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ABSTRACT

Aquaculture has undergone a rapid transition from traditional, labour intensive practices to more
intensive and intelligent production systems, driven by the need to meet rising global demand for
aquatic food in a sustainable manner. This transformation has been supported by advances in
automation and digital technologies, which aim to address persistent challenges in aquaculture
such as inefficient resource use, high labour costs, environmental degradation, and increasing
disease risks. As aquaculture systems become more complex, conventional management
approaches are often inadequate to ensure optimal performance and sustainability. Recent
developments in automation and smart technologies, including the Internet of Things, big data
analytics, cloud computing, artificial intelligence, and blockchain, have enabled real time
monitoring, data driven decision making, and automated control of aquaculture operations.
Artificial intelligence, in particular, has emerged as a core component of smart aquaculture
systems by providing predictive and inferential capabilities that support efficient process control
and adaptive management. Current Al applications in aquaculture include biomass estimation, size
and weight measurement, species identification and classification, feeding optimisation, disease
detection, stock counting, and continuous water quality monitoring. These applications have
demonstrated potential benefits such as improved production efficiency, reduced energy and water
losses, lower labour requirements, enhanced animal welfare, and better operational transparency.
The objective of this study is to review the role of automation and artificial intelligence in modern
aquaculture systems. Specifically, the study aims to examine key digital technologies driving smart
aquaculture, highlight major application areas of artificial intelligence and machine learning, and
assess their contributions to productivity, sustainability, and management efficiency. By
synthesising recent research and practical developments, this review provides a comprehensive
overview of how intelligent technologies are reshaping aquaculture and outlines future prospects
for their wider adoption.
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INTRODUCTION

Aquaculture and capture fisheries together constitute a multi-billion-dollar global industry
that provides food, employment, and income for millions of people worldwide. Global aquatic
animal production is projected to increase substantially in the coming decades as the demand for
animal protein continues to rise with population growth and urbanization (1). Aquaculture has
shown that it can help with food security, but its rapid growth has put more stress on farm
management systems, environmental quality, and production efficiency (2).

Traditionally, aquaculture operations have relied heavily on manual labor and experience-
based decision-making. However, such approaches are increasingly inadequate for managing high-
density production systems characterized by dynamic environmental conditions and biological
variability (3). Technological innovations have therefore become central to improving operational
efficiency, minimizing losses, and ensuring long-term sustainability.

In recent years, digital technologies including artificial intelligence, machine learning, loT,
cloud computing, and blockchain have been introduced into aquaculture systems, driving the sector
toward intelligent and automated production models (4). Al, in particular, enables the analysis of
large and complex datasets to support real-time monitoring, prediction, and optimization of
aquaculture processes (5). These capabilities are transforming conventional fish farming into
smart aquaculture systems capable of precise control over water quality, feeding, health
management, and harvest planning.

Despite these advances, the implementation of fully automated aquaculture systems
remains challenging. Aquaculture is inherently biological and dynamic, requiring continuous
observation, contextual interpretation, and adaptive decision-making. Over-reliance on automation
without adequate human oversight may increase operational risks, particularly under variable
environmental conditions or during disease outbreaks [6, 7]. Against this background, a critical
review of artificial intelligence applications in aquaculture is timely and necessary to clarify current
capabilities, identify limitations, and guide future research and adoption. Such an assessment is
essential for ensuring that Al contributes effectively to productivity gains while supporting
sustainability and responsible aquaculture development.

This study aims to critically review the application of artificial intelligence in aquaculture
systems; explain the concept and key components of smart aquaculture systems; examine recent
technological developments in smart and automated aquaculture; identify and discuss major
applications of artificial intelligence in aquaculture production and management; and analyze the
key challenges, bottlenecks, and limitations associated with the current development and adoption
of Al technologies in aquaculture.

