (GenAI)
Synthetic data generation for | X v

rare or underrepresented sce-
narios

Enzyme and polymer design | X v
through generative modeling

Augmentation of datasets to | Limited v
improve model generalization

Exploration of hypothetical | Limited v
intervention outcomes

9 The Applications of Large Multimodal Models in
Marine PET Waste Management

9.1 Enhancing Marine Litter Detection through Dataset
Augmentation

Along the same lines of the discussion in section 8.1, Large Language Models (LLMs)
and Large Multimodal Models (LMMs), when combined with generative models,
can augment existing datasets by generating annotated synthetic data, including
hazardous PET states (for example, micro/nano-plastics carrying hazardous co-
contaminants). Better dataset balance improves the capacity of detection systems to
flag high-hazard PET debris rather than just bulk plastic. The research proposed in
(Mellone et al, 2025) presented an efficient data augmentation pipeline that combines
generative diffusion models (e.g., Stable Diffusion) and LLMs to expand the G-Litter
dataset, a marine litter dataset designed for autonomous detection in heterogeneous
environments.

9.2 Developing Domain-Specific Vision-Language Models for
Marine Environments

General-purpose LLMs often lack the specificity required for marine applications.
Developing domain-specific vision-language models enables better understanding and

36



interpretation of marine data, facilitating more effective PET waste management
strategies. For instance, marine-specific LMMs can incorporate hazard descriptors
— such as “PET fragment with phthalate coating” or “nanoplastic adsorbing cad-
mium” — so models do not just detect PET but classify hazard severity levels, i.e.,
hazard-aware classification rather than simple recognition.

In (Zheng et al, 2023), the authors introduced MarineGPT, the first vision-language
model specifically designed for the marine domain. By fine-tuning on marine-specific
data, MarineGPT demonstrates improved performance in understanding and gener-
ating informative responses related to oceanographic content, thereby aiding in public
education and marine research initiatives.

9.3 Facilitating Real-Time Monitoring and Optimized Polymer
Design for Ocean Waste Management

Capitalizing on the potential of LMMs in analyzing multi-modal data, they can be
incoporated to process vast amounts of data from various sources. These sources
include satellite imagery, sensor data, and reports from vessels in action, which would
support decision-making processes in ocean waste management. One example for this
is an LMM that combines, in real-time, chemical sensor data (hazardous leachates),
visual imagery (PET debris), and ecological indicators (fish kills, coral bleaching) to
prioritize hazard-critical interventions.

Beyond mutlimodal analysis, the generative power of LMMs has stimulated an
increasing research attention on the incorporation of those models in generating opti-
mized polymer designs. This can be of a significant benefit in PET management. A
pertinent research, although not focused on PET, was proposed in (Yang et al, 2024).
The study evaluated the effectiveness of GPT-based and diffusion-based models in
generating novel polymer structures. The authors found that their models successfully
created new polymer candidates with significantly better characteristics than exist-
ing materials in their database. This research demonstrates the potential of LMMs to
accelerate the discovery and design of high-performance materials, addressing a key
challenge in various sectors including marine waste management.

Table 9 features a comparison of the capabilities of LMMs vs. traditional Al
technologies.

10 Explainable Artificial Intelligence Applications
in Marine PET Waste Management

10.1 Enhancing Transparency in Marine Plastic Detection
Models

In marine environments, detecting PET waste using AI models can be challenging due
to the complexity and variability of oceanic conditions. Explainable AT (XAI) tech-
niques provide insights into the decision-making processes of these models, allowing
researchers and practitioners to understand, trust, and improve the detection sys-
tems. By elucidating how models interpret data, XAI facilitates the refinement of
algorithms for more accurate identification of marine plastic debris. Moreover, it helps
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Table 9 Comparison of Capabilities: Large Language Models vs. Traditional Al

Capability Traditional Al | Large Language
(ML/DL/CV) Models (LLMs)

Understanding and synthesiz- | X v

ing scientific literature

Enzyme and polymer design | X 4

through generative modeling

Automated generation of envi- | X v

ronmental reports and policy

drafts

Integration of textual and | X v

visual data (via LMMs)

Knowledge-informed scenario | X v

simulation and summarization

researchers validate that hazard parameters (e.g., particle size thresholds for nanoplas-
tics, chemical signatures of additives) are driving AI predictions, rather than spurious
correlations.

