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Abstract

:

Applications of artificial intelligence (AI) technologies for improving the sustainability of the smart fishery have become widespread. While sustainability is often claimed to be the desired outcome of AI applications, there is as yet little evidence on how AI contributes to the sustainable fishery. The purpose of this paper is to perform a systematic review of the literature on the smart fishery and to identify upcoming themes for future research on the sustainable fishery in the Age of AI. The findings of the review reveal that scholarly attention in AI-inspired fishery literature focuses mostly on automation of fishery resources monitoring, mainly detection, identification, and classification. Some papers list marine health and primary production which are vital dimensions for Large Marine Ecosystems to recycle nutrients to sustain anticipated production levels. Very few reviewed articles refer to assessing individual needs, particularly fishers, from AI deployment in fisheries and policy response from governments. We call for future AI for sustainable fishery studies on how fishers perceive AI needs, and how governments possess a tangible strategy or depth of understanding on the regulation of AI concerning smart fishery systems and research on resilience-enhancing policies to promote the value and potentials of the AI-inspired smart fishery in different locations.
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1. Introduction


A wide variety of stakeholders point to the application of artificial intelligence technologies in the smart fishery [1,2,3] to solve the problem of shrinking fish stock [4]. The United Nations, the European Union, and national governments have since 2018 drafted their AI strategies, in which a so-called new ‘age of AI’ was announced [5]. On a global governance level, the UN has its AI for Good series since 2017. This platform was established for evaluating opportunities offered by AI for advancing the UN’s Sustainable Development Goals (SDGs) and to ensure that AI benefits all humanity. The UN’s AI for Good series rests on the belief that AI is a benevolent force that will solve the most tenacious problems of humanity, including environmental degradation of marine ecosystems and the shrinking of fish stock. Similar beliefs are expressed in the EU’s AI Strategy and national AI strategies. In such concerted politics of AI, AI is presented as the benign force that, amongst other things, solves ecosystem problems [6].



The smart fishery literature of the past decade has made great headway in increasing our understanding of the workings of AI technologies in fish farming, particularly focusing on specific aspects of optimizing the efficient use of resources in ecosystem management [2,6]. In this paper we perform a systematic literature review to reconstruct the state-of-the art of the smart fishery literature, with the deliberate aim of finding out in what ways AI is embedded in the scientific field of sustainable fishery. We seek to systematically draw together AI for sustainability with different aspects of marine fishery systems in a cross-disciplinary and coherent way, to find out what is known and what is yet to be found out about marine smart fishery. Our systematic review serves as a foundation for identifying future research themes for the upcoming decade.



This paper is organized as follows: Section 2 presents the materials and method followed for the systematic review, Section 3 details the results, Section 4 analyzes the reviewed papers, Section 5 presents the research agenda, and Section 6 concludes the paper.




2. Materials and Methods


In this paper, the Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) methodology is used for performing a systematic review [7,8,9]. The PRISMA Statement is a road map to help authors best describe what was done, what was found, and in the case of a review protocol, what are they planning to do [10]. We adopt a three-phase methodologic approach. (Stage 1) Planning stage contains objectives and review protocol for a systematic review, defining sources and procedures for literature searchers. (Stage 2) Conducting the review stage contains descriptive and structural analysis. (Stage 3) Reporting and dissemination stage contains analysis and synthesis of the results according to the established objectives.



In Stage 1 (planning stage), a research plan involving the research aim and question, keywords and a set of primary inclusion and exclusion criteria of articles are developed. The search, which we conducted in December 2020, utilizes Scopus as an electronically accessible and widely used database. The choice of this database takes into consideration its scope and relevance in academia. This database indexes several journals and catalogues, such as IEEE, ACM, and Elsevier. It is a database that is widely used in similar bibliographic reviews [8,11]. Our goal is to systematically summarize a corpus of research papers that are directly (see search string A) and indirectly (see search strings B, C, and D) related to fishery systems (sea) using scientific searching criteria. We refer to sea as relatively large areas of oceans space (≥200,000 km2) called Large Marine Ecosystems (LMEs) [12]. The query strings B and C present the marine ecosystem health and primary production modules of the LMEs approach. We added “marine ecosystem” in a separate query to search for all related topics in all five modules of LMEs approach.



Since the mid-1980s, the LMEs approach combines multiple disciplines (fish/fishery, ecosystem health, primary production, governance, and socioeconomics) for implementing natural science and social science-based assessment of coastal goods and services [12]. Like smart fishery, its ultimate goal is moving towards sustainable development of fishery through a combination of science, policy, and society [12]. We use this approach in identifying upcoming themes for future research on sustainable fishery in the Age of AI.