Aquaculture Automation: Concepts, Systems, and Emerging Digital Technologies

Automation is increasingly recognized as the cornerstone of future aquaculture
development, offering pathways to enhanced productivity, reduced production costs, and improved
environmental sustainability. Through the integration of sensor-based monitoring, aerial and
underwater platforms, and intelligent decision support systems, aquaculture operations are
transitioning from labor-intensive practices to data-driven and remotely managed production
models capable of meeting the growing global demand for nutritious aquatic food [8]. Automation,
defined as the shift from manual to automatic control of processes and equipment, has driven
aquaculture through successive stages of technological development, from basic mechanization to
fully intelligent systems [9]. These advances have supported the evolution of aquaculture toward
intensive, efficient, and environmentally sustainable production systems.
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Aquaculture lends itself naturally to automation due to its reliance on measurable
environmental and biological parameters. The application of the Internet of Things, big data
analytics, artificial intelligence, cloud computing, 5G communication, and robotics enables remote
monitoring and control of production systems. Smart aquaculture platforms can be operated by
autonomous or semi-autonomous robotic systems capable of managing infrastructure, equipment,
and operational processes to ensure optimal performance [10]. In practice, water quality
parameters such as temperature, dissolved oxygen, pH, light intensity, and humidity are
continuously measured using sensor networks. These data are transmitted through communication
nodes to central control units or cloud platforms, where they are analyzed and translated into
operational decisions that are automatically executed by actuators and control devices [6].

The widespread adoption of automation and intelligent technologies has progressively
reshaped global aquaculture into a more intensive and knowledge-driven sector. Modern
production systems increasingly rely on computer-controlled environments, where key physiological
processes of cultured species and system outputs such as growth rate, ammonia concentration,
and pH are regulated through precise control of inputs including feed, oxygen supply, temperature,
water exchange, and stocking density [8]. This level of control allows producers to maximize
biological performance while minimizing waste and environmental impacts.

From an economic perspective, automated and Al-supported aquaculture systems offer
several advantages. These include increased process efficiency, reduced energy and water losses,
lower labor requirements, decreased stress and disease incidence in cultured organisms, improved
record keeping, and deeper understanding of system dynamics [8]. Collectively, these benefits
enhance profitability and resilience, particularly for large-scale commercial operations.

Smart Aquaculture Systems

Smart aquaculture represents one of the most prominent sustainability-driven trends in the
sector, combining automation and intelligence to optimize production while reducing
environmental footprints. Intelligent technologies have demonstrated substantial benefits across
agriculture and aquaculture by lowering labor demands, increasing output, and promoting
environmentally responsible practices [6].

At the core of smart aquaculture systems is an integrated workflow that includes real-time
data collection via sensors, data transmission through wired or wireless networks, data storage and
analysis on cloud platforms, automated decision-making, and feedback control through actuators
and machines [10]. These systems are designed to operate continuously and autonomously,
enabling adaptive management that responds rapidly to changing environmental and biological
conditions.

Advances in artificial intelligence allow smart aquaculture to span the entire production
cycle, from broodstock management and nursery operations to grow-out, harvesting, and post-
harvest handling. Intelligent systems can manage water preparation, feeding regimes, grading and
counting of stock, and even cleaning and maintenance operations. The overarching goal of smart
aquaculture development is to increase production efficiency to meet global seafood demand while
safeguarding environmental integrity [6].

The deployment of Al and loT technologies has expanded rapidly in recent years as solutions
to persistent challenges in traditional aquaculture. Applications now extend across cages, ponds,
hatcheries, and breeding facilities, with specific functions including water quality monitoring [11],
behavioral observation, feed optimization, reduction in feed wastage, and labor saving through
system automation [12, 13].
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Conceptual Framework of Smart Aquaculture

Smart aquaculture systems integrate multiple intelligent devices within a digitally
structured environment to monitor production conditions in real time and automatically generate
management decisions based on collected data [14]. These systems rely on interconnected digital
technologies, including loT, artificial intelligence, big data analytics, cloud computing, advanced
communication networks, and robotics. In some configurations, robotic platforms are capable of
managing facilities, equipment, and machinery autonomously to achieve efficient and consistent
production outcomes [10].

Recent reviews have highlighted a wide spectrum of Al applications in aquaculture,
including automated feeding systems, aerial and underwater drones, disease prevention and
diagnosis, seed screening, stock inspection, shrimp farming optimization, smartphone-based
management tools, fish processing automation, open sea fisheries monitoring, blockchain-enabled
supply chains, and conservation of endangered aquatic species [15]. Conceptual models of smart
aquaculture typically illustrate the deployment of distributed sensors and devices, with system data
and management functions accessible through mobile and web-based interfaces for real-time
oversight and control [16].

