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ABSTRACT

he application of Artificial Intelligence (Al) in aquaculture and fish processing remains underexplored and underutilized.

This review aims to provide a comprehensive overview of current and emerging Al technologies in these sectors, evaluating
their accuracy, practicality, and potential for sustainable and economical implementation. The objective is to highlight AT’s
transformative role and encourage its adoption among fish farmers, processors, and other stakeholders to improve productivity
and operational efficiency. Al is revolutionizing the aquaculture and fish processing industries by enhancing efficiency, reducing
labour costs, and promoting sustainable practices. Traditional methods in these fields often demand intensive manual labour,
increasing production costs and limiting scalability. The integration of Al technologies enables real-time monitoring, automation,
and data-driven decision-making, which significantly reduces labour dependency and enhances precision. In aquaculture, Al
applications include fish growth monitoring, disease detection, and environmental control, using machine learning algorithms
and IoT-based systems to optimize operations. In fish processing, Al-driven tools support tasks such as sorting, grading,
filleting, and packaging, ensuring consistent product quality and safety. These advancements not only streamline production
but also reduce waste and improve resource utilization. This review presents recent developments and success stories of Al
implementation in aquaculture and fish processing, illustrating its potential to modernize the industry. By fostering smarter
and more sustainable practices, Al can contribute significantly to boosting productivity, improving economic outcomes, and
supporting food security goals in the fisheries sector.
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1. INTRODUCTION

rtificial Intelligence (Al) is a scientific discipline that

focuses on developing computer systems capable of
exhibiting intelligent characteristics similar to human
cognition and decision-making (Xu et al., 2021). Machine
learning is further categorized into four types: supervised
learning, unsupervised learning, semi-supervised learning,
and reinforcement learning (Bose, 2017).

The application of artificial intelligence (Al) in agriculture
and allied sectors, including fisheries and aquaculture, plays a
crucial role in addressing the growing food demand resulting
from population growth over time (Jha et al., 2019).
Traditional farming practices may become inadequate in
meeting future food requirements. Therefore, automation
technologies such as Artificial Intelligence and the Internet
of Things (IoT) are potential solutions to mitigate food
shortages in the future (Jha et al., 2019).

Among Al advancements, Deep Learning (DL) represents
a sophisticated technique used to predict various parameters
in aquaculture, including species classification, fish
identification, feeding time optimization, fish behavior
analysis, and movement tracking (Yang et al., 2020). Due
to the increasing global seafood demand, aquaculture plays
a key role in meeting this need, while the fish processing
industry acts as the other side of the coin by supporting
and boosting aquaculture. It processes fish into consumable
products, preserves them for a long period, and ensures
food safety for consumers by maintaining the quality of
fish products (Ngasotter et al., 2020). Adoption of Al
with aquaculture and fish processing industries ensuring
the sustainability by monitoring water quality, optimizing
teeding ratio, predicting fish health and automating the
fish processing and quality checking of the fishes (Gladju
et al., 2022; Rather et al., 2024). Traditional aquaculture
required more labour, and optimizing feeding for fish
and shrimp biomass was challenging. For example,
if excess feed was given, it increased feed costs and
deteriorated water quality. Conversely, if less amount of
teed was provided, animal growth was reduced, leading to
economic losses and decreased profitability (Chiu et al.,
2022). Additionally, the initial diagnosis and detection of
diseases in cultured animals were difficult in traditional
aquaculture compared to Al-based smart aquaculture.
(Zhou et al., 2018; Anusha et al., 2024). In Al-integrated
smart aquaculture, labour requirements were reduced and
optimized feeding efficiently, preventing economic losses
caused by overfeeding while maintaining water quality in
an optimal, balanced state (Rather et al., 2024; Chiu et al.,
2022). Moreover, Al-enabled systems used underwater
cameras and image processing to detect diseases at an early
stage, significantly reducing large-scale fish stock losses.
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(Mandal and Ghosh, 2024). All these Al technologies
synergistically worked with the Internet of Things (IoT)
and cloud computing to create an optimal solution for the
well-being of smart aquaculture (Mustapha et al., 2021).
Traditional fish processing plants required numerous
labourers for cutting, grading, sorting, gutting fish, and
cleaning, peeling, and deveining shrimp and other aquatic
animals. In contrast, Al-based smart fish processing plants
used automated machine, reducing labour costs (Hassoun
etal., 2022). Traditional fish processing industries also had
lower optimization of electricity usage. However, Al-based
smart fish processing plants achieved higher electricity
optimization, promoting sustainability while increasing
profitability for the industry (Ghoroghi et al., 2023).
Devices such as unmanned aerial vehicles, programmed
robots, and drones, incorporated with artificial intelligence
including machine learning (ML) and deep learning (DL)
helped and supported advanced aquaculture techniques
like offshore cage culture. These technologies were highly
useful for monitoring and optimizing critical parameters
such as feeding, water quality, fish population estimation
(Wu et al., 2022; Rather et al., 2024), and the inspection
and automated cleaning of cage nets for biofouling (Fu et
al., 2024), which were otherwise challenging to manage
manually. This review aims to explore recent advancements
and applications of Artificial Intelligence in aquaculture
and fish processing, focusing on how these technologies
enhance productivity, improve sustainability, reduce labour
costs, and support the development of smart aquaculture
and processing systems.