	
Search string A: (“Artificial intelligence” OR ai OR smart) AND (fish) AND (fishery) AND (system)



	
Search string B: (“Artificial intelligence” OR “deep learning” OR “machine learning”) AND (pollution OR “ecosystem health”) AND (marine)



	
Search string C: (“Artificial intelligence” OR “deep learning” OR “machine learning”) AND (productivity OR phytoplankton) AND (marine)



	
Search string D: (“Artificial intelligence” OR “deep learning” OR “machine learning”) AND (“marine ecosystem”)






It should be noted that the quotation marks have the function of ensuring that terms composed of multiple words are searched together, thus preventing words from being considered individually. The publication date (of the scientific articles) is left open. The Scopus database search produces 98, 150, 40, and 102 results respectively, for each query. The results are exported as a list into a spreadsheet, which makes an overall set of 396 papers (see Figure 1). The 396 papers screen and records excluded from the review process, if there are not any journal articles that are peer-reviewed, available online, and written in English language. This excludes 162 papers. This stage gives us 234 papers.



In Stage 2 (conducting the review stage), involves carrying out the review of relevant articles [7,8,13,14,15]. Initially, the dataset in the spreadsheet subjected to a round of duplicate removal (n = 20), which produces an overall set of 214 papers. Thereafter, specific criteria for secondary inclusion and exclusion of papers are applied. The first is to ‘eye-ball’, to ensure the articles are consistent with the keywords search. “Artificial intelligence (AI)”, “machine learning”, or “deep learning” should be found in the abstract, title, or authors’ keywords. This exclusion brings us to a total of 90 papers. We then apply two rounds of exclusion. The full-text of the selected 90 articles are read to determine the relevance with respect to the aim of our systematic review. The result of Stage 2 comes with a narrowing down to 61 articles (6, 22, 8, and 25 for each query).



The first two authors of our paper read the resulting corpus of the articles and further examine them whether they are meaningfully related to the area of marine AI-inspired fishery. This step results in the inclusion of papers only related to AI. We include articles like a paper on primary production appraisals as relevant for our review, as such an article not only communicate understanding of the dynamics of this relationship with oceanic food webs, energy process carbon cycle and earth’s climate, but also provides an analysis ecological processes like fish resources [16]. We exclude scientific articles that do not have smart and sustainable fishery as its core, such as a paper on oil spillage classification in which scenario analysis is the core of the paper, rather than machine learning in fishery systems [17]. This selection criterion further narrowed down our result to 50.



Moreover, we perform a reference check of these 50 papers. This step follows the same criteria for secondary inclusion and exclusion of papers. The first is to eye-ball, to ensure articles are consistent with the keywords search, “artificial intelligence (AI)”, “machine learning”, or “deep learning” that should be found in the abstract, title, or authors’ keywords. Second, the full text of the articles is read to determine the relevance concerning the aim of the study and the result. With the inclusion of additional literature identified by the authors and peer reviewers, the total number of reviewed, cited, and quoted references is increased to 66 literature pieces.



The systematic review relies on a descriptive analysis of results. Qualitative techniques of pattern matching and explanation building are adopted to descriptively categorize the journal articles under specific categories [18]. The categorization of the reviewed literature under specific themes is done in four steps. The criteria for formation of the themes is presented in Table 1. Firstly, the AI techniques that are directly related to fish/fishery raised in the reviewed materials are tabulated, highlighting the major contribution of AI on the sustainability of fish stock. Secondly, the most important themes to best categorize the reviewed literature, in relation to the research aim, are determined. To conduct the systematic review and reduce human error, we use a data-extraction form as a repository for general (authors, title, journal) and specific (fish/fishing, pollution, primary production, policy/government) themes. Then, these specific themes are crossed-checked with AI for sustainability [19], with the major themes on the investigated topics being investigated. Thereby the categorization is finalized under three research themes, which are fish/fisheries, fishers/fishing fleets, and policy (see Figure 2).



In Stage 3 (reporting and dissemination stage), the work focuses on writing up and presenting our findings in the format of a literature review paper. The list of the 66 papers can be found in Appendix A. At the write-up stage, other publications on the topic are also incorporated as additional supporting literature evidence to better analyze the topic and elaborate the overall findings.




3. Results: General Observation


3.1. Distribution of Articles by Year of Publication


Based on the results obtained in the systematic review, we note a growth trend in the number of publications related to AI in fishery systems since 2011 and before, special emphasis from 2017/2018 onwards, as shown in Figure 3. One of the earliest studies on intelligent system for fish catch prediction and allowable catch evaluation was from Sazonova et al. [20] and environmental monitoring was from Ricketts [21].



We observe an increase of 140% in the number of published papers in 2017/2018. We observe an expressive increase of 233% of published papers in 2019/2020, until the end of 2020. The amount of published papers in recent years evidences increased discussion of the topic AI applied to fishery systems. It should be noted that the asterisks marks in Figure 3 have the function of indicating before 2011 and until the end of 2020.




3.2. Distribution of Papers by Location of Large Marine Ecosystems


Among the reviewed 66 articles, 39 of them include a location focus across (Figure 4).



Articles not only include a location focus but also point at different LMEs. Among the reviewed articles that outline a location, seven include LME #26 (the Mediterranean Sea) and three contained LME #48 (the Yellow Sea). A total of 24 LMEs were represented in the reviewed articles.




3.3. Distributions of Papers by Authors’ Affiliation


The geographical distribution of authors (Table 2) shows that the topic of AI in fishery systems has attracted the interest of scholars worldwide.