The study in (Kalatzis et al, 2025) presents a new method using explainable AI
(XAI) and Raman spectroscopy to classify marine microplastics with high accuracy
and transparency. The researchers built a spectral library of plastic and biologi-
cal samples and tested several machine learning models. They found that certain
models, particularly k-Nearest Neighbors (k-NN), were highly effective at identifying
microplastics and could also provide insights into their classification logic by highlight-
ing specific chemical bonds in the spectral data. This approach offers a more reliable
and understandable tool for environmental monitoring and policy development by
moving beyond "black box” Al systems.

10.2 Interpreting AI Predictions in Water Quality Assessment

Assessing water quality in marine ecosystems is vital for understanding the impact of
PET waste. Al models can predict various water quality parameters; however, their
black-box nature often limits interpretability. Explaiable AT techniques help in deci-
phering these models, providing clarity on how different factors influence predictions.
For instance, XAI can clarify why models flag spikes in hazardous leachates (antimony,
bisphenol A, heavy metals) as linked to PET accumulation zones. This transparency
aids in validating model outputs and making informed decisions regarding marine
environmental management. Along similar lines, it is crucial for regulatory compli-
ance, especially when hazardous material thresholds must be clearly justified for public
health reporting. It also

The authors of (Nallakaruppan et al, 2024) introduced an Al-based framework for
predicting water quality parameters, incorporating XAl methods to interpret the influ-
ence of different variables on the predictions. The model identifies key factors affecting
water quality, offering insights into the relationships between pollutants and environ-
mental conditions. The approach enhances the reliability of water quality assessments
in marine settings.
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10.3 Building Public Trust through Transparent AI Systems

Communities are more likely to engage if they understand the hazard risks being
reduced — e.g., a cleanup avoided a certain amount of kilograms of microplastics car-
rying a specific amount of milligrams of toxic additives. Hence, public engagement and
trust are crucial for the success of marine PET waste management initiatives. Towards
this goal, transparent Al systems, enabled by XAI, allow the public to understand how
decisions are made, fostering trust and acceptance. By demystifying AI processes, XAl
can translate complex toxicological Al outputs into language the public understands,
reinforcing trust in hazard-mitigation efforts.

A pertinent research was proposed in (Richards et al, 2024). While examining the
role of generative Al in supporting nature-based solutions, the authors emphasized
that transparency and explainability can enhance public understanding of AI-driven
initiatives, thereby increasing trust and engagement. The paper highlights the poten-
tial of XAI in promoting community involvement in environmental conservation
efforts.

Table 10 features a comparison of the capabilities of XAI vs. traditional AI
technologies.

Table 10 Comparison of Capabilities: Explainable Al vs. Traditional Al

Capability Traditional AI | Explainable Al
(ML/DL/CV) (XAI)

Interpretation of model predic- | X v

tions and decisions

Stakeholder trust and trans- | X v

parency in Al outcomes

Feature-level understanding of | X v

model behavior

Regulatory compliance and | X v

ecological safety assurance

Interdisciplinary model inter- | X v

pretability (e.g., ecology, pol-

icy)

Human-AI collaboration | Limited v

through error diagnosis and

feedback

11 Datasets for Model Training

Datasets form the foundation of AI model training for PET waste management. Public
repositories, such as the Plastic Waste Database (PWD), provide diverse datasets that
include labeled images, spectroscopic data, and molecular simulations. These datasets
enable researchers to train models for tasks such as waste identification, degradation
prediction, and upcycling innovation. The availability of such resources has accelerated
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advancements in Al-based PET management (Listyalina et al, 2022; Lubongo et al,
2024).

11.1 Challenges for Datasets and Models

One of the key challenges in Al applications for PET waste is the standardization of
data formats and annotation protocols. This is essential for the interoperability of Al
models. Collaborative efforts among academia, industry, and regulatory bodies have
led to the development of universal standards for PET waste datasets. These standards
ensure consistency and compatibility, facilitating large-scale Al applications in PET
waste management and biodegradation.

