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ABSTRACT. Aquaculture is an essential productive activity in food security, economy, and the sustainability
of water resources globally. The study analyzes the application of artificial intelligence techniques in
aquaculture on the American continent through a systematic review of 31 articles published between 2020
and 2024 in the Scopus and SciELO databases. Five key areas of application were identified: monitoring and
control, organism identification and counting, biomass and mortality rate prediction, behavioral analysis,
and production optimization. The most commonly used techniques include machine learning, deep learning,
artificial vision, and genetic algorithms, with models such as Convolutional Neural Networks, Random
Forest, and YOLO standing out, demonstrating high accuracy in aquaculture processes. However, research
has focused mainly on fish, while other organisms, such as shellfish and shrimp, have received less attention.
In addition, adopting these technologies faces challenges related to infrastructure, data availability, and
staff training. It is concluded that the integration of Al in aquaculture has a high potential to improve the
efficiency and sustainability of the sector. However, it is necessary to expand the study to other species and
strengthen technological accessibility for small and medium-sized producers.
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Introduction

Aquaculture is the practice of cultivating organisms such as fish, mollusks, crustaceans and aquatic plants
in controlled environments in fresh or salt water (Mizuta et al., 2023; Casado-del-Castillo & Favaro, 2024).
According to litembu et al. (2022), Partelow et al. (2023) and Mair et al. (2023), this activity seeks to optimize
the production of aquatic species for human consumption, repopulation of ecosystems, ornamental
production or industrial uses, contributing to food security and economic development sustainably, as long as
it is appropriately managed to minimize environmental impacts.

Naylor et al. (2023) contextualize that global per capita fish consumption has doubled in the last five
decades, reaching levels comparable to poultry and pork consumption in edible weight (Edwards et al., 2019;
Zhang et al., 2023). Over the last 25 years, aquaculture production has grown faster than most food products,
increasing approximately threefold in live weight and consolidating the aquaculture sector as an international
industry with potential development (Garlock et al., 2022).

In this context, the Food and Agriculture Organization of the United Nations (Food and Agriculture
Organization, 2022) points out that aquatic resources provide 17% of the essential amino acids consumed in
the human diet, while the aquaculture industry contributes half of the world's fishery production. For its part,
the International Center for Living Aquatic Resources Management ( WorldFish Center, 2002) estimated that
nearly 950 million people in the world depend on fish as their primary source of protein, highlighting the
importance of the aquaculture sector for food security by providing fishery products as a primary source of
protein (Arshad et al., 2022).

Now, with the advancement of information and communication technologies, especially in the field of
Artificial Intelligence (AI) in the agricultural sector (Huanatico-Lipa & Coral-Ygnacio, 2024; Ormeno-Ayala &
Zapata-Ttito, 2024; Parraga-Badillo & Coral-Ygnacio, 2024), the aquaculture industry has not remained
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oblivious to its incorporation. Various studies have demonstrated its impact on process optimization and
increased productivity, such as the case of Hu et al. (2022), who achieved a 93.2% accuracy level by applying
deep learning (computer vision) in recognizing the size of outdoor water waves caused by fish eating feed to
determine whether to continue casting or stop feeding.

Another practical example was reported by Babu et al. (2023), who found that manual counts of juvenile
fish are slightly more accurate (MAPE = 1.56) than the machine learning methods that explored Single Shot
Detection (MAPE < 10%) and Faster Regions with convolutional neural networks (MAPE < 5%); however, the
implementation of the models allows a faster evaluation of the counts and, therefore, facilitates higher
performance. This optimization was also found by Guélac Gémez et al. (2022), who, when applying artificial
vision to count fish larvae, obtained an accuracy of 92.65% and an average time of 61s, unlike the traditional
method that had an accuracy of 64.44% and a time of 2009.3s.