Water Quality Monitoring In Smart Aquaculture

Water quality remains the most critical determinant of aquaculture success. Parameters
such as temperature, dissolved oxygen, pH, turbidity, ammonia, nitrite, nitrate, alkalinity, and
carbon dioxide directly or indirectly influence the survival, growth, and health of cultured
organisms. Among these, temperature, dissolved oxygen, and pH are considered the most
influential and sensitive indicators of system performance [17].

The application of loT in aquaculture has introduced a new paradigm for real-time water
quality monitoring using interconnected sensors and intelligent data processing. loT-based
aquaculture systems typically consist of four layers: the physical layer of sensors and devices, a
monitoring layer for data acquisition, a virtual layer for data processing and analysis, and a
communication protocol layer for data transmission [17]. These architectures support continuous
monitoring, early detection of anomalies, and timely interventions, thereby reducing risks and
improving farm management efficiency.

Despite increasing automation, aquaculture operations still involve inherent biological and
environmental uncertainties. As such, intelligent equipment, including robotic systems, data
analytics tools, and energy-efficient processing devices, is increasingly deployed to support human
decision-making rather than replace it entirely. These technologies enable fish identification,
biomass estimation, and behavioral analysis while progressively automating labor-intensive stages
of production [18].

New Digital Technologies in Marine Aquaculture

Marine aquaculture has gained strategic importance as natural fishery resources decline
and demand for seafood continues to rise. To address operational inefficiencies and modernize
fisheries, a suite of digital technologies including loT, big data, cloud computing, artificial
intelligence, and blockchain is being widely adopted [4].

These technologies collectively enable comprehensive data collection, secure data sharing,
advanced analytics, prediction, and optimal decision-making across the entire production chain.
loT serves as the foundational data source, capturing real-world information through sensors and
smart devices. Cloud computing provides scalable infrastructure for data storage and processing,
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facilitating integration and analysis of large datasets [19]. Artificial intelligence transforms
processed data into actionable knowledge by identifying patterns and generating rapid, adaptive
decisions that can be fed back into loT-controlled systems [20]. Blockchain technologies enhance
trust, transparency, and data integrity across digital networks, reinforcing the reliability of
integrated aquaculture management systems [21].

The convergence of these digital tools has also accelerated innovation in intelligent fishing
vessels, marine information systems, and seafood supply chain supervision, while providing a strong
foundation for advanced marine aquaculture operations [22].

Artificial Intelligence Systems in Aquaculture

Artificial intelligence systems are broadly defined as software-based systems that generate
outputs such as predictions, recommendations, or decisions to achieve specific human-defined
objectives. Al techniques are commonly classified into three groups: machine learning approaches,
including deep learning; logic and knowledge-based approaches, such as expert systems; and
statistical or optimization-based approaches, including Bayesian methods.

Machine learning approaches enable systems to learn from data through supervised,
unsupervised, or reinforcement learning paradigms, making them particularly suitable for complex
aquaculture datasets. Knowledge-based systems encode expert rules and reasoning processes,
while statistical approaches provide the mathematical foundation for uncertainty handling,
optimization, and inference. In practice, many aquaculture applications combine techniques
across these groups to improve robustness and adaptability [23].

The expanding application of Al systems in aquaculture reflects their capacity to support
automation, enhance understanding of biological processes, and enable intelligent, adaptive
management. As technologies continue to mature, Al-driven automation is expected to play a
central role in shaping the next generation of sustainable and resilient aquaculture systems.

Artificial Intelligence in Aquaculture: Concepts, Applications, and Emerging Frontiers

Artificial intelligence has become a transformative force in aquaculture, reshaping how
aquatic systems are monitored, managed, and optimized. Recent advances in sensing
technologies, machine vision, robotics, and machine learning have enabled continuous, real-time
observation of cultured species and their environments. These systems allow early detection of
deviations in growth, behavior, and water quality, thereby reducing production risks and improving
decision-making before minor issues escalate into major losses [8]. Unlike conventional monitoring
approaches that rely heavily on manual inspection, Al-driven systems can process large volumes of
heterogeneous data with greater speed and consistency, involving human operators only when
intervention is necessary [24].

