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In the context of the growing demand for the sustainable development and

conservation of fish stocks, artificial intelligence (AI) technologies are essential

for supporting scientific fish stockmanagement. Artificial intelligence technology

provides an effective solution for the intelligent recognition of fish information.

This study used bibliometric analysis to review a sample of 719 scientific articles

from the WoSCC (Web of Science Core Collection) database from 2014-2024.

The results revealed a significant increase in the number of publications from

2014-2024, with publications mainly from China, the USA (the United States) and

other developed countries. The top three impactful journals are Ecological

Informatics, Computers and Electronics in Agriculture and the ICES Journal of

Marine Science. The most frequent keyword co-occurrence analysis was deep

learning, and the best keyword clustering effect was computer vision. The

findings indicate that this bibliometric evaluation provides a holistic

visualization of the research frontier of AI in fish information identification, and

our findings underscore the growing global importance of AI in fish information

identification research and highlight publication trends, hotspots, and future

research directions in this area. In conclusion, our findings provide valuable

insights into the emerging frontiers of AI-based fish information identification.
KEYWORDS

bibliometrics, computer vision, deep learning, ichthyology, visualization
1 Introduction

Fish are important food sources for humans, and fisheries constitute an important

component of agricultural economies worldwide (Liu et al., 2023). The exploitation and

protection of fish resources has become increasingly vital for meeting the growing global

demand for animal protein and addressing food security challenges (Mandal and Ghosh,

2024a). Performing accurate taxonomic assessments of fish information is a persistent
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challenge for researchers and practitioners alike, especially in the

exploitation and protection of fish resources (Campos et al., 2025).

However, traditional methods often rely on manual analysis, which

can be time-consuming, labor-intensive, and prone to human error

(Ou et al., 2023). Additionally, these methods may not provide real-

time data, limiting the ability to respond promptly to changing

conditions and potential issues (Wu et al., 2022). In this context, the

application of AI has shown great promise in revolutionizing FI-AI

(the cross-application of fish information identification and

artificial intelligence), thereby contributing to the sustainability of

the exploitation and protection of fish resources. Therefore,

automatically and intelligently identifying fish information has

become a hot issue in marine and fishery science.

AI has emerged as a transformative technology with significant

potential for revolutionizing marine and fishery science. AI refers to

the development and application of computer systems capable of

performing tasks that typically require human intelligence, such as

learning, problem-solving, and decision-making (Mandal and

Ghosh, 2024a). It encompasses a range of techniques that enable

machines to mimic human intelligence, learn from data, and make

autonomous decisions (Janiesch et al., 2021). The rapid

development of AI has promoted the progress of marine and

fishery science, especially in recent years, and the emergence of

numerous AI methods has helped solve many problems in FI-AI

(Saberioon et al., 2017). Machine learning (Support Vector

Machine, k-Nearest Neighbor, Random Forest, etc.), a subset of

AI, has the main function of solving problems that exist on the basis

of algorithms and learning data to create mathematical models that

improve the performance of systems on computers (Vo et al., 2021).

It can analyze datasets, recognize patterns, and generate models that

facilitate accurate identification via FI-AI. The identification

method based on the combination of a machine learning

algorithm and fish features has high interpretability and good

robustness and can achieve excellent identification performance

on small datasets (Ou et al., 2023). Deep learning (Visual Geometry

Group Network, Residual Neural Network, You Only Look Once,

etc.), a branch of machine learning, is a machine learning method

based on neural networks that can effectively extract high-level

target features for recognition and classification (Liu et al., 2023;

Kaur et al., 2023). It has strong performance and robustness and

extensive application prospects in FI-AI. The deep-learning-based

fish information identification method allows the model to

automatically learn features in a data-driven manner, thus

achieving fish information acquisition, and this method has a

more obvious effect on large datasets than does technology that

relies on prior knowledge to design features (Kaur et al., 2023).

With the proposal of intelligent marine science and intelligent

fishery science, many scholars have applied artificial intelligence to

fish information identification. By using AI technology for analysis and

processing, some shortcomings of traditional methods can be overcome.

AI is widely used in the identification of fish information. At present,

many researchers worldwide have published relevant research on FI-AIs,

including studies on fish species (Li et al., 2022), fish behavior (Abangan

et al., 2023), fish abundance (Ditria et al., 2020), fish length and fish

weight (Bravata et al., 2020; Wu et al., 2024), fish otoliths (Stock et al.,
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2021) and fish sex (Barulin, 2019). In recent years, relevant articles on

the application of FI-AIs are shown in Table 1. By analyzing FI-AIs, the

use of artificial intelligence technology can achieve faster and more

accurate identification of important information. Owing to its

advantages of intellectualization, high accuracy, and high efficiency, AI

technology provides new solutions for many bottleneck problems in

traditional fish research (Liu et al., 2023). This makes AI technology

better for the identification of fish information and shows the strong

advantages of FI-AI applications (Wu et al., 2024; Stock et al., 2021;

Barulin, 2019; Signaroli et al., 2022; Yu et al., 2023; Xun et al., 2024;

Allken et al., 2021; Flores et al., 2024; Yu et al., 2021).