As evidenced, Al has generated multiple benefits in the aquaculture sector. Recognizing that this field is
constantly evolving, this article aims to analyze the application of Al techniques in the aquaculture sector
through an exploratory systematic review of the last five years (2020-2024). The information presented can
serve as a basis for academia and experts to work in synergy, promoting the integration of Al for the benefit
of aquaculture, thus seeking to respond more efficiently to the growing demands for aquaculture development
(Ismino-Orbe et al., 2024).

It is essential to highlight that the review focuses on the context of the American continent due to the
relevance of the aquaculture sector as a strategic economic activity in various regions of this territory (Del-
Aguila-Chdvez et al., 2024; Peixoto-Lavajos et al., 2024; Sotelo-Lescano et al., 2024). According to Ramos
Valladao et al. (2018) and Tiddens (2019), the American continent is home to a wide diversity of aquatic
ecosystems and species, posing challenges and opportunities for the integration of Al in the production of the
aquaculture sector. Therefore, the contextualized analysis seeks to provide a comprehensive view of the
advances and challenges in the use of Al in aquaculture, highlighting how these technologies can contribute
to sustainable and competitive development in America.

Materials and methods

We developed an exploratory systematic review, which consists of analyzing and synthesizing the scientific
literature on a specific area of science (Codina, 2020). According to Ojeda-Mera et al. (2024), this type of review
allows the identification of gaps in knowledge and the establishment of a solid basis for making informed
decisions. Thus, the review was based on the phases established by Kitchenham and Charters (2007): planning,
conducting the review and writing the report. This approach seeks to define the research questions, identify
key terms and their synonyms for the search, select the appropriate databases and establish inclusion and
exclusion criteria. Once the relevant material has been identified, a detailed analysis is conducted to extract
information and report the findings (Garcia-Alba et al., 2022). Based on this definition, we present the phases
developed in this review:

Research questions

We pose the following questions:

Q1: In what specific aquaculture processes are Al techniques implemented?

02: What aquatic organisms have been studied in implementing Al techniques in aquaculture processes?
Q3: What Al techniques are applied at each stage of aquaculture processes?

Q4: What Al models are used in the different methods applied in aquaculture?

Q5: What is the accuracy level of Al models in aquaculture processes?

Search strategy

We used the key terms: Artificial Intelligence, Machine Learning, Deep Learning, Computer Vision, Natural
Language Processing, Expert Systems, Robotics, Genetic Algorithms, Aquaculture, Fish Farming and Fish
Farming, from which the search strings were constructed according to Table 1. The selected databases were
Scopus and SciELO due to their broad coverage of scientific literature at international and regional levels and
the ease they offer for performing searches and applying manual filters.
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Table 1. Database search string.

Database Chain
(‘Artificial Intelligence’ OR ‘Machine Learning’ OR ‘Deep Learning’ OR ‘Artificial Vision” OR ‘Natural
Scopus Language Processing’ OR ‘Expert Systems’ OR ‘Robotics’ OR ‘Genetic Algorithms’) and (‘Aquaculture’ OR

“Fish Farming’ OR ‘Fish Breeding’)

((artificial intelligence) OR (machine learning) OR (deep learning) OR (computer vision) OR (natural
SciELO language processing) OR (expert systems) OR (robotics) OR (genetic algorithms)) and ((aquaculture) OR (fish

farming)) OR (fish farming))

We carried out the article selection process by applying the search string in the advanced search tools of each
database, considering the title, keywords, and abstract fields (1* classification). Subsequently, we applied manual
filters based on the inclusion and exclusion criteria, such as the year range (2020-2024), language (Spanish and
English), type of document (original article), source (scientific journal), and the country of the American continent
(2™ classification). Then, the metadata was imported and organized in Excel, where duplicates were eliminated
using the Scopus database as a reference (3" classification). Next, from the complete reading of the articles, we
selected those related to implementing Al techniques in aquaculture processes (4" classification). Table 2 presents
the number of articles obtained at each stage of the selection process.

Table 2. Number of items according to classification.