2. APPLICATION AND IMPLEMENTATION
OF ARTIFICIAL INTELLIGENCE

2.1. In traditional aquaculture

Al-based models have proved to be highly efficient in
assessing water quality parameters such as dissolved oxygen
(DO), Biological oxygen demand (BOD), pH, Ammonia,
and Chemical oxygen demand (COD), outperforming
traditional stochastic models (Elkiran et al., 2019). The
primary advantages of Al-based models over conventional
approaches included cost-effective monitoring and higher
accuracy. Commonly used Al-based models in water quality
assessment included Back Propagation Neural Network
(BPNN), Support Vector Machine (SVM), Adaptive
Neuro-Fuzzy Inference System (ANFIS), and Linear Auto-
Regressive Integrated Moving Average (ARIMA), among
others (Elkiran et al., 2019). For instance, by utilizing
known parameters such as ammonium ion concentration,
pH, and water temperature, Al-based models could estimate
dissolved oxygen and other water quality variables with high
precision and while maintaining low-cost monitoring inputs

(Elkiran et al., 2019).
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In aquaculture, fish size measurement traditionally
required manual sampling, which was labour-intensive
and induced stress in fish. Al-based techniques, including
computer vision and deep learning algorithms, offered a
non-invasive alternative by utilizing sensors for automated
fish size measurement (Biswas et al., 2023). For example,
in mariculture, the length and weight of grouper fish were
predicted using an Al-based system known as Artificial
Intelligence Image Recognition Fish Size (AIIRFS) (Chang
etal., 2021). Additionally, Al-driven models could predict
fish stress levels by analyzing behavioral data through
machine learning algorithms, providing early warnings to
optimize water quality parameters and minimize stock losses
due to extreme stress conditions (Li et al., 2022).

Al also played a crucial role in genomic breeding for
aquaculture species. The genomic breeding value of shrimp
was assessed using image analysis under machine learning
frameworks, offering advantages over traditional breeding
programs by reducing inbreeding depression and enhancing
genetic gain (Zenger et al., 2019). Similarly, the breeding
outcomes of tilapia brooders could be accurately predicted
using Genetic Algorithms combined with Deep Neural
Networks (DNN), ensuring not only precise breeding
predictions but also fostering sustainable aquaculture

practices (Tynchenko et al., 2024).