The research on artificial intelligence technology in FI-AI also

faces certain challenges and potential limitations. For example,

Campos et al. (2023) published a study demonstrating the risks

associated with relying solely on images for documenting new

species records, rediscoveries, taxonomic descriptions, and

distribution expansions. They highlighted concerns regarding

image authenticity, especially in cases where images may be

altered, adulterated, or AI-generated, potentially leading to

inaccuracies in biodiversity documentation. Another example of

failure of using FI-AI was published by Campos et al. (2025). In this

case Campos and collaborators demonstrated that a machine

learning computer vision model created to identify Amazonian

fish was unable to accurately identify fish photographs, resulting in

82% of misidentification, and did not outperform what would be

expected by chance. Therefore, the research and application of AI

technology in FI-AI needs to update and iterate on technologies and

methods to further improve FI-AI.

Bibliometrics is a method that uses mathematical statistics to

quantitatively study the results, impact, and trends of published

publications (Xu et al., 2021; Xiao et al., 2025). It can identify

publication patterns in specific fields, quantitatively evaluate

citation data, understand research priorities, and predict future

research directions (Huang et al., 2019). This methodological

approach has been used by several authors, with excellent results

(Santos de Moura and Vianna, 2020; Segaran et al., 2023). Although

some studies have reviewed various aspects of identification

research on fish information (Matley et al., 2023; Nalmpanti

et al., 2023), a quantitative, scientometric outlook has been

lacking for the substantial body of literature on FI-AI. This study

employs scientometric analysis to provide a quantitative global

research performance assessment of the existing publications

pertaining to FI-AI. A quantitative analysis of the literature in

this field will help improve the understanding of trends, key topics

and journals available for FI-AI.
2 Materials and methods

2.1 Data source

The data used for analysis were obtained from the Web of

Science Core Collection (WoSCC) database. The WoSCC database

is one of the most commonly used comprehensive databases for

bibliometric analysis, and it contains a multidisciplinary index of
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scholarly literature abstracts that include multiple datasets (Falagas

et al., 2008). The retrieval conditions were Topic = (machine

learning OR deep learning) and Topic = (fish identification OR

fish recognition OR fish classification). The time span of the data

was from 1 January 2014 to 22 November 2024, with “Article” or

“Review Article” document types selected. To ensure the validity

and reliability of the search results, we manually excluded some

irrelevant documents on the basis of their titles, abstracts, methods,

and results. In the end, 719 articles were selected, and a bibliometric

database was established. The full records and citation references

were exported in plain text for further analysis.
2.2 Introduction of bibliometric
instruments

The visualization software used in this study includes CiteSpace,

VOSviewer, and SCImago Graphica. Among them, CiteSpace (https://

citespace.podia.com/) is scientometric software developed by

Professor Chaomei Chen. It uses citation analysis, network

algorithms, and other methods to mine, analyze, and

visualize information contained in bibliometric data, revealing

trends in relevant fields (Chen, 2017). VOSviewer (https://

www.vosviewer.com/) is software developed by Leiden University

in the Netherlands. It is used to visualize bibliometric data on the

basis of distance, with more closely related terms appearing closer to

the center in the visual display (Perianes-Rodriguez et al., 2016).
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Scimago Graphica (https://www.scimagojr.com/) is a powerful and

easy-to-use graphical tool that can be used for bibliometric analysis

(Bojesen et al., 2024; Hassan-Montero et al., 2022).
2.3 Statistical analysis and visualization

Scientometrics of publications can clearly and succinctly

summarize the development process, hot spots, and future trends

of a certain field (Chen, 2017; Perianes-Rodriguez et al., 2016;

Bojesen et al., 2024). Hence, the research steps of this paper are as

follows (Figure 1). First, the research theme of this paper was

defined: “Application of artificial intelligence in fish information

identification: a scientometric perspective”. A preliminary literature

database was subsequently searched according to the topic, and

after excluding publications from unrelated research areas, the

relevant data were exported through publication selection. Finally,

the data analysis and data visualization were performed via

bibliometric instruments.

The bibliometric analysis and visualization in this study were

conducted mainly via CiteSpace (6.4. R1) VOSviewer (1.6.20), and

SCImago Graphica Beta (1.0.46). Multiple units extracted from the

dataset, including authors, institutions, countries, journals, and

keywords, were used to conduct the bibliometric analysis. In this

study, the CiteSpace parameters were set as follows: the time slices

were set from 2014-2024, with each slice representing one year. The

node types were selected on the basis of the content of the analysis.
TABLE 1 Articles on the application of FI-AI.