"Artificial intelligence" broadly refers to computer systems designed to mimic aspects of
human cognition, including learning, pattern recognition, and adaptive decision-making. In
aquaculture, Al draws on historical and real-time data to improve performance through experience,
making it particularly suitable for complex and dynamic biological systems. Its adoption mirrors
trends seen in agriculture and industrial automation, where Al has reduced labor requirements
while improving efficiency and scalability [25]. In practical terms, Al can function across the
production cycle, from automated feeding and water quality control to harvesting, processing, and
logistics. Studies suggest that intelligent control systems can reduce feed and energy waste and
lower operational costs by up to 30 percent, while maintaining or improving production outputs
[26].
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The pace of digital innovation in aquaculture has accelerated rapidly over the past decade.
A substantial proportion of software tools currently used in aquaculture have been developed within
the last five years, reflecting growing investment in data-driven production systems. Finfish farming
dominates both production volume and digital tool development, accounting for more than half of
global aquaculture output and a large share of aquaculture-focused software solutions [27].
Beyond farming, Al is increasingly applied in capture fisheries, stock assessment, and
conservation, highlighting its broader relevance to aquatic resource management [25]. By enabling
precise feeding based on size, weight, and developmental stage, Al supported husbhandry systems
can enhance feed efficiency and improve the quality and uniformity of farmed aquatic products
[28].

Applications of Artificial Intelligence in Aquaculture
e Conservation and Management of Endangered Aquatic Species

Declines in aquatic biodiversity driven by pollution, habitat degradation, and overexploitation
have intensified the need for effective conservation tools. Traditional monitoring approaches are
often labor-intensive and spatially limited. Al-based solutions, including underwater cameras,
autonomous drones, and sensor networks, offer scalable alternatives capable of rapidly assessing
habitats and species distributions with high accuracy [25]. The integration of vision systems and
telemetry has enabled detailed tracking of large migratory species such as sharks and whales,
providing insights into movement patterns and behavioral ecology that support evidence-based
conservation strategies [15].

The fish value chain encompasses all activities from production to consumption, commonly
described as “from sea to fork.” Understanding and managing this chain is critical for improving
efficiency, sustainability, and consumer trust. Recent studies highlight that insufficient data
quality and availability remain major barriers to effective Al implementation across the value chain
[25]. Where robust datasets exist, machine learning models can support traceability, quality
control, logistics planning, and market forecasting. By identifying waste and inefficiencies at each
stage, Al systems can guide the transition toward low-waste, resource-efficient production models.

Traceability has become particularly important due to increasing regulatory requirements and
consumer demand for transparency regarding food origin, safety, and sustainability. While
traditional traceability focuses on recording and tracking basic information, advances in data
science and Al extend its scope to include food integrity, environmental performance, processing
efficiency, and market dynamics [23, 29]. Trustworthy Al-driven traceability systems are
increasingly viewed as essential for compliance, certification, and competitiveness within global
seafood markets [30].

o Sustainability of the Fish Value Chain

Al has demonstrated strong potential to enhance environmental, social, and economic
sustainability across fisheries and aquaculture systems. Applications include monitoring fishing
effort, detecting illegal activities, optimizing spatial planning, and reducing fuel consumption and
associated emissions [31, 32]. Beyond primary production, processors and distributors also seek
Al-based solutions to improve resource use efficiency and reduce environmental footprints
throughout the chain.
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o Seafood Integrity and Food Safety

Food fraud, mislabeling, and adulteration remain persistent challenges in global seafood
markets. Visual inspection alone is often insufficient for reliable species identification, particularly
for processed products. Consequently, Al combined with omics techniques and advanced analytics
has gained prominence in seafood authenticity research [33, 34]. Machine learning models have
also been applied to predict food safety risks, including contaminant bioaccumulation and spoilage
dynamics, supporting proactive quality management [35, 12].

o Fish Processing and the Circular Economy

Fish processing traditionally relies on manual operations, which can result in variable product
quality and inefficiencies. Al-enabled automation, including vision-guided cutting and defect
detection, has improved precision and yield while reducing waste [36, 37]. Given that processing
by-products may constitute up to 60 percent of total biomass, Al-supported decision tools have also
been proposed to valorize waste streams, for example, through optimized feed production or by-
product utilization [38, 39]. Within a circular economy framework, machine learning supports
product design, demand prediction, maintenance planning, and materials recycling, enhancing
overall system resilience [40].

o Logistics and Supply Chaln Management

The growing volume and complexity of data generated along seafood supply chains necessitate
advanced analytical tools. Al methods are well suited to tasks such as transport optimization, risk
assessment, and supplier selection, enabling more responsive and efficient logistics systems [41].