Classification
Database = o 7 Yo
Scopus 1751 112 112 30
SciELO 5 3 3 1

Total 31

Inclusion and exclusion criteria

Inclusion and exclusion criteria ensure the rigor and relevance of the selected studies to answer the
research questions. They allow the delimitation of the scope of the analysis, ensure the quality of the sources,
avoid biases in the selection of information and establish a coherent framework to compare and synthesize
the findings (Ojeda-Mera et al., 2024).

This review included original articles published between 2020 and 2024 in English and Spanish from
scientific journals and countries in the American continent whose objective was related to the
implementation of Al techniques in aquaculture processes. Secondary sources, duplicate documents, and
articles from conferences, reviews, and book chapters were excluded.

Data extraction

The articles were organized in an Excel sheet with the fields code, title, journal, year, DOI, aquaculture
process, aquatic organism, Al technique, AI model, and accuracy. The database is available upon request to
the corresponding author. Table 3 presents the list of extracted articles and their assigned codes, which are
used as a reference in the results and discussion section.

Table 3. Coding of selected articles.

Code Authors
Al Guélac Gomez et al. (2022)
A2 Arboleda Patino et al. (2021)
A3 Ranjan et al. (2024)
A4 Kunapinun et al. (2024)
A5 Souza et al. (2024)
A6 Navarro et al. (2024)
A7 Ramirez-Coronel et al. (2024)
A8 Hemal et al. (2024)
A9 Igbal et al. (2024)
A10 Bowman et al. (2024)
All Salako et al. (2024)
A12 Gutierrez et al. (2023)
A13 Slonimer et al. (2023)
Al4 Ranjan et al. (2023b)
A15 Costa et al. (2023)
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After a thorough analysis of each selected article, we answer the research questions below:

Alé6
A17
A18
A19
A20
A21
A22
A23
A24
A25
A26
A27
A28
A29
A30
A31

Davis et al. (2023)
Ranjan et al. (2023a)
Freitas et al. (2023)
Lee et al. (2023)

Kaur et al. (2023)
Lopez-Tejeida et al. (2022)
Brito Pache et al. (2022)
Gongalves et al. (2022)
Nguyen et al. (2022)
Graham et al. (2022)
Zambrano et al. (2021)
Lopes et al. (2021)
O’Donncha et al. (2021)
Bell et al. (2020)
Fernandes et al. (2020)
Armstrong and Verhoeven (2020)

Results and discussion

- Q1: In what specific aquaculture processes are Al techniques implemented?

According to the review, Al techniques are implemented in various aquaculture processes that we group
into specific categories (Table 4). They are applied to growth monitoring, water quality, and farm
management in monitoring and control. In identification and counting, they facilitate larval counting, species
classification, zooplankton enumeration, and stomach fullness measurement. In prediction, they estimate
weight dispersion, mortality rates, morphometric measurements, biomass in fry, water quality, benthic
disturbance, and genomic aspects. In behavioral analysis, they focus on the study of feeding and the general
behavior of fish. Specific measurements allow for the detection of fillet color, the assessment of water quality,
and the measurement of bodies, weight, and length. In production and growth, they optimize production and
determine fish sex, comprehensively improving aquaculture processes.

Table 4. Specific aquaculture processes where Al techniques are implemented.

Lévano et al.

Category Process Code
Growth-monitoring A4
Monitoring-and-control Water-quality-monitoring A8, Al16
Crop-production-monitoring A29
Larvae-counting A1, A15
Species-identification-and-counting A5
Identification-and-counting Identification-and-enumeration-of-zooplankton A10
Counting-and-measuring-stomach-fullness A19
Classification-of-species Al3
Weight-dispersion-prediction A6
Predicting-mortality-rates Al4
Prediction-of-morphometric-measurements A18
. Water-quality-prediction A26
Prediction Biomasg—predsgcfion—in—fry A22
Genomic-prediction A24
Mortality-prediction A27
Prediction-of-benthic-disturbance-levels A31
. . Feeding-behavior-analysis A9
Behavioral-analysis Stress-analysis A28
Fillet-color-detection A3
. Species-detection A17
Specific-measurements . .
Water-quality-detection A20
Body-measurement-and-body-weight A21, A30
. Increase-in-production A2
Increased-production-and-growth Growth-and-sex-determination Al12

- Q2: What aquatic organisms have been studied in implementing Al techniques in aquaculture processes?