Identifying
information

Author Year article Journal Keywords

Fish species
Ou

L et al.
2023

Automatic classification of the phenotype
textures of three Thunnus species based on

the machine learning SVM algorithm

Canadian Journal
of Fisheries and
Aquatic Sciences

Support vector machine, Thunnus, phenotype textures,
gray-level co-occurrence matrix, texture feature, deep
fea-ture, kernel function, automatic classification

Fish behavior
Signaroli
M et al.

2022
Measuring inter-individual differences in

behavioural types of gilthead seabreams in the
laboratory using deep learning

PeerJ
Deep learning, Faster R-CNN, fish behavioural ecology,

fish tracking, Sparus aurata

Fish diseases
Yu

G et al.
2023

Detection and identification of fish skin health
status referring to four common diseases
based on improved YOLOv4 Model

Fishes
Aquaculture, fish disease, detection and identification,

improved YOLOv4 network, deep learning

Fish flesh
Xun

Z et al.
2024

Deep machine learning identified fish flesh
using multispectral imaging

Current Research
in Food Science

Convolutional neural network, feature selection, fish
species identification, machine learning,

multispectral imaging

Fish count
Allken
V et al.

2021
A deep learning-based method to identify and
count pelagic and mesopelagic fishes from

trawl camera images

ICES Journal of
Marine Science

Acoustic-trawl survey, deep learning, deep vision, fish
abundance estimation, fish classification, fish detection,

image analysis, object detection, RetinaNet

Fish
reproduction

Flores
A et al.

2024
Applying machine learning to predict

reproductive condition in fish
Ecological
Informatics

Histology, gonadosomatic index, maturity, random
forest, Merluccius gayi

Fish sex
Barulin N
V et al.

2019
Using machine learning algorithms to analyse
the scute structure and sex identification of
sterlet Acipenser ruthenus (Acipenseridae)

Aquaculture
Research

Acipenser ruthenus, machine learning algorithm, scute,
sex, sterlet, sturgeons

Fish indicators
Yu

C et al.
2021

Intelligent measurement of morphological
characteristics of fish using improved U-Net

Electronics
U-net, image segmentation, intelligent measurement,

precision agriculture, smart mariculture

Fish quality
Wu

X et al.
2024

Quality non-destructive sorting of large yellow
croaker based on image recognition

Journal of
Food Engineering

Large yellow croaker, non-destructive method, deep
learning, intelligent identification, freshness detection
frontiersin.org

https://citespace.podia.com/
https://citespace.podia.com/
https://www.vosviewer.com/
https://www.vosviewer.com/
https://www.scimagojr.com/
https://doi.org/10.3389/fmars.2025.1575523
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Ou et al. 10.3389/fmars.2025.1575523
The G-index, top N, and top N% thresholds were set to 35, 50, and

10.0, respectively, while the other parameters were left at their

default settings. The VOSviewer parameters are set to default values.

SCImago Graphica Beta parameters This is also the default.
3 Results

3.1 Publications characteristics

The number of published papers is an important indicator of

trends in this field. In the realm of global scholarly output, a

comprehensive review of literature from 2014-2024 yielded 719

publications aligning with the established search parameters. The

number of publications and trends in this field are shown in

Figure 1A. The annual number of publications significantly increased

from 16 papers in 2014 to 135 papers in 2024. This increasing trend in

publication volume intensified, particularly in stage II (2020–2024), as
Frontiers in Marine Science 04
illustrated in Figure 2A. Figure 2B lists the top 10 categories, and

Figure 2C further displays the publication trends for the top 5

categories. These categories have gained significant attention in

recent years, particularly after 2020. The Fisheries and Marine

Freshwater Biology category has been gaining popularity since 2020.

The publications depicted in Figure 1 indicate that research on fish

identification is receiving considerable attention. This also reflects the

increasing focus on artificial intelligence and fish identification fields

across research.
3.2 Analysis of the contributions of
authors, institutions, and countries

3.2.1 Analysis of the contributions of authors and
institutions

Among the 3081 authors, 31 reached the threshold of at least 5

publications (Figure 3). The larger the circle and font in the network
Bibliometric instruments
Analysis and visualization

Full record and cited references

Identify the research topic

Eliminate irrelevant article

WoSCC

Topic term retrieval

Data filter

Data export

Data source

Data retrieval

Data acquisition

Application of artificial intelligence in fish 

information identification: a scientometric

perspective

FIGURE 1

Study design flow chart of the FI-AI.
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diagram are, the stronger the link and the greater the number of

publications. The color of a circle indicates the cluster to which it

belongs. The one with the largest circle is Li, Daoliang. He has

published up to 28 publications on the application of FI-AI

(Table 2). The second largest circle is Chen, Yingyi and Yang,
Frontiers in Marine Science 05
Xinting. The largest group of relevant authors is 11, which are