Another significant challenge is the heterogeneity of waste streams, which can
compromise model accuracy. To address this, researchers employ data augmentation
techniques and synthetic data generation. GANs, for instance, create diverse training
samples that simulate real-world waste compositions, improving the generalizability of
AT models. These augmented datasets have been crucial in developing robust models
for dynamic and complex recycling scenarios (Goyal and Mahmoud, 2024).

In addition to the well-documented issues of data scarcity, heterogeneity, and stan-
dardization in marine PET management, several other dataset-related challenges can
undermine the development and deployment of effective AI models. These challenges
span both technical and contextual dimensions, influencing not only model accuracy
but also fairness, interpretability, and long-term applicability.

Beyond the volume of available datasets, the quality of available data do matter.
For, example, noisy labels and annotation errors pose a remarkable challenge towards
training effective models. Given the subjective nature of labeling tasks—especially in
underwater imagery or microscopic PET fragments—human annotators may introduce
inconsistencies or inaccuracies that can mislead models during training. This problem
is compounded by class imbalance, where certain types of PET waste (e.g., clear
plastic bottles) are far more represented than others (e.g., colored or weathered debris),
leading to biased models that generalize poorly across varied marine conditions.

Incomplete or missing data is another common issue, especially in multimodal
datasets that rely on satellite imagery, drone footage, or sensor readings. In such
cases, corrupted files or absent metadata can limit usable data volume or introduce
systematic biases. Similarly, redundancy and duplicate samples—often the result of
static monitoring locations or repetitive imagery—can inflate dataset size without
increasing informational value, potentially skewing performance metrics or promoting
overfitting.

Bias and lack of representativeness present further concerns. Datasets that are
geographically skewed or collected in narrowly defined environmental contexts may
fail to capture the diversity of marine PET pollution scenarios. This can result in
models that perform well in the lab but falter in the field. The problem is exacerbated
by high dimensionality and the inclusion of irrelevant or noisy features, particularly
in large sensor datasets or fused data modalities, where unfiltered inputs can hinder
model convergence or interpretability.

Adding to this complexity is the dynamic nature of marine ecosystems. Ocean
currents, temperature, and seasonal variation all contribute to concept drift—shifts in
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data distribution over time—which can quickly render trained models obsolete if not
periodically updated. At the same time, legal, ethical, and institutional barriers may
restrict access to high-quality marine data, especially when tied to national monitoring
programs, proprietary technologies, or privacy-sensitive sources.

The cost and complexity of data annotation also pose nontrivial barriers. Labeling
PET waste in underwater videos, microscopic views, or molecular simulations often
demands domain expertise and significant time investment. This bottleneck slows the
expansion of labeled datasets and increases the reliance on weak supervision or trans-
fer learning. Multimodal integration introduces additional challenges, as aligning and
preprocessing diverse data types—such as combining aerial images with acoustic sig-
nals or textual reports—requires careful synchronization to avoid semantic drift or
data leakage.

Finally, a critical but often overlooked limitation in the current research landscape
is the lack of longitudinal datasets. Most available PET datasets offer spatial snap-
shots rather than temporal sequences, impeding efforts to build models that capture
accumulation trends, degradation timelines, or the long-term effectiveness of cleanup
strategies.

Addressing these challenges calls for a combination of strategies, including robust
data preprocessing pipelines, synthetic data generation via GANs, semi-supervised
learning, and active learning techniques to optimize annotation efforts. As Al contin-
ues to be applied to marine PET management, ensuring the quality, diversity, and
relevance of training datasets will remain essential for translating algorithmic poten-
tial into impactful environmental solutions. Table 11 summarizes the common datset
challenges and an example of each challenge in the field of marine PET management.

11.2 Key Datasets for Training

The success of DL models relies heavily on the availability of well-curated datasets.
Two significant datasets used in PET waste management are TrashNet and the
MODSD dataset (Marine Object and Debris Specific Dataset).

TrashNet is a widely used benchmark dataset for waste classification tasks, con-
sisting of approximately 2,500 labeled images of various waste categories, including
plastics, PET, metals, glass, paper, and organic waste. Each image in the dataset is
manually labeled, ensuring high annotation quality. The images are captured in con-
trolled environments, which provide clear and consistent visuals, making it an ideal
dataset for training foundational AI models for waste sorting.

