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Introduction

The integration of artificial intelligence and emerging technologies into fisheries science has
fundamentally transformed marine resource management approaches (Bradley et al., 2019; Ebrahimi
et al., 2021). This field has evolved from foundational object-oriented modeling approaches (Bousquet
et al., 1994) to sophisticated expert systems such as CANOFISH and ProTuna, which have enhanced
management decision accuracy by 85% (Alagappan and Kumaran, 2013). Currently, the integration of
emerging technologies including satellite image processing, smart sensor networks (WSN), and deep
learning algorithms has created a new paradigm in sustainable marine resource management (Lu et al.,
2024). Global fisheries face significant challenges, as FAO reports indicate 94% of aquatic resources
are in two distinct states: 60% in full exploitation and 34% at levels beyond biological sustainability
(Kumar et al., 2024; Stroe, 2024). This situation is directly related to illegal, unreported, and
unregulated fishing (IUU), which accounts for 20-35% of global catch and causes annual economic
damages of $10-23.5 billion (Samy-Kamal, 2022; Grey, 2023; Lubchenco and Haugan, 2023). Fishing
activities impact not only target species but also non-target species and biodiversity (Liang and Pauly,
2017), while socioeconomic factors contribute additional complexity to fisheries management
(Phillipson and Symes, 2013). This review examines technological advancements in fisheries
management from 2004-2024, focusing on machine learning developments in conjunction with
traditional management approaches. The investigation addresses how artificial intelligence has
improved management efficiency, what implementation challenges exist across different contexts, and
what frameworks are necessary for sustainable integration of Al in global fisheries management.
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Methodology

This study applies a systematic review methodology that comprises both quantitative and qualitative
methods to examine the implementation and effectiveness of Al technologies in fisheries management.
The research procedure was a three-phase structured method that started with a full-fledged literature
search in the most important scientific databases including the Web of Science, Scopus, and Google
Scholar, with a time frame of 2004 to 2024. Then, the investigation proceeded with the analysis of
technical reports from international organizations such as FAO and the World Bank to gain an
understanding of the practical aspects of the project, as well as broad analyses of case studies from
both developed and developing countries to observe real-world implementations and problems. Data
analysis included statistical evaluation of the implementation results via comparisons of success rates
over different areas and thematic analysis of the implementation challenges. The main point is, studies
brought about objective evaluation of the technology impact among the different locations.

Results

Artificial intelligence and emerging technologies have demonstrated significant contributions to
fisheries management. In monitoring applications, empirical studies show that machine learning
applied to fish species identification from images has achieved 95% accuracy (Silva et al., 2022).
Additionally, the integration of Automatic Identification System (AIS) and Vessel Monitoring System
(VMS) data has led to a 40% improvement in marine spatial planning (Thoya et al., 2021; Lu et al.,
2024). Recent research demonstrates that deep learning models in early detection of environmental
threats have accuracy above 90% (Fei et al., 2023), while advanced radar technologies in monitoring
wildlife interactions and fishing activities have shown remarkable efficiency (Navarro-Herrero, 2024).
The scalability of these solutions has been enhanced through the development of open-source
frameworks, enabling traditional fisheries to benefit from advanced technologies (Silva et al., 2022).
Implementation challenges span technical domains, with data standardization issues prominent;
socioeconomic barriers, which vary significantly between regions; and regulatory constraints,
characterized by adaptation delays.

Discussion and conclusion

The transformative potential of artificial intelligence in fisheries management requires balanced
consideration of technical, socioeconomic, and institutional factors for successful implementation.
Studies have shown that the integration of remote sensing data with AIS can effectively monitor IlUU
fishing activities, particularly in regions with limited monitoring capacity (Kurekin et al., 2019). Smart
technology implementation in aquaculture has led to significant efficiency improvements through loT
systems and smart sensors, demonstrating the economic value of Al integration (Lan et al., 2022).
Local ecological knowledge (LEK) complements scientific data by providing deeper understanding of
marine ecosystems (Silvano and Valbo-Jergensen, 2008). Successful examples include identification
of causes for fish population decline (Dey et al., 2019) and bycatch management (Cazé et al., 2022).
The scalable framework for fish image collection and annotation proposed by Silva et al. (2022)
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demonstrates how technology can be made accessible across different contexts. Three principal
directions for future development are identified: standardization of integration protocols, capacity
development in developing regions, and adaptive regulatory frameworks. Future initiatives should
address implementation barriers, develop comprehensive training programs, and establish regulatory
frameworks that facilitate innovation while ensuring sustainable resource management.
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Figure 1: Five major challenges in modern fisheries management: IUU fishing, climate change and habitat
degradation, overfishing, need for comprehensive data, and socio-economic considerations in decision-making
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operational outputs for aquatic resource management and monitoring
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Table 1: Modern data collection methods and technologies in fisheries science and their associated scientific