Institutions in the Mediterranean regions of Europe (Italy and Spain, with 44 and 20 authors, respectively), and in Asian areas (Mainland China with 60 authors) are the most contributors. This spread emphasize geographical distribution of case studies (e.g., the Mediterranean Sea) which is the most popular location for research on AI in fishery systems.





4. Results: Content Analysis


This section introduces the results of the content analysis of the papers. This section aims to explore the contribution of AI to the sustainable fishery. First, we explore the smart fishery concept in categorized papers under (a) AI and fish/fishery, (b) AI and fishers/fishing fleets, and (c) AI and policy issues. Second, we discuss how smart fishery and sustainable fishery are related.



4.1. Analysis of Smart Fishery Concept


4.1.1. AI and Monitoring Fish Stock


After reviewing the 66 scientific articles, we categorize them under AI and smart fishery if they directly contribute to fish/fishery which leads to 22 papers (see Table 3). The papers categorized under fishery resources are those that provide insights directly into contribution of AI in counting fish species [22,23,24]. There is an agreed advantages of AI for counting fish species [24,25,26,27]. Segmentation, detection, and classification of fish stocks within the marine ecosystems allow researchers to gather information regarding fish abundance [28,29,30,31].



In several articles, automation of classification is a key topic [32,33]. AI technologies are used in automation of fish classification procedures. Some articles include a focus on fish detection systems. Such systems are based on deep network architectures for robustly detecting and counting fish objects, under a variety of benthic background and illumination conditions [24,34]. While overlaps exist between classification, detection, and identification of fish stock, in practice, these automation themes have the same bottom line. Data on species composition and abundance distribution of fish species have considerable importance for monitoring the status and health of fish assemblages [26,35,36]. The view on automation include smart fishery as resource classification, identification, and detection, to assess fish abundance. As mentioned in one of the reviewed papers, fish abundance is one of the most unsustainable reasons for the global and national fishery [37].



In the reviewed articles, AI-inspired smart fishery for sustainability is not only linked to fish stock monitoring. Sustainable fishery is also related to environmental monitoring, which is reflected in the overlap of papers (see Table 4). Kylili et al. [38] (p. 42632) locate the scope of smart fishery in “epidemic of plastics entering the sea warrants urgent action if humanity is to stave off a collapse in fish stocks”. They demonstrate that pollution is an urgent and necessary consideration regarding fish abundance. Furthermore, oil spills on seas and oceans—a major source of maritime and ocean pollution due to anthropogenic activities and the growing demand for oil and maritime transport capacity—pose a deleterious effect on aquatic and wildlife [39,40]. This understanding is also shared by Song et al. [41], who suggest that marine oil spills often result in large-scale marine pollution and seriously endangers the marine ecosystems and environment and fisheries. Moreover, global surface temperature rise comes with the urgent need to study the impacts of future climate change on fisheries [42].



Most reviewed papers use a location as an attempt to contextualize automation of environmental monitoring, which includes fish/fishery, primary production, and marine health. One of the locations that focuses on automation of fish stock monitoring includes the Mediterranean Sea to explore technological innovations [43,44]. The paper, by Fanelli et al. [45], include primary production as increasingly recognized as indispensable for the comprehension of the largest biome on Earth. Furthermore, a set of Artificial Neural Networks (ANN) are trained to both model the effect of environmental descriptors on litter distribution and estimate the amount of marine litter in the Central Mediterranean Sea [46]. Overall, it is noted that the Mediterranean Sea is the only LME that covers AI in the three environmental monitoring in the ecosystem-based approach, such as fish/fishery, primary production, and marine health. In return, this would help LMEs recycle nutrients to sustain anticipated production levels [47].




4.1.2. AI and Fishing


Fishing activity is an universal force that has extensive influence on catch monitoring across fishery systems at-sea [48]. There are diverse range of AI applications within fishing activity from evaluating economics of commercial fleets [49], electronic monitoring of catch and bycatch [50], detecting and forecasting fishing grounds [51], to simulating fishing vessel behavior [52]. From the reviewed papers, only two papers had touched upon AI technologies in fishing activities. Why there has been such a limited effort is difficult to pinpoint. Bradley et al. [1] mentions that one of the major challenge that may prevent the uptake and integration of new fishery-dependent data technologies across all fishery sectors is lack of trust and buy-in from fishers. For example, illegal fishing practices influence how fishers view annual decreases in their total allowable catch as putative and unnecessary, leading to controversy and feelings of distrust between fishery stakeholders [53]. The lack of fishers’ trust seems to be as an obstacle for taking in AI technologies in fishery systems. De Souza et al. [54] and Chuaysi and Kiattisin [37] agree upon tracking fishing activities within the marine ecosystems, which allows researchers to gather information regarding allowable fish catch [37,54]. This in return is a useful step for monitoring illegal fishing activities.



Two reviewed articles focus on automation of monitoring of illegal fishery methods [46]. They base their scope of what might be considered AI technology for “tracing back to the source of catching with the existing data and technology”, such as tracing massive catch by illegal catch methods. They argue that fishing vessels at sea provide information for tracing back to catch source at sea for seafood and improves the illegal, unreported, and unregulated (IUU) fishing, including transshipments at sea [37]. In this way, transparency of vessel movements would shed light on the geographic distribution of IUU fishing operations [37]. They emphasize that a key challenge in contemporary ecology and conservation management is the accurate tracking of the spatial distribution of various human impacts, such as fishing [37]. They stress that while important from a scientific perspective, there are also many other obvious applications of AI, including the monitoring of marine fisheries and the enforcement of spatial management measures, such as marine protected areas (MPAs), ecologically and biologically significant areas (EBSAs), as well as fisheries closure zones.