The primary application of TrashNet is in supervised learning tasks for waste clas-
sification. Its compact size and well-organized labels make it accessible for researchers
and practitioners to train and test machine learning models efficiently. Additionally,
TrashNet has been instrumental in developing lightweight AI models for real-time
waste segregation systems. The dataset’s versatility is reflected in its use across various
applications, from small-scale recycling robots to larger automated waste management
facilities. Despite its strengths, TrashNet’s controlled image collection environment
limits its diversity compared to more expansive datasets. However, it remains a criti-
cal resource for initiating research and building baseline models in waste classification
(Aral et al, 2018).

41



Table 11 Common Dataset Challenges and Their Relevance to Marine PET Management

Challenge Example in Marine PET Management

Scarcity Limited labeled datasets of PET waste in underwater
drone footage.

Heterogeneity Mixed plastic types (e.g., PET, HDPE) often appear

together in marine debris samples.

Label Noise and Annotation
Errors

Annotators confuse PET fragments with PET-like
materials such as nylon or bio-plastics.

Class Imbalance

Majority of images contain non-PET debris; PET-
specific examples are underrepresented.

Missing Data

Data gaps from satellite or buoy sensors due to
weather or technical issues.

Redundancy and Duplicates

Multiple images or samples of the same PET bottle
across time and location.

Bias and Lack of Representa-
tiveness

Datasets mainly collected near coastal cleanup sites,
underrepresenting deep-sea PET occurrences.

High Dimensionality and Irrel-
evant Features

Satellite images may contain irrelevant spectral bands
unrelated to plastic detection.

Dynamic or Evolving Data
Distributions

Seasonal changes in PET waste accumulation due to
ocean current shifts or tourism cycles.

Data Privacy and Access

Restrictions

Access to commercial satellite imagery for marine
monitoring is often restricted or costly.

Annotation Cost and Com-
plexity

Requires domain experts to annotate microplastics in
sediment or biological tissue samples.

Multimodal Integration Chal-
lenges

Difficulty in synchronizing PET data from satellite
images, sonar scans, and physical water samples.

The SeaClear Marine Debris Dataset is a public, shallow-water underwater vision
benchmark designed for object detection and instance segmentation of marine debris.
It contains 8,610 ROV-captured images collected with different cameras across mul-
tiple Mediterranean sites in Croatia (Bistrina, Jakljan, Lokrum, Slano) and France
(Marseille). Each image is annotated into 40 object classes spanning three principal
categories: debris, marine life, and robot parts—so models can learn to distin-
guish litter from background biota and vehicle components under realistic turbidity
and lighting. The dataset is straightforward to access and cite for benchmarking
underwater trash detection and segmentation methods (Duras et al, 2024b).

The TACO (Trash Annotations in Context) (Proenga and Simoes, 2020; Proenga
and Simoes, 2024) is an open, crowd-sourced dataset for litter detection and instance
segmentation, containing photos of waste across diverse environments (streets, parks,
beaches) with pixel-wise masks and a hierarchical class taxonomy in COCO format;
images are hosted on Flickr and continually expanded through community contribu-
tions and annotation tools provided by the project. It is commonly used to train and
benchmark object detection/segmentation models on 60+ fine-grained litter categories
(e.g., PET bottles).
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The OpenLitterMap is an open, citizen-science geospatial database that crowd-
sources smartphone photos of litter, pairs them with user-generated labels (e.g.,
material, brand), and publishes the geotagged records under an open data model
suitable for analysis and model training; the platform also experiments with a
blockchain-based incentive (“Littercoin”) to encourage sustained contributions and
data quality. Public access to the live map, dataset downloads, and API-based
retrieval is provided via the official site and tools (e.g., a QGIS plugin), and the
project’s aims and incentive mechanism are documented in the peer-reviewed literature
(OpenLitterMap, 2024; Lynch, 2018).

MARIDA (Marine Debris Archive) (Kikaki et al, 2022) is an open-access bench-
mark built from multispectral Sentinel-2 imagery to support weakly supervised
pixel-level semantic segmentation and related classification tasks for floating marine
debris in the presence of confounding sea features (e.g., wakes, foam, Sargassum, ships,
turbid/clear water, clouds). The dataset provides georeferenced annotations derived
from verified debris events across diverse regions and conditions, along with base-
line learning protocols and spectral analyses reported in its data descriptor. Public
distribution (with documentation and code for reproducing baselines) is maintained
via a project site (Marine Debris Archive, 2025), and subsequent studies have used
MARIDA to evaluate spectral indices and debris mapping approaches, underscoring
its role as a reference dataset for satellite-based debris detection.