In disease prediction and water quality monitoring, Al
techniques such as the Random Forest algorithm have
demonstrated high accuracy in detecting early disease
outbreaks and identifying key water quality indicators
(Kanagachidambaresan et al., 2024). Advanced Al models,
including Electromagnetic Field Optimization (EFO) and
Multi-Layer Perceptron Neural Network (MLPNN), have
been employed to enhance the accuracy of dissolved oxygen
(DO) predictions for effective water quality management
(Yang, 2023a). Furthermore, the removal of turbidity in
aquaculture effluent water has been optimized using a
hybrid Al approach that combined Adaptive Neuro-Fuzzy
Inference System with Genetic Algorithm (ANFIS-
GA), achieving superior turbidity reduction performance

(Igwegbe et al., 2023).

Integrating Internet of Things (IoT), Machine Learning
(ML), and Quantum Approximate Optimization Algorithm
(QAOA) had further improved water quality predictions
while simultaneously increasing fish survival rates (Baena-
Navarro et al., 2025). These advancements highlighted
the transformative potential of Al in aquaculture, enabling
precise monitoring, efficient resource utilization, and
sustainable management practices.

2.2. Recirculatory aquaculture system

A typical RAS consisted of continuous circulation and
filtration of the water to remove waste material (suspended
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solid, TAN, Organic matter, faeces, etc.) and maintain
optimal water quality parameter. However, the production
cost for RAS was relatively high due to continuous
circulation. Hence, Al-based models such as Machine
Learning (gene algorithm support vector machine model),
could be used to reduce production cost significantly. The
speed of the water flow and aeration could be adjusted
based on the input data algorithm like turbidity, Dissolved
Oxygen, Total Ammonical Nitrogen (TAN), etc. this would
reduce the production cost (Chen et al., 2021). Mortality in
RAS was also an important factor in the production system.
Monitoring the mortality in RAS required human labour
to observe the mortality of fish at every time. Al and IoT
based underwater cameras captured the image of the fish
in the system and processed the image and then gave the
result to the farm manager through cloud system whether
the fish mortality occurred or not anytime (Ranjan et al.,
2023). So that the human intensification and operational
cost would be reduced significantly.

The prediction and optimization of water quality parameters
in medium-sized Recirculating Aquaculture Systems was
done using combined Al techniques like Convolutional
Neural Network (CNN), Gated Recurrent Unit (GRU), and
the Attention mechanism (Yang et al., 2023b). The aeration
in Recirculating Aquaculture Systems was optimized and
controlled using input data such as hypoxia behaviour of fish
detected using computer vision and optimized using deep
learning techniques helped to reduce the energy usage for
aeration in RAS efficiently (Yang et al., 2024). The feeding
cost in shrimp farming played a significant role in economic
health of shrimp farm. Al techniques such as multiple linear
regression, artificial neural networks, and support vector
machine (SVM) accurately helped to optimize shrimp
teeding in recirculating aquaculture systems by predicting
shrimp biomass size with precision. (Chen et al., 2022).
The prediction of dissolved oxygen level in recirculating
aquaculture system is achieved using integrated variational
mode decomposition and deep belief network, which
outperformed other Al methods (Ren et al., 2020). The
artificial intelligence technique novel reverse understanding
convolutional neural network (CNN) prediction models
was provided higher accuracy and reliablility compared
to traditional back propagation neural networks for the
accurate prediction of dissolved oxygen in RAS (Ta and
Wei, 2018). CNN (convolutional neural networks), LSTM
(long short-term memory) hybrid model demonstrated high
effectiveness for predicting most water quality parameters in
RAS of red tilapia except pH, which showed comparatively
lower accuracy (Jongjaraunsuk et al., 2024). The prediction
of important water quality parameters such as ammonia

nitrogen and nitrite were done accurately with General
Regression Neural Network (GRNN) compared to other Al
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algorithms (Chen et al., 2024). The feed optimization using
heuristic algorithm was completed for the Recirculating
Aquaculture Systems (RAS) to reduce the feed cost
associated with excess feed (Yang et al., 2021). Zhou et al.
(2023) reported that the automatic feeding and optimal
feeding of the fishes was done in recirculating aquaculture
systems using algorithms like deep vision, fuzzy neural
network to increase the profit. Similarily, Soto-Zarazda et al.
(2011) reported that fuzzy logic control technique was used
to optimize environmental conditions for rearing intensive
tilapia culture in RAS and water saving. The detection of
fish mortality in recirculating aquaculture systems (RAS)
was done with deep learning methods that used underwater
cameras and equipped with YOLOv4-based lightweight
backbone, attention mechanisms, and a ReLU-memristor-
like activation function (Zhou et al., 2025).