4.1.3. AI and Policy Issues


In our systematic review, various articles point at the critical importance of AI technological developments on one hand and policy response from governance actors on other hand. A total of 10 out of the 66 reviewed articles touch upon policies in general; and 3 out of them named a specific policy. These articles place their scope of AI-inspired fishery in policies. Multiple AI for sustainability scholars indicate that public policy is critically important for making AI technologies work for realizing the sustainable fishery (e.g., [19,55,56,57]). This indicates the existence of a major gap in research on policy intervention for AI for sustainable fishery systems.



Reviewed articles indicate that fish detection and counting are crucial for policy formulation to effectively control fish harvesting and prevent stock depletion [24]. Salman et al. (2016) stresses that a timely warning to regulatory authorities and government bodies is necessary to implement and impose strict rules for preservation of endangered fish species. For example, the EU and the US have set up a transparency fisheries policy to fight against illegal fishing [37]. In the case of, for instance, oil spill detection, the government’s regulatory agencies are responsible for documenting all spill incidents [58].



Among reviewed articles only two of them discuss the European Marine Strategy Framework Directive. The article, by [43], argues that increasing pressure on the marine environment has led to several policies that seek to improve the state of marine ecosystems and ensure the sustainable use of resources. Another reviewed article, by [44], points at changes in fish communities, especially regarding commercial species, considered under relevant international policy actions. And only one of the reviewed articles touches upon policies such as the Blue Growth call, which expects from AI technologies that they strengthen the marine industry and support the global monitoring of the marine environment [45].



Concerning the smart fishery concept, it appears that scholarly attention in AI-inspired fishery literature focusses mostly on automation of fishery resources monitoring, mainly detection, identification, and classification. Some papers list marine health and primary production, which are vital dimensions of sustainable fishery and would help LMEs recycle nutrients to sustain anticipated production levels. Very few reviewed articles refer to assessing individual needs, in particular the needs of fishers, from AI deployment in the fishery to response from governments through policy.





4.2. Smart Fishery and Sustainable Fishery


AI technologies increasingly play a dominant role in the automation of environmental monitoring, in particular fish/fishery dimension of ecosystem-based approach. Like the concept of the smart fishery in aquaculture that focuses on the role of technology in resource optimization [2], the emergent concept of the marine smart fishery draws upon the prominent role of artificial intelligence technologies in fish stock monitoring through segmentation, detection, and classification. The smart fishery at sea refers to a scientific field whose objective is to automate counting fish for monitoring the health of fish assemblages to may optimize fish catch. As stated in one of the reviewed articles by Stock et al. [59], however, sustainable fishery requires approaches that consider the combination of multiple stressors, and only then understanding where most urgent actions are needed to address impacts is possible. In the current advent of the making of the so-called ‘Age of AI’, fishers’ experiences, perceptions, practices and needs with regard to advanced AI technologies and the role of governments’ AI strategies and their AI policy designs and implementations, need to be taken into account, if AI is to work effectively in the field of fishery [19].



Research on application of AI technologies in sustainable fishery is typically concerned with the development of AI techniques for the prediction of certain events, such as fish stock assessment. These smart fishery systems appear to be autonomous, i.e., they create outputs that affect people in ways that do not allow responsibility to be ascribed to human beings [60]. Equally central have been ambitions to control, through technological developments that deskill work through “automation” and hamper collective bargaining [61]. Conversely, breakdowns in direct communication and collaboration among scientists and fishers can create an ‘accountability cascade’ of blame, distrust, and dysfunction [48]. Further, AI technologies tend to focus on (or be used for) increasing efficiency in counting fish stock. By their very nature, they feed on data that can be measured and counted [62]. As in the case of AI-inspired smart fishery, all too often these scientific systems use data to justify the workings of the system but not to question or improve the system [62]. Even if the solutions are optimal from a mathematical point of view (given a certain range of selected parameters), additional research is typically needed to assess the long-term impact of such algorithms on equity and fairness [63]. Justice, for example, cannot just be something that individuals in one society, e.g., in the Mediterranean Sea inflicts upon the other. Machine learning and deep learning, for all their advances in language and logic, still struggle mightily with moral phenomena of justice and fairness; that is, they frequently enact injustice and bias [62]. This deficiency leads the AI research community to publish positive and often biased results apparent in the SGDs [19], in particular when it comes to target 14.5 on conserving coastal and marine areas [64]. Discovery of the detrimental aspects of AI may require long-term studies [19].