concentrated in Figure 3A. The colors in Figure 3B represent the

author’s active period: “light yellow” indicates that researchers have

published fish identification research recently (2024), and “dark

blue” indicates that they were published approximately 2014.
FIGURE 2

(A) The number of publications from 2014-2024. (B) The top 10 Web of Science categories. (C) Publication trends of the top 5 Web of Science categories.
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A total of 46 organizations met the threshold of a minimum of 5

publications per organization (Figure 4). There are fewer

connections between organizations (Figure 4A). The group

represented by China Agricultural University is the most obvious

organizational link. This suggests that research in this field is

conducted by multiple independent groups, reflecting a diverse

range of research directions but also highlighting the potential for

increased collaboration. Figures 4B, 3B have similar meanings. The

color changes indicate time changes. Among them, China

Agricultural University has published the most 49 publications in

FI-AI field (Table 3).
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3.2.2 Distribution and cooperation of the
contributing countries

The artificial intelligence development of FI-AIs has consistently

garnered international attention. The top 10 countries with the most

publications include China, the USA, Spain, England, India, Australia,

Norway, France, Italy, and Japan (Figure 5A). The world map that

visualizes the distribution of countries worldwide and their

collaborations is presented in a network format (Figure 5B). The red

lines indicate the strength of collaboration. The links between

countries are primarily concentrated between North America and

Europe and between Oceania and Europe, with strong connections
FIGURE 3

A co-authorship network visualization (A) and overlay visualization (B) map of 31 authors with more than 5 publications.
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between East Asia and North America. It portrays the cooperative

relationships between countries in research, emphasizing notable

collaboration (Figure 5C). Joint research involving China, the USA,

Spain, England, India and Australia ranks among the top six countries.

Among these, the connections between China and the United States,

China and Spain, and China and England are particularly close.
3.3 Impactful journals and co-citation
analysis

We performed a systematic analysis of influential journals and

co-cited journals. The journals with the most production and co-

citation are Ecological informatics (Figure 6A, circle maximum)

and Proceedings of the IEEE conference on computer vision and

pattern recognition (Figure 6C, circle maximum), respectively.

Ecological informatics leads the cohort with a commendable tally

of 35 publications, followed closely by the Computers and

electronics in agriculture with 34 publications, ICES Journal of

Marine Science with 27, IEEE access with 24, and Fisheries research

contributing 22 articles (Figure 6B). The first three citations are

Proceedings of the IEEE conference on computer vision and pattern

recognition, the ICES Journal of Marine Science, and Computers

and electronics in agriculture (Figure 6D).

A dual map overlay revealed the correlation of research

disciplines and the citation relationships among the influential

journals related to FI-AI (Figure 6E). The map on the left is the

map of the citing journal, and the map on the right is the map of the

cited journal. The curve is the citation path of the publication, which

can indirectly reflect the disciplinary connection between the citing

publication and the cited publication. The diagram consists of five

main paths. The blue line represents the subject link from “ecology,

earth, marine” to “systems, computing, computer”, “molecular,

biology, genetics”, and “plant, ecology, zoology”. The red line

indicates subject associations from “mathematics, systems,

mathematical” to “systems, computing, computer” and “plant,

ecology, zoology”. The relevant publications indicating the FI-AI

field are mainly concentrated in the fields of “ecology, earth, marine”
Frontiers in Marine Science 07
and “mathematics, systems, mathematical “. The publications cited

are mainly in the fields of “systems, computing, computer”,

“molecular, biology, genetics”, and “plant, ecology, zoology”.

3.4 Keywords analysis

3.4.1 Keyword co-occurrence
We used CiteSpace software to conduct a co-occurrence analysis

of the keywords collected from the literature from 2014-2024. The co-

occurrence analysis generated a network map in CiteSpace,

visualizing the relationships between keywords and highlighting the

scientific hotspots in FI-AI research. In the keyword co-occurrence

network, each node represents a keyword, and the larger the node is,

the higher the frequency of keyword occurrence (Figure 7A). The

thickness of the links between nodes represents the co-occurrence

frequency, with thicker links indicating more frequent occurrences.

The color of the nodes changes from dark blue to dark pink,

indicating that the year in which the keyword appears in the article

is becoming increasingly close. The purple square around the node

indicates that the intermediate centrality of the keyword is greater

than 0.1. Keywords such as “neural networks”, “system”,

“abundance”, “behavior”, and “size” exhibit intermediate centrality

in the network. This indicates that the research objects of publications

in the field of fish identification generally focus on biological

characteristics and deep learning networks. Furthermore, keywords

such as “system”, “behavior”, “neural network”, “quality”, and

“convolutional neural network” clearly have a higher frequency of

occurrence, in addition to those closely related to the search terms

(Table 4). This suggests that these keywords serve as bridges within

the network, indicating that numerous publications on FI-AI

incorporate these keywords in their content.