According to Table 5, fish have been the most researched set of aquatic organisms, with 23 studies
identified. Seaweed is next with three studies, shrimp with three mentions, and shellfish with only one
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reference. In addition, one study addressed aquatic organisms in a general way. This suggests that the
application of Al in aquaculture has focused mainly on fish, while other organisms, such as shellfish and
shrimp, have received less attention in comparison.

Table 5. Specific aquaculture organizations where Al techniques are implemented.

Body Code
Fish A1, A2, A3, A5, A6, A7, A8, A9, Al1, A12, A13, Al4, A15, A17, A18, A21, A22, A23, A25, A27, A28, A30, A31
Seaweed A4, A10, A29
Seafood Al6
Shrimp A19, A20, A24
General A26

- Q3: What Al techniques are applied at each stage of aquaculture processes?

Table 6 shows that machine learning is the most widely used technique, with 33% of applications, and
dominates in biological predictions and water quality control. Deep learning accounts for 23%, focusing on
species classification and behavioural analysis. With 20%, artificial vision outperforms machine learning in
visual detection and morphological measurement. Although less frequent (17%), genetic algorithms are
essential in growth optimisation and species selection. With 13%, IoT stands out in real-time ecosystem
monitoring and organism development. Integrating these technologies improves aquaculture's efficiency and
sustainability by providing more accurate data and optimising decision-making.

Table 6. Al techniques used by each aquaculture process.

Technique Process Code
Genetic algorithm Increase in production A2
Species identification and counting A5
Weight dispersion prediction A6
Water quality monitoring A8
Identification and enumeration of zooplankton A10
Growth and sex determination Al12
Prediction of benthic disturbance levels A31
Farm monitoring A29
Machine learning Behavi?ral anf;lly'sis A28
Genomic prediction A24
Obtaining weight and length A21
Species detection Al17
Larvae counting Al5
Water quality control A20
Ultrasound image classification of ovarian development A25
Water quality prediction A26
Mortality prediction A27
Feeding behavior analysis A9
Counting fry A23
Classification of species Al3
Water quality monitoring Al6
Deep learning Species detection Al17
Counting and measuring stomach fullness A19
Biomass prediction in fry A22
Genomic prediction A24
Body measurement and body weight A30
Internet of Things (IoT) Growth monitoring A4
Water quality monitoring A8
Biomass estimation A7
Body measurement and body weight A30
Fillet color detection A3
Machine vision Prediction of morphometric measurements A18
Mortality rate detection Al4
Monitoring and control All
Identification and enumeration of zooplankton A10
Larvae counting Al
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- Q4: What Al models are used in the different techniques applied in aquaculture?

Based on the analysis carried out, we grouped the AI models into five sections (Table 7), highlighting
machine learning as the most used, with models such as Random Forest, Decision Tree, SVM, K-NN, Logistic
Regression, Naive Bayes, AdaBoost, Haar Cascade, Conventional Neural Networks and Deep Neural Networks, along
with k- fold cross-validation. MaskRCNN, YOLOvS, Faster R-CNN, YOLOvV7 and classical approaches such as Linear
Regression, Power Model and Multilayer Perceptron, and SVM stand out in computer vision. For genetic algorithms,
no model is specified. In the Internet of Things (IoT), LSTM is used. U-Net, Involutional Neural Networks, and
Multilayer Perceptron are applied in deep learning. Perceptron, Convolutional Neural Networks, HAUCS Path
Planning, YOLOV5 and AR-YOLOVS5. These models optimize image analysis, data prediction and decision making.

Table 7. Al models in different techniques applied in aquaculture.