¢ Monitoring of Environmental Conditions

Environmental monitoring is a core application of Al in aquaculture. Unmanned aerial vehicles
equipped with sensors and computer vision have been used to collect high-resolution data on water
quality parameters, including temperature, dissolved oxygen, turbidity, nutrients, and chlorophyll
concentrations [42]. While limited flight duration remains a technical constraint, advances in
battery technology and cloud-based analytics are steadily improving system performance. Recent
developments integrate deep learning and remote access platforms, enabling scalable, low-cost
monitoring and surveillance solutions capable of detecting abnormal activities and supporting
farm-level decision-making [43, 44].

e Smart Feeding Systems

Feed costs typically account for the largest share of aquaculture operating expenses. Al-driven
feeding systems address this challenge by aligning feed delivery with actual animal demand.
Acoustic, vibration, and vision-based sensors can distinguish feeding activity and appetite,
reducing overfeeding and minimizing water quality deterioration [15]. Commercial systems
combining machine learning, loT, and remote access have reported substantial improvements in
growth performance and profitability, with documented increases in harvest yield and net income
across multiple countries [45, 46].

o Behaviour Analysis and Disease Diagnosis

Fish behavior provides early indicators of stress, toxicity, and disease. Machine learning
techniques, including support vector machines and deep neural networks, have been used to
classify sex, detect behavioral anomalies, and assess toxicological responses based on movement
patterns and visual cues [47, 48]. Automated analysis of hydroacoustic and imaging datasets
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further enables high-resolution monitoring of health indicators such as parasite load and mortality,
even in the absence of advanced data science expertise [49]. Image-based Al systems have also
demonstrated high accuracy in disease detection and early warning, allowing rapid response to
emerging outbreaks and reducing economic losses [50].

o Smart Seed Screening, Harvesting, and Processing

Seed quality strongly influences survival and growth performance. Al-assisted sorting systems
reduce the labor and cost associated with traditional screening while improving accuracy. Similar
technologies have been applied in harvesting and processing, where vision-guided equipment can
separate undersized or diseased fish and automate cutting and filleting operations at high
throughput rates [51, 52].

Artificial Intelligence and Cultured Aquatic Meats

A recently emerging frontier in aquaculture is the production of cultured or cell-based
aquatic meat. This approach involves growing muscle tissue from selected aquatic species under
controlled laboratory conditions, without the need for whole animal farming or harvesting [53]. Al
plays a central role in optimizing cell selection, culture conditions, bioreactor control, and product
design. Cultured meat systems have been proposed as environmentally sustainable alternatives
capable of drastically reducing land, water, and emission footprints compared with conventional
aquaculture, although high production costs remain a major limitation due largely to expensive
culture media components [44].

Electronic Monitoring of Fishing Catches Based on Artificial Intelligence

The fisheries sector is undergoing a major digital transition driven by the need for
transparency, sustainability, and efficiency in catch reporting and resource management.
Conventional monitoring approaches, which rely heavily on onboard observers and manual
logbooks, are often costly, inconsistent, and limited in spatial and temporal coverage. In response,
electronic monitoring systems supported by artificial intelligence have emerged as robust and
scalable alternatives for recording fishing activities and catches in real time. These technologies
integrate sensors, cameras, and machine learning algorithms to automate species identification,
quantify catches, and support compliance with management regulations.

One notable example is the iObserver system developed by Ovalle et al. [54], an onboard
electronic device designed for real-time, automated identification and quantification of total catch.
Installed above conveyor belts prior to the sorting area, the system combines image acquisition with
Al-based recognition models to continuously document catches as they are processed. Such
systems reduce reliance on human observers, minimize reporting bias, and provide high-resolution
datasets that can support stock assessments and fisheries management decisions.

o Tracking Fine Scale Fish Movements Using Autonomous Maritime Robotics

Understanding fish migration patterns and movement dynamics is fundamental to fisheries
ecology, conservation planning, and sustainable exploitation. Fine-scale tracking of fish
movements allows researchers to link behavioral responses to environmental drivers such as
temperature, currents, and habitat structure and to predict how fish populations may respond to
ecosystem change [55]. This knowledge is particularly critical in the context of overfishing, which
remains one of the most significant threats to marine ecosystems and food security worldwide [56].