3.4.2 Keywords clustering
Through cluster analysis of keywords in the field of FI-AI, a

large field can be scientifically divided into several small fields

according to the research content (Figure 7B). It includes a total of

20 different clusters (Figure 7B), and the main keyword information

contained in the clusters is shown in Table 5. The silhouette value in

the table is used to evaluate the clustering effect. When the value is

greater than 0.7, the clustering results are highly reliable. The closer

the value is to 1, the better the clustering effect is. The top 20 clusters

are all greater than 0.7, among which cluster ID 19 is equal to 1.

3.4.3 Keywords vicissitude
The evolution of the keyword clusters of FI-AI publications can

be observed through the timeline graph (Figure 7C). Research

published between 2014 and 2024 was selected for analysis, with a

time slice length of 1 year. All the keywords can be divided into

twenty subclusters with excellent homogeneity. Clusters #10, #11,

and #12 have remained active over a long period, underscoring their

representation of enduring research topics. The largest circle

appears in the largest cluster, deep learning, indicating that the

keyword “deep learning” had the highest number of publications

and was closely associated with “fish species classification”,

highlighting significant attention to the biological species and

artificial intelligence during this cluster.
TABLE 2 Top ten authors on the application of FI-AI.

Rank Author Publications Citations

1 Li Daoliang 28 864

2 Yang Xinting 10 567

3 Zhou Chao 10 567

4 Chen Yingyi 10 211

5 Dutta Malay Kishore 8 128

6 Wu Junfeng 7 14

7 Yu Hong 7 10

8 Liu Jintao 7 263

9 Shafait Faisal 7 657

10 Malde Ketil 7 268
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We analyze the occurrence frequency of keywords over time.

Articles published between 2014 and 2016 focused on precision, shape

analysis, models, images, length, machine vision, and accuracy.

Articles published between 2017 and 2019 focused on species

identification, communities, and artificial neural networks. The

papers published between 2020 and 2022 focus on the module of

species identification and artificial neural networks. Recent

publications have focused on Atlantic salmon, discrimination,

spectroscopy, and hyperspectral imaging (Figure 7D).
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3.4.4 Keywords burstiness
This study uses CiteSpace’s burst detection algorithm to analyze

keyword burstiness, with a minimum burst duration set at 5 years, and

the top 10 keywords with the strongest citation bursts are identified

(Figure 8). The blue lines in the graph represent the keyword

timelines, with red segments indicating the burst duration. The

keyword ‘image analysis’ emerged as the most intense (strength =

4.33), closely followed by ‘image processing’ (4.22) and ‘species

classification’ (3.94). Remarkably, ‘patterns’ had the longest burst
China Agricultural University

Jiangsu University

U.S. Geological Survey 

Amity University

Institute of Marine Research, Norway

National Engineering Research Center for Information Technology in Agriculture , China

University of The Basque Country

Griffith University

Consejo Superior de Investigaciones Cientificas, Spain

Consiglio Nazionale Delle Ricerche, Italy

University of Edinburgh

University of South Bohemia Ceske Budejovice

A

China Agricultural University

Jiangsu University

U.S. Geological Survey 

Amity University

Institute of Marine Research, Norway

National Engineering Research Center for Information Technology in Agriculture , China

University of The Basque Country

Griffith University

Consejo Superior de Investigaciones Cientificas, Spain

Consiglio Nazionale Delle Ricerche, Italy

University of Edinburgh

University of South Bohemia Ceske Budejovice

B

2014

2024

FIGURE 4

Network visualization of cooperation among academic institutes (A) and overlay visualization (B) map of 46 organizations with more than
5 publications.
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duration, spanning 6 years from 2015-2021, reflecting its enduring

relevance in the field.
4 Discussion

4.1 Publications distribution and change in
the field of FI-AI

The aim of this study was to analyze the current status and

trends of FI-AI publications from 2014-2024 via the WoSCC

database and bibliometric tools. The results help with

understanding recent FI-AI research progress. The results show

that from 2014-2024, the global publishing situation underwent two

phases. In the first phase (2014-2019), FI-AI was still at a low level.

In the second stage, from 2020-2024, FI-AI research developed

rapidly, and the identification application of AI in fish information

has received increasing attention. These findings indicate a

promising future for FI-AI research. Authors are primarily likely

to pay increasing attention to the top 5 research categories in this

field, including studies on fisheries, marine freshwater biology,

engineering electrical electronics, oceanography, and computer

science information systems (Figure 1). This shows that marine

science and fishery science are significantly affected by AI, which

further promotes the intelligent development of fish information

(Bojesen et al., 2024; Bonnichsen et al., 2025; Lilkendey et al., 2024).
4.2 Highly contributing authors,
institutions, countries, and their
cooperation

Scholars with many citations or many publications play a leading

role in the research direction in this field, so understanding these
Frontiers in Marine Science 09
high-impact scholars is equivalent to understanding who leads the

research in this field (Zhang and Xie, 2023). This bibliometric study

revealed that Li, Daoliang, is a leader in FI-AI. Analyzing the

contributions of countries and institutions to research in this field

will help scholars seek cooperation between universities or

international institutions, thereby promoting the development of

the field (Ding et al., 2022). In this study, China Agricultural

University published the most publications in this field, indicating

that the university is at the leading level of research in this field. In

terms of cooperation between countries, the connections between

China and the United States, China and Spain, and China and

England are particularly close. Notably, China and the USA exhibit

the closest collaboration and dominate the field, collectively

contributing to more than half of the global publications (Figure 4).