While governments and policies affect AI technological development in different areas through automation that need appropriate piloting and testing (e.g., in counting fish and environmental monitoring), they are not yet equipped by legislation and standards that governments provide to technology. There is a research gap in real-world applications of such systems, e.g., by governments [19]. So, instead of developing AI for sustainable fishery and optimizing it, researchers have to deal with a black box. To open it, we need to come to understand AI for sustainability, from (1) an interplay between technological developments on one side and needs of individuals, (2) response from governments, and (3) environmental resources and dynamics [19]. Consequently, researchers stress that it is essential to promote the development of initiatives to assess the societal, practical, and policy implications of AI technologies [65]. Scientific interest in these implications can help stakeholders to enjoy the benefits and opportunities of predicting and managing incidents and failure and improve efficiency and reliability created by effective implementation and use of AI technologies [3], while minimizing the risks of defining fuzzy responsibilities for individuals (e.g., fishers) to adopt and use AI [55].



New AI technologies are developing at a rapid phase, affecting the way fishers work through automation as well as the impact such technologies have on fishery systems. The problem is that neither the fishers’ experiences, perceptions, practices, and needs connected with the embeddedness of AI in fishery systems, such as fairness and equity, nor AI strategies, policy design and implementations from governments seem to be supportive for enhancing sustainable fishery. Further research into the detrimental aspects of AI in fishery systems typically require long-term studies.





5. Towards a Research Agenda for Sustainable Fishery in the Age of AI


Our systematic review reveals that scientific enquiry into AI-inspired fishery systems at sea is still a field in its infancy. In line with Fosso et al. [3], our review shows a growing research emphasis on AI’s technical aspects and surprisingly little research on the political-administrative aspects that shape sustainable fishery in the age of AI. We call for the development of a research stream that focusses on the societal aspect of making smart fishery more sustainable. The results of our systematic review enable us to identify some upcoming themes for future research in this context of an as yet limited focus on the intermingling’s of AI and the political–administrative dimensions in smart fishery systems (Figure 5).



Our research agenda is based on the “building blocks” considered as essential in future studies that focus on making smart fishery more sustainable (i.e., AI technologies, endangered fish species, AI governance, and AI individual’s needs), as highlighted in Section 4.1. Automation of environmental monitoring increasingly play a prominent role in ecosystem management. Such AI technologies may be beneficial for many different LMEs, but AI-inspired smart fishery requires both technological as well as political–administrative perspectives [60]. Learning AI-related policy-making tendencies may help in decision making that is less biased and better informed; and marked by lower degrees of oligarchical power abuse [55]. Future studies should take into account the underlying effects of specific political–administrative factors (such as governance constellations, power relations, the role of tech firms (AI firms), policy programs, policy entrepreneurs, decision making dynamics, etc.) that play a key role in making smart fishery more sustainable. Such efforts could strengthen the link between AI and their effect on the sustainable fishery, clarifying whether some AI technologies and generally accepted smart fishery (e.g., specific locations in Europe) have positive feedback on the sustainability of fish assemblage. A key future research question is how AI technologies can be designed and used to better monitor endangered fish species, and what is the role of political–administrative stakeholders in this?



Public policies impact AI technology deployment, such as automation of fishery resources monitoring. In our systematic review, the most frequently mentioned policy that calls for AI deployment in proposing changes in fish communities is the European Marine Strategy Framework Directive. Although such policies trigger technological development in many different LMEs like in the Mediterranean Sea, it is arguable that strengthening the relationship between policy perspectives and their effects on fishery systems can have an impact on both research and industry to strengthen the global monitoring of the marine environment. The concept of marine smart fishery needs further exploration and further research is necessary for defining specific guidelines for sustainable development in AI-inspired fishery systems. Further research on kinds of policy configuration in the age of AI is needed for developing understanding of how to make smart fishery more sustainable.



We call for future studies on how stakeholders, in particular fishers, perceive AI needs and its uncertainties. Fishers behave according to their perceptions and beliefs; and hence knowing their perceived AI needs, including justice and fairness [63], helps explaining decision making. Furthermore, recognizing the relationship between fishers and technologies comes with recognizing uncertainties associated with the advance of AI deployment [65]. This awareness creates values of care that constitute practices that seems necessary for making sustainable action possible. Sustainability transformation needs “radical, systemic shifts in [these] values and beliefs [and] patterns of social behaviour” [66]. In the context of sustainability transformation, it is a prompt to bring values of justice and normativity more firmly into the picture and to re-think how key concepts have to evolve [67].



The proposed question also calls for analyzing and developing fishery demographics. Although most reviewed articles point at practices for developing AI-inspired smart fishery technologies for advancing automation of fishery resources classification, a structured analysis of smart fishery systems and its practices is missing. We need a clearer understanding of these fishery systems, including the type of challenges (e.g., economic, environmental, social, and institutional) a system faces and how fishery systems can respond to these challenges. Systematization of these challenges according to a specific large marine ecosystem (e.g., the Mediterranean Sea, the North Atlantic Sea) is required to support practitioners in strategic planning and operations. To move beyond narrow “science-based” AI technical assessments [66] toward an understanding the differences between AI technology providers’ perceptions and the experiences of fishers in the use of specific AI technologies should be considered in future enquiry into AI for sustainability. The ultimate aim of answering the question of how fishers experience and perceive AI and its uncertainties is to map the challenges of using AI technologies, and to evaluate fishers’ needs from, and workings with, AI technologies to improve AI for sustainability in different fishery demographics.