Recent reviews highlight the growing role of autonomous maritime robotics in dynamic fish
tracking. Nash et al. [55] employed a systematic PRISMA-based review approach to synthesize
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developments in autonomous tracking technologies, ensuring methodological rigor and relevance
in a rapidly expanding field. These tools enable continuous observation of fish movements across
spatial scales that are impractical for traditional survey methods.

o Digital Tools for Fish Tracking and Underwater Monitoring

A range of autonomous and semi-autonomous platforms are now used for fish tracking and
underwater monitoring, including autonomous underwater vehicles, unmanned surface vehicles,
aerial drones, and multi-vehicle systems. These platforms are increasingly favored due to advances
in robotics, sensor miniaturization, and onboard intelligence.

Autonomous underwater vehicles are among the most widely used tools for collecting
biological, physical, and chemical data in marine environments. Typically designed with
streamlined, torpedo-like structures, AUVs are capable of operating at depth while carrying imaging
systems and environmental sensors. However, mission duration remains constrained by battery
capacity and power demands. Studies have shown that while AUVs perform well in short missions,
extended deployments require careful optimization of energy use and sensor configurations to
minimize drag and power consumption [57].

Communication underwater presents additional challenges due to signal attenuation. Acoustic
communication remains the most common solution, enabling limited data transfer through water
using defined frequencies. Alternatively, some platforms rely on periodic surfacing to establish
GPS, satellite, or wireless connections, allowing higher bandwidth communication and command
updates. These strategies have supported successful applications such as tracking the movements
of leopard sharks and other mobile species.

Unmanned surface vehicles complement underwater platforms by providing extended range and
endurance, often powered by renewable energy sources such as solar and wind. Long duration
deployments exceeding several months have been demonstrated, making USVs suitable for large-
scale monitoring and as communication relays for AUV missions [58]. By maintaining acoustic
contact with underwater vehicles, USVs help overcome communication barriers and improve
mission reliability.

More recently, multi-vehicle deployments have gained prominence. By integrating multiple
platforms such as AUVs, USVs, and UAVs, researchers can expand spatial coverage, improve
tracking accuracy, and reduce data gaps. For example, combined deployments have enabled long-
distance tracking of highly migratory species such as ocean sunfish, where simultaneous
monitoring of fish position and surrounding environmental conditions would not be feasible using a
single platform.

o Artificial Intelligence in Water Quality Monitoring

Artificial intelligence has a long history in industrial process control, where it has been used to
improve stability, efficiency, and decision-making. These advantages have motivated its application
in aquaculture, particularly for real-time water quality monitoring. Early expert systems
demonstrated the feasibility of Al-driven control in intensive systems. For instance, the
recirculating intensive aquaculture expert system developed by Padala and Zilber [59] integrated
sensors, programmable logic controllers, and rule-based decision support to manage feeding,
temperature, oxygen, and water flow in tilapia culture. Such systems illustrated how expert
knowledge could be embedded into automated platforms to optimize production while reducing
labor demands.
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Modern Al systems extend these concepts by incorporating machine learning models capable of
adapting to changing conditions. Continuous monitoring of parameters such as dissolved oxygen,
temperature, pH, ammonia, and nutrient concentrations enables early detection of anomalies,
disease risks, and system failures, thereby enhancing biosecurity and operational resilience.

o Convergence of Aquaculture Genetics and Machine Learning

Artificial intelligence is a key driver of the fourth industrial revolution and is increasingly
intersecting with aquaculture genetics. Machine learning, a subset of Al, enables the extraction of
meaningful patterns from large biological datasets without explicit programming [60]. In
aquaculture, these approaches have been applied to biomass estimation, behavioral analysis,
species recognition, and water quality prediction.

The integration of computer vision and machine learning has significantly improved the
estimation of fish size, weight, and abundance, supporting more precise stock management [61].
Behavioral analysis further contributes to welfare assessment and ecosystem monitoring by
identifying deviations associated with stress or disease.