In addition, this study revealed that while there is little

communication and cooperation between authors or institutions,

there is considerable communication and cooperation between

countries. Therefore, there is a need to strengthen communication

between different authors and institutions through technical

cooperation and the academic exchange of FI-AI. According

to the different contents of different authors or different

institutions, the research bottleneck can be broken through by

complementary advantages.
4.3 Research frontiers and hotspots of
FI-AI

4.3.1 Impact journals and cited journals
We analyzed impact journals (top 10) and co-cited journals

(top 10) and found that FI-AI research is concentrated in journals

related to marine and fisheries sciences. We also analyzed the

dual-map overlay for publications related to FI-AI. The path from

the left to the right (from citing publications to cited publications)

in the figure becomes significantly more fragmented, indicating a

broader range of disciplines in the cited literature. The fact that FI-

AI publications cite publications from a wider range of disciplines

further illustrates the trend toward diversification in FI-AI

research. Relevant studies have shown that AI technology can

identify a variety of types of fish information (fish species, fish

behavior and fish feeding, etc.) to contribute to technological

breakthroughs in aquaculture (Liu et al., 2023). In addition,

according to a study of the electronic monitoring (EM) of global

capture fisheries, there are 100 EM trials and 12 fully implemented

programs worldwide, and EM research uses AI technology to

identify fish information (fish species and catch quantity, etc.)

(van Helmond et al., 2020).
4.3.2 Keyword trends and their correlation with
FI-AI

In this study, the co-occurrence of keywords via FI-AI was

analyzed. The keywords of the publication summarized the core

content of the FI-AI and reflected a large amount of information.

The analysis of keywords in the field of FI-AI is helpful for further
frontiersin.or
TABLE 3 Top ten institutions on the application of FI-AI.

Rank Institution Publications Citations

1 China Agricultural University 49 1077

2
Ministry of Agriculture and

Rural Affairs
20 190

3 Dalian Ocean University 20 185

4 Shanghai Ocean University 20 60

5 Ocean University of China 19 440

6
Institute of Marine
Research, Norway

16 456

7 Chinese Academy of Sciences 16 184

8 Zhejiang University 14 225

9
National Engineering Research

Center for Information
Technology in Agriculture

11 578

10
Chinese Academy of
Fishery Sciences

11 24
g
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understanding the research hotspots in this field (Mao et al., 2018).

The most frequent co-occurrence of keywords is deep learning, and

in recent years, the research hotspot of FI-AI has been dominated

by deep learning. Furthermore, keyword cluster analysis

scientifically divides the research content of FI-AI into several
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small fields. The statistical clustering algorithm is used to simplify

the co-occurrence network of FI-AI into a relatively simple

intergroup relationship (Segaran et al., 2023). The top 15 clusters

are all greater than 0.9 (silhouette value), among which cluster ID 19

(computer vision) is equal to 1. The main keywords corresponding
FIGURE 5

(A) The number of publications of the top 10 countries from 2014-2024. (B) Country collaboration map generated via Scimago Graphica. (C) A
network diagram that illustrates the cooperative relationships between countries.
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to cluster ID 19 is fish recognition, welfare, neural network, artificial

intelligence, and quality evaluation. The second in terms of the

silhouette value is cluster ID 15 (fish recognition), whose main

keywords are object recognition, vector machine, imbalanced data,

fish identification, and fish recognition. It not only refines the

research hotspot of FI-AI but also contributes to researchers’

overall understanding of the research hotspot. Each cluster of FI-

AIs also reflects major research advances in the field of study, which

amounts to a summary of the major elements of the field of FI-AIs.
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By analyzing the keyword burstiness of FI-AIs, this study

obtains the keywords frequently mentioned by FI-AIs from 2014-

2024. The two keywords with the highest intensity are image

analysis and image processing, and the top ten keywords with the

highest intensity are also images, color and shape. The burstiness of

these keywords indicates that FI-AI focuses mainly on visual

perception (Liu et al., 2023; Mandal and Ghosh, 2024a; Li et al.,

2022). The changes in the keyword clusters of FI-AI publications

were analyzed via a timeline graph. We also analyze the frequency
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FIGURE 6