Focusing on policy responses to AI-inspired fishery systems, it appears that AI technologies are not yet equipped by legislation and standards that governments provide for regulating AI. A key research theme is therefore to find out how governments make strategies to shape technological change and likely breakthroughs [55]. It has been widely recognized that smart fishery systems are highly political; its administrative systems are marked by complexity and ambiguity; and its alleged scientific advice, management, and policy are closely intertwined [68,69,70,71]. While governments and policies affect AI technological developments in different areas through automation that needs appropriate piloting and testing (e.g., in counting fish and environmental monitoring), little evidence as yet exists that demonstrates that governments possess a tangible strategy or depth of understanding to even begin to think on regulating AI with regard to smart fishery systems [55].



Finally, future studies may advance research on resilience-enhancing policies to promote the value and potentials of AI-inspired smart fishery in different locations. This in return may advance understanding of how the Common Fishery Policy (CFP) may respond to the AI-inspired fishery systems in becoming more sustainable. Concrete environmental problems certainly must be addressed in the here and now; and addressing them requires the expert input, efficient policymaking, and innovative technologies [67]. Especially, CFP supports the regional fishery systems to adapt to changing economic, social, and environmental circumstances. Insofar as this system structurally reproduces unsustainable patterns, however, these are not sufficient for smart fishery to become sustainable [67].



Here, the key characteristic of resilience-enhancing policies is often presented as having room for flexibility, multi-stakeholder deliberation, a wise balance between robustness and change [72]. A key upcoming research theme is to evaluate the strengths and weaknesses of the CFP (in its composition of the member states case studied developed in the first research proposal) in terms of its administrative capacity to adapt to AI technologies and enhance fishery systems resilience. How do policy options enhance the resilience and sustainability of EU fishery systems? Which governance strategies shape the realization of AI technologies development options?




6. Concluding Remarks


This review aimed to answer the question, “how AI contributes to the sustainable fishery?” The findings of our systematic literature review of the smart fishery concept reveal that scholarly attention in AI-inspired fishery literature focuses mostly on automation of fishery resources monitoring, yet fishers needs from AI deployment and policy response from governments received limited scholarly attention. However, sustainable fishery requires approaches that combine these aspects, and only then understanding where most urgent actions are needed to address impacts is possible. We need to come to understand AI for sustainability, from (1) an interplay between technological developments on one side and needs of individuals, (2) response from governments, and (3) environmental resources and dynamics [19]. This review contributes to the literature by highlighting the most investigated dimensions of AI for the sustainable fishery and identifying upcoming themes for future research on the sustainable fishery in the Age of AI.



In terms of future studies, we can see several areas in the political–administrative aspect of the AI-inspired fishery systems that would contribute to shaping a more sustainable fishery system. The first is around the perception of fishers on AI technologies. Knowing their perceived AI needs, such as equity, and fairness helps explaining decisions making and defining clear responsibilities to adopt and use AI in fishery systems. Understanding fishers’ needs appear key for AI (and governments’ AI strategies) to work effectively in the field of sustainable fishery. Further, public policy is critically important for making AI technologies work for realizing sustainable fishery (e.g., [19,55,56,57]). Existing AI strategies and AI developments optimize the efficient use of resources, but at present these are not equipped by the policy. A focus on understanding governments’ strategies to shape technological change appears essential in AI for the sustainable fishery. The third proposed research stream is around resilience-enhancing policies. The CFP may respond to the AI-inspired fishery systems through economic, social, and environmental dimensions to becoming more sustainable. However, these are not sufficient for the smart fishery to become sustainable. Evaluating the strengths and weaknesses of the CFP in terms of its capacity to adapt to AI technologies and could be a key mechanism to enhance fishery systems resilience. We strongly believe that, given the sustainability challenges of fishery systems, the scientific community, as well as the stakeholders of fishery systems, need to better integrate around smart fishery, to negate and transcend the unsustainable smart fishery.
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Appendix A


List of papers included in the systematic review (the other 32 papers can be found in Table 3 and Table 4 in the text).



	No
	Literature
	Title



	1
	Bukin et al. (2020)
	New solutions of laser-induced fluorescence for oil pollution monitoring at sea



	2
	Busseni et al. (2020)
	Large scale patterns of marine diatom richness: Drivers and trends in a changing ocean



	3
	Chen et al. (2020)
	A machine-learning approach to modeling picophytoplankton abundances in the South China Sea



	4
	Chuaysi & Kiattisin (2020)
	Fishing Vessels Behavior Identification for Combating IUU Fishing: Enable Traceability at Sea



	5
	D’Alelio et al. (2020)
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Figure 1. Literature selection procedure. 
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Figure 2. AI for sustainability in the context of fishery systems adopted from [19]. 
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Figure 3. Number of reviewed articles by year of publication. 
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Figure 4. Number of revised articles by LMEs. 
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Figure 5. Research agenda. 
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Table 1. Selection criteria for formulating categories.
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	Selection Criteria





	1. Determine the AI techniques of counting fish or directly related to fish abundance by using the eye-balling technique;