PoTATO (Batista et al, 2024) is a recent open dataset tailored to afloat-trash
detection that augments conventional RGB imagery with raw polarimetric measure-
ments to mitigate sun-glint and lighting variability on water surfaces. Curated for
robotic cleanup and environmental monitoring scenarios, it focuses on plastic bottles
and reports 12,380 labeled instances, enabling analyses of when and how polarization
improves object detection over standard vision alone. The dataset release provides
data, code, and experimental baselines, and explicitly documents the conditions under
which polarization yields gains, making it a strong complement to beach/underwater
litter sets that lack polarization cues.

12 Discussion

12.1 Integration of AI Technologies

The preceding sections demonstrate that individual AI technologies—such as rein-
forcement learning (RL), generative Al (GenAl), edge Al, soft robotics, federated
learning (FL), decision support systems (DSS), large language models (LLMs), and
explainable Al (XAI)—offer unique capabilities for addressing specific challenges in
marine PET management including streams classified as hazardous due to chemical
contamination, adsorbed POPs/metals, or pathogen load. However, their combined
deployment holds even greater potential for enabling intelligent, scalable, and adaptive
interventions that meet HAZMAT risk thresholds and chain-of-custody requirements.
Based on the insights presented in Sections 3—10, Table 13 maps distinctive capability
clusters to their enabling Al paradigms, and the remainder of this section elaborates
on these synergies.
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A key synergy arises from the integration of edge AI with RL and soft robotics,
enabling autonomous marine agents to perform real-time decision-making, waste col-
lection, and enzyme deployment in dynamic aquatic environments. For hazardous
PET, embed on-board hazard screening (e.g., VOC/PAH sensors, conductivity/pH
for leachates), rule-based “do-not-touch” policies, and automatic containment actions
(sorbent release, micro-booms) before grasp/ingestion. For instance, soft robots
equipped with edge-based RL models can learn optimal navigation paths while
responding to changing ocean currents and debris distributions while enforcing
exclusion zones around suspected hazardous patches and logging exposures for
decontamination workflows.

Another promising intersection is between FL and decision support systems.
Federated learning provides privacy-preserving, decentralized model training across
geographically distributed marine monitoring stations, while DSS frameworks offer a
structured interface to assimilate these distributed insights into multi-criteria policy
and intervention decisions. For example, federate incident data from ports/response
vessels to update risk maps without sharing sensitive locations; in the DSS, add
HAZMAT-specific criteria—toxicity class, persistence, bioaccumulation, IMDG/ADR
compatibility—to prioritize containment, routing, PPE, and staging. Integrating the
two would enable near real-time policy refinement based on locally updated models
without breaching data sovereignty constraints.

Generative Al and LMMs, on the other hand, can jointly address both the data
scarcity and knowledge synthesis challenges. While GenAl enhances detection and
modeling capabilities through synthetic data generation and simulation, LMMs can
be used to synthesize cross-modal data—including sensor readings, remote sensing
imagery, and textual reports—into actionable insights. GenAl can also be used to cre-
ate rare “worst-case” hazard scenarios (e.g., contaminated PET rafts, storm-mobilized
stockpiles) and LMMs to draft Incident Command Systems(ICS)-ready playbooks,
public risk messages, and transport manifests with hazard labels. Their combined use
could also support automated reporting, scenario generation, and community-focused
science communication, especially when tailored using explainable Al techniques.

Finally, XAI serves as a unifying layer across all AI technologies by enhancing
transparency, interpretability, and stakeholder trust. Whether in regulatory environ-
ments, community engagement, or ecological safety assessments, the ability to explain
model decisions becomes essential for the widespread adoption of Al-driven systems.
This also supports compliance audits and post-incident reviews. Thus, a holistic inte-
gration framework—grounded in explainability and modular interoperability—can
bridge isolated advancements into cohesive, multi-agent systems for intelligent marine
PET management with embedded hazard identification, classification, and response
primitives throughout the pipeline.