Analysis of influential journals and co-cited journals. (A) Network visualization maps of the most influential journals produced with VOSviewer.
(B) The top 10 influential journals in the field of FI-AI. (C) Network visualization maps of the most co-cited journals produced with VOSviewer.
(D) The top 10 co-cited journals in the field of FI-AI. (E) Dual-map overlay for publications related to FI-AI via CiteSpace.
frontiersin.org

https://doi.org/10.3389/fmars.2025.1575523
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Ou et al. 10.3389/fmars.2025.1575523
of keyword occurrences over time. From 2014–2024, FI-AI research

was focused mainly on fish biology, and different biological

characteristics were studied through AI technology. Furthermore,

research on fish biology is constantly innovating intelligent

technology, indicating continuous maturation and improvement

in research within this field FI-AIs (Saleh et al., 2022).
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4.4 Future development trends for FI-AI

As AI continues to evolve, FI-AI offers multiple benefits in fish

research. FI-AI is highly automated and intelligent: FI-AI can

leverage the integration of diverse data sources, such as computer

vision, underwater acoustics, sensor networks, and genetic data, to
FIGURE 7

(A) The keyword co-occurring network using CiteSpace. (B) Cluster analysis of the keywords related to FI-AI. (C) Visualization map of the timeline
view of keyword analysis via CiteSpace. (D) Sankey diagram illustrating the occurrence frequency of keywords over time.
TABLE 4 Top 20 most frequent keywords.

Rank Count Centrality Year Keywords Rank Count Centrality Year Keywords

1 158 0.02 2016 deep learning 11 38 0.01 2019 convolutional neural network

2 136 0.02 2014 classification 12 35 0.1 2018 recognition

3 88 0.03 2018 machine learning 13 28 0 2020 object detection

4 83 0.03 2014 computer vision 14 28 0.08 2016 model

5 75 0.06 2014 identification 15 26 0.05 2020 artificial intelligence

6 71 0.12 2014 fish 16 25 0.07 2017 image processing

7 58 0.17 2014 system 17 25 0.1 2014 tracking

8 40 0.2 2014 behavior 18 24 0.23 2018 neural networks

9 38 0.02 2019 neural network 19 23 0.07 2020 convolutional neural networks

10 38 0.04 2015 quality 20 23 0.09 2014 fish detection
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provide a holistic view of fish information (Mandal and Ghosh,

2024b). By combining data from various sources, AI models can

uncover complex relationships, identify real-time fish information,

and generate comprehensive assessments of fish information. FI-AI

research contributes to the automation of fisheries, reducing the

need for manual labor and improving operational efficiency

(Khokher et al., 2022). FI-AI can also help further analyze fish

behavior patterns (Lopez-Marcano et al., 2021), detect early signs of

fish disease (Chiu et al., 2022), enable precision fisheries (Gladju

et al., 2022), and provide insights for decision-making (Barreto

et al., 2022).

Hence, FI-AI has great potential in the future. Based on the

bibliometric analysis of FI-AI research trends and research frontiers

in this study, we believe that the further development trends of FI-

AI in the future are: (1) the development of FI-AI integration

systems for different fish information can optimize the utilization of

fish resources and contribute to the scientific decision-making of
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fish resource management; (2) The combination of FI-AI and AI-

driven robots can simplify the operation tasks of fish-related

industries, improve the identification accuracy and reduce human

labor and human error; (3) The integration of FI-AI with generative

AI can offer enhanced data and technical support, thereby further

improving identification accuracy and expanding practical

applications; (4) Build a comprehensive FI-AI monitoring

platform for fish information resources, which will further realize

the responsible and sustainable development and protection of

fish resources.
4.5 Suggestions for FI-AI

4.5.1 Technical advice for FI-AI
In the process of identifying fish information, although machine

learning has high requirements for feature extraction, it has strong
TABLE 5 Top 20 clusters and the main keywords within the clusters.

Cluster
ID

Cluster
Name

Silhouette
Value

Main Keyword

0 feature extraction 0.884 comparison texts; fish identification; image classification; preserving projection; environmental indicator

1 Atlantic salmon 0.968
spoilage stages; quantitative identification; fish welfare; k-nearest neighbor analysis; electrochemical

impedance spectroscopy

2 action recognition 0.874 resource management; object recognition; image classification; data augmentation; behaviour recognition

3 age classification 0.827 tensorflow platform; habitat; underwater soundscapes; detection performance; fishing sector

4 aquaculture 0.872 acoustic technology; delaunay triangulation; automatic nematode; feeding behavior; welfare

5 neural networks 0.964 non-invasive identification; stock identification; image classification; neural networks; chilean fishes

6
artificial

intelligence
0.853 artificial neural network; stock identification; developing states; neural networks; state recognition

7 Atlantic 0.904 remote classification; otolith identification; semantic web; acoustic image; movement ecology

8
spawning
aggregation

0.927 fish welfare; fish survey; motion detection; passive acoustic monitoring; video analysis