Technique Model Code
MaskRCNN Al, A18
YOLOV8 A3
Linear regression (RL)
Power Model (PM) A7
Machine vision Multilayer Perceptron (MLP)
Support Vector Machines (SVM) Al10
Faster R-CNN All
YOLOv7 Al4
Conventional Neural Network (CNN) A30
Genetic algorithm Not specified A2
IoT LSTM A4
YOLOv4—Darknet A5
Random Forest (RF) A6, A8, A20, A24
Support Vector Machine (SVM) A8, A10, A20, A25, A26, A29, A31
Decision tree (DT) A8, A20
K-Nearest Neighbors (KNN) A8, A12, A20, A25
Logistic regression (LR) A8
Conventional Neural Network (CNN) A15, A25
Machine learning Neural Networks (NN)
Naive Bayes (NB) A20
AdaBoost
Hair Cascade A21
Linear regression (RL)
ANN A26
k-fold cross-validation A27
Deep Neural Networks (DNN) A28
Involutional Neural Network (INN) A9
U-Net A13
HAUCS Path Planning (HPP) Al6
. YOLOvV5 A7
Deep learning Faster R-CNN
AR-YOLOV5 A19
Linear regression (RL) A22
Conventional Neural Network (CNN) A23
Multilayer Perceptron (MLP) A24

- Q5: What is the accuracy level of AI models in aquaculture processes?

The accuracy levels of Al models applicable to aquaculture processes (Table 8) vary depending on the
technique used. In high accuracy (>95%), the YOLOVS (99.50%), MaskRCNN (92.65%) and AR-YOLOv5
(97.70%) models indicate their effectiveness in detection and classification tasks. In medium accuracy, there
are Neural Networks (84%), Naive Bayes (84%) and SVM (84%). Other models, such as linear regression and
random forests, are in the unspecified accuracy category, suggesting fluctuation in their performance. In
general, the most advanced models in computer vision and deep learning achieve higher levels of accuracy,
highlighting their potential in optimizing aquaculture processes.

The study conducted by Aung et al. (2025) provides a global overview of the use of Al in various aquaculture
applications through a systematic review of 57 articles, while our work focuses specifically on the context of
the American continent, with 31 selected studies. This geographical and thematic distinction allows our study
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to highlight regional particularities in technological adoption, a key contribution for designing strategies
adapted to the social, economic, and ecological conditions of the Americas. Unlike Aung et al. (2025) global
approach, our study brings to light the lag in Al implementation in Latin American countries, revealing
specific challenges such as limited technological infrastructure and the need for technical staff training.

Table 8. Accuracy of Al techniques applied in aquaculture processes.

Category Model Percentage Code
YOLOvV8 99.50% A3
YOLOvV7 93.40% Al4
YOLOvV5 86.50% A17
YOLOV4 - Darknet 96.74% A5
Conventional Neural Network (CNN) 97.84% A15, A23, A25, A30
MaskRCNN 92.65% Al, A18
AR-YOLOV5 97.70% A19
High precision (>95%) K- Nearest Neighbors (KNN) 94% A8
Involutional Neural Network (INN) 97% A9
Logistic regression (LR) 94% A8
Decision Tree (DT) 94% A8
Random Forest (RF) 94.63% A6, A8, A29
HAUCS Path Planning (HPP) 98.5% Al6
Support Vector Machine (SVM) 98% A25
Hair Cascade 92% A21
AdaBoost 84% A20
Naive Bayes (NB) 84% A20
Neural Networks (NN) 84% A20
. o o Faster R-CNN 86.28% All, A17
Medium accuracy (80% - 94%) U-Net 939% AL3
Support Vector Machine (SVM) 86.13% A10, A20, A25
Decision Tree (DT) 84% A20
K-fold cross-validation 80% A27
LSTM A4
Power Model (PM) A7
Linear regression (RL) AT7,A22,A26
Random Forest (RF) A24, A26, A31
Not specific MaskRCNN Not specific Al8
Deep Neural Networks (DNN) A28
ANN A26
Increase in production A2
Linear regression (RL) A7,A22, A26
Multilayer Perceptron (MLP) A7, A24