12.2 Adoption Barriers and Ethical and Practical
Considerations

The practical implementation of emerging Al technologies in marine PET management
is not solely a matter of technical readiness but also deeply intertwined with ethical,
institutional, and contextual considerations. Adoption barriers, in particular, represent
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a critical subset of these broader concerns, often arising from limitations in infrastruc-
ture, stakeholder trust, policy alignment, and data governance. Understanding these
barriers through an ethical and practical lens is essential for guiding responsible Al
integration in environmental sustainability contexts and for ensuring that hazardous
exposures linked to PET-derived micro/nanoplastics and toxic degradation products
are not exacerbated by technological shortcomings.

A foremost practical challenge is the fragmented infrastructure across coastal and
marine monitoring agencies, which hinders the deployment of Al systems requiring
real-time data input, model retraining, or distributed computing. For example, fed-
erated learning and edge AI systems depend on consistent device interoperability,
secure communication protocols, and local processing capacity—requirements often
unmet in under-resourced marine regions. In the context of hazardous PET waste,
these infrastructure gaps risk delaying early warnings of toxic hotspots or hazardous
leachate flows, directly endangering human and ecological health. Economic feasibility
also poses a barrier, especially when transitioning from traditional monitoring tools to
high-cost autonomous robots, drones, or smart sensors. This raises environmental jus-
tice concerns, as resource-constrained regions may remain disproportionately exposed
to hazardous PET accumulation without access to protective Al tools.

Ethically, data privacy and ownership remain major hurdles. Collaborative
approaches like federated learning and large multimodal models rely on cross-
institutional data flows, yet many stakeholders lack formal mechanisms to ensure
data sovereignty, anonymization, or equitable access. These concerns are amplified
in international marine zones, where jurisdictional ambiguities further complicate
collaboration. Hazard classification and reporting data—such as concentrations of
PET-associated endocrine disruptors or carcinogenic residues—carry high stakes; if
mishandled, they can undermine trust, delay emergency responses, and even expose
local populations to unacknowledged risks.

Trust and explainability represent another layer of adoption resistance. Black-box
models, especially deep learning-based systems used in waste detection or biodegrada-
tion prediction, may not gain regulatory approval or stakeholder confidence without
explainable outputs. Here, the integration of explainable AI (XAI) becomes both a
technical requirement and an ethical imperative—one that supports transparency,
accountability, and informed decision-making. In hazardous waste contexts, explain-
ability is essential for auditing whether Al-driven recommendations meet safety
thresholds for handling, transport, and disposal of PET debris classified as hazardous.

From a practical standpoint, standardization gaps—in data formats, sensor inte-
gration, and model validation—impede the scaling of Al systems across regions. The
absence of universally accepted protocols for annotating marine PET datasets, for
example, undermines transferability and limits cross-project synergy. This is espe-
cially problematic when datasets track hazard-specific attributes (e.g., toxicity levels,
persistence indices, bioaccumulation factors); lack of standards can prevent regulators
from accurately comparing risks across regions.

Finally, social and behavioral factors must be acknowledged. Public perception
of AT in marine conservation is shaped by cultural values, environmental awareness,
and historical mistrust in technology-driven governance. Thus, ethical Al adoption
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must include efforts in public engagement, co-design with local communities, and
transparent policy frameworks that account for environmental justice and long-term
sustainability. In hazard scenarios, failure to communicate clearly about toxic risks
from PET waste can fuel public mistrust, resistance to interventions, or unsafe self-
cleanup practices that heighten exposure.

In sum, the adoption of Al in marine PET management is shaped by a constella-
tion of technical, ethical, and logistical considerations. Viewing adoption barriers as
expressions of deeper practical and ethical challenges enables more holistic planning for
future AI deployments—ensuring they are not only effective but also equitable, trans-
parent, and socially legitimate while explicitly minimizing hazardous-material risks
associated with PET persistence, toxic degradation products, and human/ecosystem
exposure pathways

12.3 Future Directions

Building on the insights, synergies, and barriers identified across this review, sev-
eral future research and deployment trajectories can further elevate the role of Al in
marine PET management particularly when PET is framed not just as waste, but as
a hazardous material with toxicological and ecotoxicological implications.