9 texture analysis 0.965
object recognition; mushy halibut syndrome; reinhardtius hippoglossoides; watershed method; image

texture properties

10 image processing 0.934
vision-based water quality monitoring; multivariate analysis; artificial intelligence; circular hough; automatic

fish dimension extraction

11 machine learning 0.915
visual verification; neural network; deep convolutional neural network; individual recognition;

quantitative genomics

12 deep learning 0.924 comparison texts; fish identification; deep-sea fauna; cascaded network; image classification

13
automatic

fish detection
0.941 fish sounds; electromagnetic field; american samoa; artificial intelligence; fish vocalizations

14 electronic nose 0.99 environmental monitoring; fish identification; non-invasive identification; extreme learning; skin pattern

15 fish recognition 0.993 object recognition; vector machine; imbalanced data; fish identification; fish recognition

16 fish identification 0.986 polymer; small object detection; histamine; fisheries acoustics; tropical waters

17 machine vision 0.954
non-invasive identification; skin pattern; feeding behavior; automated video analysis; water

quality monitoring

18 object tracking 0.939
supervised machine learning; population analyses; cuckoo search; artificial neural network;

optimization technique

19 computer vision 1 fish recognition; welfare; neural network; artificial intelligence; quality evaluation
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interpretability, which is of great significance in future FI-AI research

(Li et al., 2022). Through the bibliometric analysis of FI-AI in this

study, it is found that deep learning is the main hotspot in this field in

recent years. Fish information identification models based on deep

learning can automatically extract features, and deep learning also has

high identification accuracy when analyzing fish information tasks.

Deep learning can provide a more effective method for researchers in

the identification process of fish information in the future. However,

there are some shortcomings in the deep learning of FI-AI, such as

the amount of fish information data, network model generalization

and parameter selection. Therefore, for the further development of

FI-AI. Our recommendations are as follows: First, effective solutions

to the lack of informative data in fish are provided by means of data

augmentation, transfer learning, active learning, and the use of

generative adversarial networks (Liu et al., 2023; Shin et al., 2016;

Kong et al., 2022). Secondly, for the network generalization ability of

deep learning, the relationship between training accuracy and

validation accuracy needs to be further determined. Parameter

selection for deep learning can be solved by using hyperparameter

optimization algorithms to assist decision making (Bergstra and

Bengio, 2012; Snoek et al., 2012). Finally, the practical application

of FI-AI can be further optimized by model improvement (adjusting

the structure and parameters of the model) and multimodal

technology (Zhao et al., 2022).

4.5.2 Suggestions on the application promotion
of FI-AI

Currently, AI technology has not yet achieved widespread

implementation of intelligent applications for fish information,

and relevant practitioners lack a profound understanding of AI

technology. The effectiveness of FI-AI largely depends on the

availability and reliability of fish information data (Aryai et al.,

2021). FI-AI needs to be effectively trained on domain-specific data,

and its models and techniques have not been popularized (van

Helmond et al., 2020). Owing to its technical difficulty, FI-AI
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requires a high interdisciplinary level (Liu et al., 2023).

Additionally, the refinement of AI technology (specifically, the

identification technology for particular fish information) and the

integration of systems (into practical application products) remain

inadequate. Consequently, the involvement of scientists, industry

stakeholders, and regulatory agencies in FI-AI research plays a

critical role in overcoming technological barriers and establishing

practical applications for fish information system integration and

the sustainable development of fish resources. Cultivating

interdisciplinary talents will also help promote the further

development of the field. In summary, AI-based identification of

fish information can contribute significantly to our understanding

of FI-AI, aid in effective conservation efforts for fish, and support

sustainable management practices to ensure the long-term health

and resilience of our fish resources.
5 Conclusion

Our comprehensive bibliometric and visual study underscores

the burgeoning interest and remarkable advancements in the field of

FI-AI from 2014-2024. This analysis, which spans more than a

decade, reveals an upward trend in global research efforts in the field

of FI-AI, and our analysis identifies prominent scholars such as Li

Daoliang, Chen, Yingyi and Yang, Xinting who are actively

researching FI-AI, whereas China and the United States lead the

world in terms of the number of publications. The journal analysis

by FI-AI revealed that AI technology has become more widely used

in marine and fisheries science and that the application of AI

technology is becoming more diverse. Among them, there is a

strong correlation between influential journals and co-cited

journals, and we find that AI technology has a significant impact

on marine and fishery science. Through keyword analysis, the

primary technologies of AI, specifically machine learning and deep

learning, have been intelligently applied to fish information,
FIGURE 8

Top 10 keywords with the most robust citation bursts from 2014–2024.
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primarily in the area of visual perception. In recent years, the use of

deep learning technology to investigate the biological characteristics

of fish has emerged as a major research focus. As FI-AI applications

continue to evolve, their role in revolutionizing the intelligent

identification of fish information is becoming increasingly

apparent, paving the way for new and more effective AI applications.
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