Technology
Category

Methods/Technologies

References

Imaging Systems

Acoustic Systems

Automated Systems

Data Management

Biological Sampling

Management
Systems

Underwater imaging systems
Simple and advanced BRUV
Satellite imaging techniques
Advanced imaging solutions
Modern underwater cameras
High-frequency Acoustic Recording Packages (HARP)
Hydrophones
Sonar systems
Wireless Sensor Networks (WSN)
WSN and 10T integration
Automated monitoring solutions
R2R system
KODC
Satellite data analysis systems
Environmental DNA techniques

Digital morphometric systems
Vessel Monitoring System (VMS)

Deckhand system
Mobile applications

Mallet & Pelletier (2014)
Whitmarsh et al. (2017)
Pelletier et al. (2021)
Watt et al. (2023)
Sherman et al. (2023)
Wiggins et al. (2010)
Francisco & Sundberg (2015)
Francisco & Sundberg (2015)
Guobao et al. (2014)
Pitas et al. (2014)

Bond et al. (2022)
Brodie et al. (2018)
Carbotte et al. (2022)
Kim and Kim (2023)

Thomsen and Willerslev
(2015)
Fischer et al. (2024)
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Liu et al. (2023)
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Basic Machine Learning Methods

Storbeck & Daan (2001)-Strachan et al. (1990)

Supervised-Regression-Unsupervised Learning
Stock et al., (2021)-Sarr, (2020)-Munil et al., (2024)-
Kyriakou et al., (2021)-Salako et al., (2024)-Dupont et

al,, (2018)-Li et al., (2022)

Convolutional Neural Networks
(CNN)

Fablet & Le Josse (2005)-Hindarto
(2023)-Natesan (2023)

Recurrent Networks
(RNN/LSTM/GRU)

[

Corrales (2019)- Rodriguer-Lopez (2023)-
English(2024)

(2022)-Meng et al. (2022)

Reinforcement Learning Methods (RL)

Lapeyrolerie(2022)- Sohns(2022)- Xing(2023)- Woodill(2020)
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I

Feng(2023)-Er et al. (2023)-Haq & Harigovindan(2022)-Zhang et al.

Resource management, illegal fishing
prediction, quota management
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Figure 3: Comparison of accuracy and applications of various machine learning methods in fisheries management
with success rates (20-95%). Methods reviewed include basic machine learning, supervised learning, CNNs, recurrent
networks, hybrid models, and reinforcement learning.
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! Artificial Neural Networks

2 Unsupervised Learning Methods
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Table 2: Evolution of fisheries management approaches (2006-2022): From GIS systems to participatory management with
emphasis on local knowledge and modern technologies.

Year Author(s) Key points Reference type
2006 Close and Hall Application of GIS in analyzing local fisheries data Methodological
2008 Silvano and Role of Local Ecological Knovyledg_e (LEK) in complementing scientific Theoretical Framework
Valbo-Jergensen fisheries data
2009 Scandol et al. Inductive modeling of climate effects on shrimp fishing Research Study
2013 AIEESanaarg:nd Development of CANOFISH and ProTuna expert systems with 85% accuracy Technical Innovation
2015 Beaufort et al. Introduction of three main pillars of modern fisheries management Conceptual Framework
2017 Karr et al. Importance of local fishermen participation in management Policy Analysis
2018 Farr et al. Integration of local knowledge with predictive models Integrated Approach
2019 Ahmed et al. Development of knowledge-based systems and inference engines Technical Development
2019 Dey et al. Application of LEK in studying Ganges fish population decline Case Study
2019 Moullec et al. Modeling climate effects on Mediterranean biodiversity Environmental Study
2019 Bradley et al. Framework for Al integration in fisheries management Strategic Framework
2020 Franco et al. Integration of logical approaches in fisheries management Management Framework
2020 Wijermans et al. Improvement of expert systems with machine learning Technical Innovation
2021 Ebrahimi et al. Digital transformation in global fisheries management Review Study
2021 Lan et al. 10T and smart sensor applications in aquaculture | Technology
mplementation
2022 Cazéetal. Bycatch management with fishermen participation Participatory Research
2022 Gordon et al. Importance of participatory processes in fisheries management Policy Framework
2022 Silva et al. Al applications in species identification (95% accuracy) Research Study
2023 Watson et al. Predictive models for illegal fishing activities Surveillance Study
2024 Son and Jeong Evolution of deep learning applications in fisheries Review Study
2024 Lim Integration of Al in fisheries resource management Strategic Analysis
2024 Lu et al. Satellite-based monitoring systems development Technical Innovation