	2. Identify the suitable literature pieces focusing on AI and at least one module in LMEs approach after reading the full-text;



	3. Narrow down the selected categories and review the reliability of these against LMEs approach;



	4. Shortlist the categories and crosschecked crossed-checked with fishery system components;



	5. Review the shortlisted categories by going through the selected and reviewed literature one more time;



	6. Confirm the selection and finalize the classification of the categories;



	7. Place the reviewed literature pieces under the determined categories.
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Table 2. Number of countries to which authors of reviewed articles belong.
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	No
	Geogrraphical Area (Affiliation)
	Number of Authors
	Example of Papers





	1
	China
	60
	Ju and Xue (2020)/Jiao et al. (2019)



	2
	Italy
	44
	Marini et al. (2018)/Lumini & Nanni (2019)



	3
	USA
	39
	De Laurentiis et al. (2020)/Fannjiang et al. (2019)



	4
	Australia
	23
	Ditria et al. (2020)/Lopez-Marcano et al. (2020)



	5
	Spain
	20
	Lopez-vazquez (2020)/Pérez-Ortiz et al. (2016)



	6
	Japan
	15
	Watanabe et al. (2019)/Asakura et al. (2018)



	7
	France
	12
	Villon et al. (2018)/Busseni et al. (2020)



	8
	Canada
	11
	Knudby et al. (2010)/Ricketts (1992)



	9
	Pakistan
	10
	Jalal et al. (2020)/Saddiqui et al. (2018)



	10
	UK
	9
	Qiu et al. (2018)



	11
	Greece
	8
	Keramitsoglou et al. (2006)/Tamvakis et al. (2014)



	12
	Russia
	8
	Bukin et al. (2020)



	13
	Sweden
	7
	Lehikoinen et al. (2019)



	14
	Malaysia
	6
	Al-Ruzouq et al. (2020)/Temitope Yekeen et al. (2020)



	15
	Germany
	5
	Dunker et al. (2018)



	16
	UAE
	5
	Al-Ruzouq et al. (2020)



	17
	Portugal
	5
	Pais et al. (2013)



	18
	Croatia
	4
	Lorencin et al. (2019)



	19
	South Korea
	4
	Kim et al. (2013)



	20
	Uruguay
	3
	Bourel et al. (2017)



	21
	Cyprus
	3
	Kylili et al. (2020)



	22
	Iran
	3
	Banan et al. (2020)



	23
	Netherlands
	2
	Boom et al. (2016)



	24
	Philippines
	2
	Laboa et al. (2019)



	25
	Thailand
	2
	Chuaysi & Kiattisin (2020)



	26
	Hong Kong
	2
	Chen et al. (2020)



	27
	Norway
	2
	Budka et al. (2010)



	28
	Bahrain
	2
	Albalooshi et al. (2018)



	29
	Argentina
	2
	Pan et al. (2020)



	30
	New Zealand
	2
	DiBattista et al. (2020)



	31
	Poland
	1
	De souza et al. (2016)
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Table 3. Literature on fish classification and abundance estimate.






Table 3. Literature on fish classification and abundance estimate.





	No
	Author
	Year
	Title
	Journal
	Location
	Theme





	1
	Alshdaifat et al.
	2020
	Improved deep learning framework for fish segmentation in underwater videos
	Ecological Informatics
	N/A
	Fish segmentation



	2
	Banan et al.
	2020
	Deep learning-based appearance features extraction for automated carp species identification
	Aquacultural Engineering
	N/A
	Fish species identification



	3
	Ditria et al.
	2020
	Automating the Analysis of Fish Abundance Using Object Detection: Optimizing Animal Ecology With Deep Learning
	Frontiers in Marine Science
	Northeast Australian Shelf-Great Barrier Reef (LME #40)
	Abundance of fish species



	4
	Jalal et al.
	2020
	Fish detection and species classification in underwater environments using deep learning with temporal information
	Ecological Informatics
	South China Sea (LME #36) & West-Central Australian Shelf (LME #44)
	Abundance of fish species



	5
	Li et al.
	2020
	Model-based unsupervised clustering for distinguishing Cuvier’s and Gervais’ beaked whales in acoustic data
	Ecological Informatics
	Gulf of Mexico (LME #5)
	Whale’s regional distribution



	6
	Lopez-vazquez
	2020
	Video image enhancement and machine learning pipeline for underwater animal detection and classification at cabled observatories
	Sensors (Switzerland)
	Barents Sea (LME #20)
	Classification of different species



	7
	Lopez-Marcano et al.
	2020
	The slow rise of technology: Computer vision techniques in fish population connectivity
	Aquatic Conservation: Marine and Freshwater Ecosystems
	N/A
	Fish connectivity



	8
	Ju and Xue
	2020
	Fish species recognition using an improved AlexNet model
	Optik
	N/A
	Fish species recognition



	9
	Raza & Hong
	2020
	Fast and accurate fish detection design with improved yolo-v3 model and transfer learning
	International Journal of Advanced Computer Science and Applications
	N/A
	Fish detection



	10
	Laboa et al.
	2019
	Cascaded deep network systems with linked ensemble components for underwater fish detection in the wild
	Ecological Informatics
	N/A
	Fish detection