Both studies agree on the wide range of Al applications in aquaculture. Aung et al. (2025) emphasize its use in
environmental monitoring, disease detection, and feed optimization through techniques such as computer vision,
machine learning, and predictive models. Our article complements these findings by categorizing processes into
five specific areas: monitoring and control, identification and counting, prediction, behavioral analysis, and
production optimization. This reaffirms that the use of techniques such as YOLO, CNN, and SVM is widespread
across different regions and processes (Babu et al., 2023; Bowman et al., 2024).

A key differentiating aspect is the focus on the species studied. While Aung's article addresses various
aquatic species, the attention is mainly directed toward fish and specific areas such as recirculating systems
or oyster and shrimp hatcheries (Chang et al., 2022; Deng et al., 2023). In our analysis, a strong predominance
of research on fish is evident, and we highlight the limited attention given to mollusks and crustaceans a
critical issue considering the biodiversity in the Americas. This finding reveals the need to balance research
efforts to cover a broader diversity of aquaculture species and production environments.

Regarding the models and techniques used, both studies agree on the predominance of machine learning
and deep learning. However, our work contributes by showing the specific adoption of models such as Random
Forest, YOLOvS8, and MaskRCNN in Latin American scenarios, with high accuracy results in counting,
classification, and biomass prediction tasks (Guélac Goémez et al., 2022; Hu et al., 2022). We also highlight the
integration of emerging technologies such as IoT and computer vision, which are often absent or superficially
addressed in the global study (Lévano-Rodriguez et al., 2025).
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Finally, although both works acknowledge the challenges associated with Al implementation, such as costs,
lack of representative data, and social acceptance, our study emphasizes the need to propose public policies and
strategies for technological democratization aimed at small and medium producers. While Aung et al. (2025) stress
the technical and financial obstacles to large-scale adoption, our article advocates for a more contextualized and
participatory approach that promotes technology transfer to foster sustainable regional development.

One of the limitations of the present study is the selection of bibliographic sources exclusively from the
Scopus and SciELO databases, which could restrict access to relevant research published on other scientific
platforms. While these databases offer a broad coverage of scientific literature, including different sources,
such as IEEE Xplore, Web of Science or repositories specialized in aquatic sciences, they could provide a more
complete view of the state of the art in integrating Al in aquaculture. Other studies should expand the use of
databases to obtain a greater representativeness of studies and avoid possible biases in selecting information.

Conclusion

According to the literature review, focusing on the American continent, we can observe that various
investigations have been developed on the integration of Al in the aquaculture sector, highlighting the use in
monitoring and control of growth and water quality, identification and counting of organisms, prediction of
biomass and mortality rates, analysis of feeding behavior and optimization of production, improving
operational efficiency and reducing production costs and environmental impacts.

The studies focused on fish, followed by seaweed, shrimp and shellfish. The most commonly used techniques
include machine learning, deep learning, artificial vision, and genetic algorithms, which are applied according to
the specific aquaculture process. As for the models, Random Forest, Convolutional Neural Networks and YOLO
have demonstrated high accuracy in species identification, counting, and production predictions. However, there
is still room for improvement in models applied to water quality and behavioural analysis.

In this regard, future research should address the lack of studies on other aquatic organisms, such as
crustaceans and mollusks, which have received less attention than fish. Furthermore, it is necessary to
evaluate the applicability and effectiveness of Al models in different aquaculture environments, considering
environmental factors, biological variability and implementation costs. Likewise, the optimization of Al
models for real-time monitoring and prediction could improve the sustainable management of the sector,
allowing for more efficient decision-making and reducing environmental impact. Finally, it is essential to
strengthen collaboration between researchers, producers and technology developers to promote innovative
solutions that facilitate the integration of Al in aquaculture at a regional level.

Data availability
Not applicable.
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