2 Hidden Markov Models
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Table 3: Statistical approaches in fisheries science (2012-2024): Analytical methods, modeling, and stock assessment

Year Author(s) Application in fisheries sciences Method category
2012 Rassweiler et al. Optimized spatial management of marine protected areas Spatial Management
2013 Joo et al. HMM modeling for fish movement analysis Movement Analysis
2014 Fulton et al. Development of ecosystem-based management approach  Ecosystem Management
2015 Xu et al. Development of mach;?]gli/e;;nmg methods in catch Machine Learning
2016 Bitunjac et al. Development of multi-criteria decision framework Decision Support
2016 Dowling et al. FishPath system for limited data management Data Management
2017 Taietal. Length-based and CPUE analysis Stock Assessment
2018 And\c;:\lr;cr)g and Triple impact analysis in spatiotemporal modeling Spatial Modeling
2018 Kgg:?g;%d Nonparametric modeling of fish maturity Population Dynamics
2018 Midway et al. Growth parameter estimation using LBB Parameter Estimation
2018 Syed and Weber Development of advanced computational techniques Computational Methods
2019 M(;(a:;ll?e?sr:e%s In-season salmon stock management Stock Management
2019 Daley and Leaf Development of age-length keys Biological Assessment
2019 Ding et al. Squid mortality study Population Studies
2019 Ferrette et al. DNA barcoding applications Genetic Analysis
2019 Tulloch et al. ROI analysis in marine mammal conservation Conservation Economics
2019 Ward et al. Kokanee stock composition analysis Stock Analysis
2020 Kindong et al. Systematic analysis of population-environmental data Environmental Analysis
2020 MCCI?:;;?” and Production optimization in coral fisheries Production Management
2020 Suetal. Transition to integrated management in China Integrated Management
2020 Zhang et al. Development of ARIMA and state-space models Time Series Analysis
2021 Akoglu Pelagic fish study using artificial intelligence Al Applications
2020 Cardiec et al. Detection of fishing events using HMM Event Detection
2021 Friedrich et al. Role of statistical methods in Al Statistical Methods
2021 Gundelund et al. Development of citizen participation platforms Participatory Research
2021 Hou et al. Introduction of LBB in Beibu Gulf Regional Studies
2021 Jannot et al. Humpback whale entanglement estimation Magp;;\élgg:}mal
2021 Lee et al. Combination of ARIMA with neural networks Hybrid Methods
2021 Rufener et al. Novel species distribution modeling methods Distribution Modeling
2021 Froese et al. CMSY++ method for data-limited stock assessment Stock Assessment
2022 Chen et al. Sustainable resource management development Sustainability
2022 Oremland et al. Advanced computational methods development Computational Methods
2022 Steenbergen et al. Integration of indigenous knowledge Traditional Knowledge
2022 Sultana et al. LBB development in population parameter estimation Population Parameters
2022 Thompson et al. Bayesian methods in stock assessment Statistical Analysis
2023 Szg)?)sr?(j:-rgey Mark-recapture techniques Population Studies
2023 Froese Enhanced CMSY ++ statistical improvements Method Development
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Year Author(s) Application in fisheries sciences Method category
2023 Gervasi et al. CMSY integration with Bayesian production models Hybrid Modeling
2023 Gu et al. Advanced DNA barcoding applications Genetic Analysis
2023 Schwing Integration of traditional and modern methods M?mgg?;tc:g:]cal
2023 Deka et al Development of deep learning algorithms Deep Learning
2023 Paradinas et al. Solving data compatibility issues Data Management
2023 Skelly et al. Endangered species survival estimation Conservation

2023 Xu Mackerel stock study Species-Specific Studies
2024 Carrella et al. Development of agent-based models AgentA1:D49-Based

Modeling
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