	11
	Asakura et al.
	2018
	Regional feature extraction of various fishes based on chemical and microbial variable selection using machine learning
	Analytical Methods
	Kuroshio Current (LME #49)
	Fish classification



	12
	Marini et al.
	2018
	Tracking Fish Abundance by Underwater Image Recognition
	Scientific Reports
	Mediterenean Sea (LME #26)
	Fish abundance



	13
	Meng et al.
	2018
	Underwater-Drone with Panoramic Camera for Automatic Fish Recognition Based on Deep Learning
	IEEE Access
	N/A
	Fish recognition



	14
	Qiu et al.
	2018
	Improving transfer learning and squeeze- and excitation-networks for small-scale fine-grained fish image classification
	IEEE Access
	Mediterenean Sea (LME #26)
	Fish classification



	15
	Saddiqui et al.
	2018
	Automatic fish species classification in underwater videos: Exploiting pre-trained deep neural network models to compensate for limited labelled data
	ICES Journal of Marine Science
	West-Central Australian Shelf (LME #44)
	Fish species classification



	16
	Villon et al.
	2018
	A Deep learning method for accurate and fast identification of coral reef fishes in underwater images
	Ecological Informatics
	Agulhas Current (LME #30)
	Fish identification



	17
	Boom et al.
	2016
	Uncertainty-aware estimation of population abundance using machine learning
	Multimedia Systems
	N/A
	Fish abundance



	18
	Pérez-Ortiz et al.
	2016
	On the Use of Nominal and Ordinal Classifiers for the Discrimination of States of Development in Fish Oocytes
	Neural Processing Letters
	N/A
	Fish classification



	19
	Qin et al.
	2016
	DeepFish: Accurate underwater live fish recognition with a deep architecture
	Neurocomputing
	N/A
	Fish recognition



	20
	Salman et al.
	2016
	Fish species classification in unconstrained underwater environments based on deep learning
	Limnology and Oceanography: Methods
	N/A
	Fish species classification



	21
	Pais et al.
	2013
	Seeking functional homogeneity: A framework for definition and classification of fish assemblage types to support assessment tools on temperate reefs
	Ecological Indicators
	North Sea (LME #22), Iberian Coastal (LME # 25), Mediterranean Sea (LME #26), Guinea Current (LME #28), Celtic-Biscay Shelf (LME #24)
	Classification of fish assemblage types



	22
	Knudby et al.
	2010
	Predictive mapping of reef fish species richness, diversity and biomass in Zanzibar using IKONOS imagery and machine learning techniques
	Remote Sensing of Environment
	Somali Coastal Current (LME #31)
	Fish species identification










[image: Table] 





Table 4. Literature on monitoring marine environment and ecosystem health.
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	No
	Author
	Year
	Title
	Journal
	Location
	Theme





	1
	Kylili et al.
	2020
	An intelligent way for discerning plastics at the shorelines and the seas
	Environmental Science and Pollution Research
	N/A
	Deberis and plastic recognition



	2
	Al-Ruzouq et al.
	2020
	Sensors, features, and machine learning for oil spill detection and monitoring: A review
	Remote Sensing
	Arabian Sea (LME #32), Agulhas Current (LME #30)
	Oil spill detention



	3
	Fanelli et al.
	2020
	Towards naples ecological research for augmented observatories (NEREA): The NEREA-fix module, a stand-alone platform for long-term deep-sea ecosystem monitoring
	Sensors (Switzerland)
	Mediterranean Sea (LME #26)
	Primary productioin



	4
	Mattei & Scardi
	2020
	Embedding ecological knowledge into artificial neural network training: A marine phytoplankton primary production model case study
	Ecological Modelling
	Northeast U.S. Continental Shelf (LME #7), Scotian Shelf (LME #8)
	Primary productioin



	5
	Li et al.
	2020
	Developing a microscopic image dataset in support of intelligent phytoplankton detection using deep learning
	ICES Journal of Marine Science
	Yellow Sea (LME #48)
	Primary productioin



	6
	Fannjiang et al.
	2019
	Augmenting biologging with supervised machine learning to study in situ behavior of the medusa Chrysaora fuscescens
	Journal of Experimental Biology
	California Current (LME #3)
	Primary productioin



	7
	Franceschini et al.
	2019
	Rummaging through the bin: Modelling marine litter distribution using Artificial Neural Networks
	Marine Pollution Bulletin
	Mediterranean Sea (LME #26)
	Deberis and plastic recognition



	8
	Cantorna et al.
	2019
	Oil spill segmentation in SAR images using convolutional neural networks. A comparative analysis with clustering and logistic regression algorithms
	Applied Soft Computing Journal
	N/A
	Oil spill segmentation



	9
	Watanabe et al.
	2019
	Underwater and airborne monitoring of marine ecosystems and debris
	Journal of Applied Remote Sensing
	N/A
	Deberis and plastic recognition



	10
	Schmid et al.
	2018
	Lipid load triggers migration to diapause in Arctic Calanus copepods—Insights from underwater imaging
	Journal of Plankton Research
	West Greenland Shelf (LME #18)


	Primary productioin
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