In genetics and selective breeding, machine learning has been used to predict disease
resistance and improve genomic selection strategies. Models such as decision trees, support vector
machines, random forests, and boosting algorithms have been applied to identify resistance traits
against viral and bacterial diseases in species such as carp, gilthead seabream, and whiteleg
shrimp [62]. Similar approaches have been used to develop molecular markers for parasite
population differentiation and to analyze microbiomes relevant to aquaculture performance and
environmental interactions [63].

o Artificial Intelligence in Benthic Organism Monitoring

Benthic monitoring is essential for assessing the environmental impacts of aquaculture and
determining appropriate fallowing periods. Traditional monitoring methods, including drop cameras
and sediment grab sampling, provide valuable but spatially limited information and may fail to
capture far-field effects of organic enrichment. Moreover, hard bottom substrates and complex
oceanographic conditions can limit the effectiveness of sediment-based assessments [64].

Alternative approaches incorporating hydroacoustics, microbial indicators, and environmental
DNA have been explored to address these limitations. Hydroacoustic systems, which analyze
reflected acoustic signals to characterize seafloor properties, offer continuous spatial coverage
and have shown potential for detecting organic matter deposition around aquaculture sites. While
promising, further validation is needed in diverse substrate types to support broader regulatory
adoption.

Challenges, Bottlenecks, and Ethical Considerations

Despite rapid technological progress, the adoption of Al-based monitoring in aquaculture
faces several challenges. High initial costs, data-intensive infrastructure requirements, and the
need for technical skills can limit uptake, particularly among small-scale operators [65]. Al models
are also highly dependent on the quality and representativeness of training data, and biases in data
collection or interpretation may be transferred into automated systems.

There is also a dual-use concern associated with Al technologies. While Al can support
conservation goals by reducing bycatch and improving monitoring, it may also enhance fishing
efficiency in ways that increase pressure on already stressed stocks if not properly regulated [66].
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CONCLUSION AND RECOMMENDATIONS

Although aquaculture has been practiced for several millennia, its modern form remains a
relatively young and rapidly expanding sector. Contemporary aquaculture production is still largely
characterized by manual operations, high feed costs, significant labor requirements, and persistent
disease risks, all of which contribute to elevated production costs. In this context, the integration of
modern internet-based technologies and artificial intelligence offers a clear pathway to improving
efficiency, reducing operational costs, and minimizing environmental impacts. When effectively
implemented, these technologies have the potential to enhance farm profitability while supporting
the long-term sustainability of the aquaculture industry.

Rapid advances in digital technologies have fundamentally changed how complex
production systems can be managed. Artificial intelligence, the Internet of Things, and cloud
computing collectively enable automation of routine tasks, reduction of manual labor, and real-
time decision support. The pay-as-you-go nature of many cloud-based services lowers entry barriers
by reducing upfront investment costs and allowing shared use of computing infrastructure, energy,
and hardware resources. In addition, smart and web-enabled devices can continuously collect,
transmit, and analyze data on system performance and environmental conditions with minimal
human intervention, thereby improving responsiveness and management precision.

The progressive adoption of automation and intelligent systems has already begun to shift
global aquaculture toward more intensive and data-driven production models. These developments
have contributed to improved resource use efficiency, enhanced monitoring, and more sustainable
production practices. Nevertheless, aquaculture remains inherently complex due to the biological
nature of cultured organisms and the dynamic environments in which they are raised. As the sector
continues to expand, challenges related to feeding efficiency, disease control, and environmental
pollution persist and, in some cases, intensify.

In capture fisheries, Al-enabled electronic monitoring and intelligent fishing technologies
are still at an early stage of adoption. Practical applications aimed at improving gear selectivity and
reducing ecological impacts are therefore not yet widely observed. A major limitation remains the
availability and quality of training data, particularly high-resolution underwater imagery, which
constrains the performance and generalizability of Al models. Compared with terrestrial and aerial
studies, underwater behavioral analysis faces additional technical challenges due to the size,
weight, and operational constraints of submerged sensing systems.

Finally, while intelligent technologies hold promise for improving sustainability and
management outcomes, their adoption should proceed with caution. The environmental costs
associated with manufacturing, deploying, and maintaining advanced technological systems must
be carefully evaluated. The integration of artificial intelligence into aquaculture and fisheries
should be accompanied by rigorous environmental impact assessments and continued exploration
of alternative, environmentally responsible materials and system designs. A balanced approach
that aligns technological innovation with ecological responsibility will be essential to ensure that
the benefits of Al are realized without creating new environmental burdens.
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