2.3. Micro-algae cultivation

Artificial Intelligence (AI) had significant applications in
estimating the growth rate of micro-algae cultivation. Al-
based methods, such as Artificial Neural Networks (ANN),
were utilized to predict micro-algae production based
on key input variables, including nutrient supply, water
quality parameters (such as temperature and pH), and solar
radiation (Supriyanto et al., 2019). These predictive models
enhanced the efficiency and optimization of micro-algae
cultivation systems.

2.4. Cage culture

One of the major challenges in cage culture was selecting
an optimal location for net cages. Al-powered technologies,
such as unmanned aerial vehicle (UAV) systems, facilitate
automated site selection through image recognition
and deep learning techniques (Liang and Juang, 2022).
Additionally, integrating drones with Al and deep learning
models enhanced various aspects of cage culture, including
fish counting, length estimation, and feeding evaluation,
ultimately improving profitability compared to traditional

methods (Ubina et al., 2021).

For precise fish monitoring, an underwater televisual system
utilizing a stereo camera, coupled with the SSD Mobilenet
v3 algorithm and de-hazing water correction, has been
developed. This system enabled accurate measurement of
free-swimming grouper length in cage culture, delivering
high performance metrics and crucial growth data to support
sustainable aquaculture practices and enhance production
efficiency (Ahmadi et al., 2023). Furthermore, Al-based
techniques, combined with UAV systems, facilitate
automatic weight estimation of fish using deep learning
models, including Convolutional Neural Networks (CNN),
Extreme Gradient Boosting (XGBoost), and a Hybrid
CNN-XGBoost model (Taparhudee et al., 2024).

2.5. Remote sensing and AI models in Aquaculture

Remote sensing, when integrated with Al models such
as Optimal Artificial Neural Networks (ONN), Adaptive
Neuro-Fuzzy Inference System (ANFIS), and Coupled
Evolutionary Algorithm-Adaptive Neuro-Fuzzy Inference
System (EA-ANFIS), aided in identifying optimal cage
culture locations in reservoirs. These Al techniques
predicted key water quality parameters, including dissolved
oxygen, water temperature, and total dissolved solids, to
optimize fish farming conditions (Sedighkia and Datta,
2024). Additionally, Al-based vision algorithms employing
stereo systems enabled the examination of fish movement
in a three-dimensional space within cage systems, allowing
for an accurate assessment of fish behavior and activity levels

(Davies, 2009).

The integration of Al-driven technologies in micro-algae
cultivation and cage culture enhanced precision, efficiency,
and sustainability, contributing to the advancement of
aquaculture practices.

2.6. Pen culture

In net-pen aquaculture, automated inspection of net damage
such as holes, fouling, and vegetation clogging was conducted
using underwater image analysis and semantic segmentation
techniques, specifically employing the YOLOv8 model
(Akram etal., 2024). Additionally, real-time monitoring of
seawater quality parameters was achieved through remote-
surveillance systems integrating GSM, GPS modules, IoT,
and embedded systems, ensuring optimized and sustainable
marine net pen aquaculture (Panda et al., 2023). Net
integrity assessments were further enhanced in turbid water
conditions using autonomous underwater vehicles (AU V)
in combination with convolutional neural networks (CNNs)
for accurate image-based analysis (Lee et al., 2022).