One foundational direction is the pursuit of transdisciplinary integration, involv-
ing collaboration between AI researchers, marine ecologists, robotic engineers, and
policy stakeholders. Such integration is necessary to ensure that technological interven-
tions align with ecological dynamics and community values. This need is particularly
apparent in areas like autonomous marine waste collection (Section 3.2), enzyme
deployment via robotics (Section 5.2), and policy optimization through RL and DSS
(Sections 3.4 and 7.1). In each of these domains, hazard considerations—such as han-
dling of PET fragments carrying adsorbed heavy metals, persistent organic pollutants,
or endocrine-disrupting additives—must be explicitly incorporated into design and
evaluation.

Another priority is the development of benchmarking and validation frameworks
to assess Al model performance across tasks such as detection, classification, biodegra-
dation, and policy support. The current absence of standard evaluation criteria
(highlighted in Section 11.1) and the fragmented nature of existing datasets (Section
11.2) hinder comparability and reproducibility. Establishing shared benchmarks tai-
lored to marine environments would enhance rigor and model portability. Benchmarks
should also include hazard-related metrics: toxicity thresholds, persistence indices,
and exposure pathways, ensuring that Al systems are evaluated not only for technical
accuracy but also for their ability to reduce hazardous risks.

Exploring hybrid AI architectures represents a promising avenue. For instance,
combining federated learning with decision support systems (Sections 6 and 7), or rein-
forcement learning with edge-enabled soft robotics (Sections 3, 4, and 5), could yield
systems that are not only adaptive but also scalable and context-aware. Section 12.1
already outlined the conceptual merit of such integrations, and emerging paradigms
like neuromorphic computing and self-organizing agents may further strengthen these
hybrid pipelines. Such hybrid systems could, for example, fuse hazard classification
data with real-time robotic actions, ensuring containment protocols are automatically
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triggered when PET debris with toxic coatings or hazardous degradation products is
encountered.

Efforts should also target the expansion of marine-specific datasets, particularly
longitudinal, multimodal, and geographically diverse ones. Sections 11.1 and 11.2
emphasize how data scarcity, class imbalance, and limited representativeness con-
strain model development. Collaborative open-data initiatives and citizen science
contributions (referenced in Section 9.4 and Table 12) could help bridge this gap.
Here, hazard-oriented annotation—flagging toxicity classes, bioaccumulation risks,
and leachate profiles of PET waste—would make datasets more directly useful for
hazardous-materials management.

Addressing regulatory and ethical readiness is equally critical. The limitations
noted in Section 12.2—such as data privacy, interoperability barriers, and the lack of
explainable outputs—highlight the importance of designing Al systems that are eth-
ically robust and compliant with data governance policies. Explainable AI, discussed
in Section 10, should serve as a foundational layer in future AI toolchains to ensure
transparency and stakeholder trust. In hazard-sensitive deployments, explainability
also underpins compliance with hazardous waste transport regulations, occupational
safety standards, and international conventions on marine pollution.

The augmentation of public engagement and policy participation through AI also
offers great promise. Interactive platforms powered by LMMs and explainable dash-
boards can facilitate real-time feedback between communities and marine management
authorities.

Ultimately, the field should work toward a closed-loop marine PET management
ecosystem, where Al tools are orchestrated across the full lifecycle: from detection
and collection (Sections 3, 4, 5) to degradation and upcycling (Sections 3.3, 5.2, 8.2,
8.4), to policy modeling and public engagement (Sections 7, 9, 10). This end-to-end
vision integrates data, models, and human expertise into a coherent system capable of
adapting to the evolving realities of marine pollution and sustainability imperatives.

Supplementary Material.

1. Article records for generating the co-occurrence map using VOSviewer, for both
WoS and Copus, can be found through the following link: https://1drv.ms/f/c/
19faffbe78315469/Ej8VT2ww5h9Hp3SFwOkawMOBWjr760EZzEW TnQgqHI9JQ?
e=8RutHr

2. The JSON files representing the co-occurrence maps gen-
erated by  VOSviewer for WoS and Scopus can be  found
through the following link: https://1drv.ms/f/c/19faffbe78315469/
EvkqRowsthVHpghvt AUqSuMBKZgmMVpMSyFsuM4eqZyyUw?e=vavKL4
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