2.7. Biofloc technology

AT and IoT technologies had significantly advanced water
quality monitoring and management in biofloc aquaculture
systems. JoT-based techniques, along with linear regression
models, facilitated accurate prediction of water quality
indicators such as temperature, dissolved oxygen (DO), and
pH in catfish farming (Mufidah and Nuha, 2023). Similarly,
IoT combined with decision regression tree models enabled
precise water quality parameter predictions, which could be
conveniently monitored via mobile applications (Mozumder

and Sharifuzzaman Sagar, 2022).

In tilapia biofloc culture systems, fuzzy logic algorithms were
utilized for automated pH and water temperature control,
as well as for optimizing feeding schedules (Parenreng et
al., 2022; Joshna et al., 2024). Additionally, automation-
integrated biofloc shrimp farming systems, incorporating
sensors, demonstrated superior nutritional efficiency,
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water quality control, and enhanced growth performance
compared to traditional shrimp aquaculture (Sasikumar et

al., 2024).

Advanced Al models such as Autoregressive Integrated
Moving Average (ARIMA) were used for detailed
predictions of water quality indicators, including Total
Dissolved Solids (TDS), water temperature, DO, pH, and
electrical conductivity in biofloc finfish farming (Bakhit et
al., 2022). The measurement of Total Suspended Solids
(TSS), traditionally a labour-intensive and costly process,
was efficiently predicted using Support Vector Machine
(SVM) models, offering an inexpensive and automated
alternative for biofloc fish farming (Teramoto et al., 2024).

Decision Support (DS) algorithms facilitated real-time
monitoring and alarm notifications for critical water
quality parameters such as turbidity, pH, and temperature,
ensured precise and timely interventions in biofloc systems
(Alam et al., 2023). Additionally, the breeding outcomes
of tilapia brooders were accurately predicted using Genetic
Algorithms and Deep Neural Networks (DNN), not
only enhanced breeding accuracy but also contributed
to sustainable aquaculture (Tynchenko et al., 2024).
Furthermore, total biomass estimation in tilapia culture
has been effectively achieved with high precision through
computer vision and machine learning models, specifically
using multilayer perceptrons (Ramirez-Coronel et al.,

2024).

The integration of Al and IoT technologies in pen culture
and biofloc systems enhanced precision aquaculture,
optimizing production efficiency, water quality management,
and sustainability.

2.8. Feed formulation

The primary goal of aquaculture feed formulation was to
develop cost-effective feed compositions while ensuring
optimal nutrition. However, manual formulation presented
challenges, as it required skilled expertise to balance nutrient
content and minimize anti-nutritional factors (ANF)
(Siad and Bouzid, 2023). Al-based techniques enabled
automated fish feed formulation by utilizing locally available
ingredients, optimizing cost efficiency while simultaneously
addressing ANF concerns (Siad and Bouzid, 2023; Soong
etal., 2022).

One of the major constraints in carnivorous fish culture
was the high feed cost, primarily due to its elevated protein
content. Al-driven models, such as the Evolutionary
Algorithm (EA), facilitated the formulation of cost-effective
diets for carnivorous species, helping to mitigate rising
production costs while maintaining nutritional adequacy

(Soong et al., 2022).

The integration of Al in feed formulation enhanced

05

efficiency, reduced dependency on manual expertise, and
promoted sustainable aquaculture by optimizing feed
production economics.

2.9. Fish feeding system

Traditionally, fish in aquaculture systems were fed
manually, while some farms utilized automatic feeders that
dispensed feed at fixed intervals set by the farmer based on
biomass estimations (An et al., 2020). However, Artificial
Intelligence (AI)-driven intelligent feeding systems offered
a more precise approach by monitoring fish behavior and
movement through computer vision technology, utilizing
underwater cameras to capture and analyze real-time images.

This Al-based feeding system autonomously adjusted
feed distribution based on the analyzed fish behavior,
ensuring optimal feeding efficiency. A key advantage of this
method was the significant reduction in feed loss, leading
to improved Food Conversion Ratio (FCR) compared to
both manual feeding and conventional automatic feeders

(An et al., 2020).

By integrating Al-driven feeding solutions, aquaculture
operations could enhance sustainability, optimized feed
utilization, and improved overall production efficiency.

2.10. Fish disease management

Monitoring fish diseases in aquaculture presented a
significant challenge. However, Al-based Machine
Learning algorithms, such as Support Vector Machines
(SVM), offered a promising solution for disease detection.
These systems captured and processed images of the fish,
classifying them to determine whether they were diseased
and identified the specific disease affecting them (Ahmed
et al., 2022).

Al-based techniques like Deep Learning algorithms
also enabled the detection of parasites, such as fish lice,
Ichthyophthirius multifilis, and Gyrodactylus species. By
uploading numerous images of the parasites into the Al
model, it could predict parasitic infections affecting the

fish (Li et al., 2023).

In addition to traditional image analysis, fish disease could
be detected using smartphone-based Al techniques, such as
Random Forest algorithms, which provided a high level of
accuracy. This approach was particularly user-friendly for
fish farmers, enabling them to identify moribund fish and
take timely action (Mia et al., 2022). Several smartphone
applications now offered image processing services to detect
fish diseases and provide actionable suggestions to farmers

(Agossou and Toshiro, 2021).

Furthermore, genomic data, such as single nucleotide
polymorphisms (SNP), combined with machine learning
and deep learning techniques, could be used to predict
disease resistance in fish, aiding in breeding programs for
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Table 1: Illustrates the various Artificial intelligence related to aquaculture and fish processing industries with its function

System

Type of Al technology used

Potential use

Reference

Shrimp hatcheries

Shrimp hatcheries

Shrimp hatcheries
Prawn aquaculture

Shrimp aquaculture

Ornamental
shrimps

Shrimp hatcheries
Shrimp culture
(biofloc)

Shrimp hatcheries

Shrimp disease
management

Shrimp hatcheries

Shrimp aquaculture

Fish and shellfish

hatcheries

Shrimp aquaculture

Shrimp aquaculture

Shrimp aquaculture

Finfish aquaculture

Random Forest, logistic regression

Blynk application and a real-time
counting system (lot based system)

scaled multilayer feature fusion
network along with IoT

Convulation neural network

logistic regression

image processing and K-means
unsupervised machine learning

CNN-based method using density
map regression
Random forest with higher accuracy,

adaboost, and deep neural networks

Particle swarm optimization (PSO)
and fuzzy analytic hierarchy process
(FAHP)

GIS and machine learning (Neural
network performs accurately)

density map regression and local
peak filtering

Decision tree-based machine
learning (ML) and extra tree (ET)
model exhibits higher accuracy

convolutional neural network

AquaProFAN framework
(AquaGent Al-based chatbot)

TF-IDF (Term Frequency-Inverse
Document Frequency) and Natural
Language Processing (NLP)

Mask regional convolutional neural
network (Mask R-CNN)

multilayer perceptron (MLP) and
radial basis function (RBF) neural
networks

Optimizing shrimp hatchery productivity

Automatic counting of shrimp seed
(effectively time saving and reduce labour
cost)

Real time shrimp larvae counter

Early prediction of disease outbreak in
prawn aquaculture

Early detection of Acute Hepatopancreatic
Necrosis Disease (AHPND) in shrimp

farm

Automatic counting of ornamental
shrimps

Accurate Counting of shrimp eggs

Early prediction of dissolved oxygen (DO)
and biofloc amount

Increasing the survival rate by early
optimization of environmental and
nutritional factors

Early prediction of shrimp diseases such as
acute hepatopancreatic necrosis, white spot
syndrome disease, and Enterocytozoon
hepatopenaei infection

Automatic counting, location, and sizing
of shrimp larvae

Prediction if white spot syndrome virus
susceptibility

Automatic counting of different hatching
stages of brine shrimp (Artemia biomass)

Helpful in giving guidance to farmer
regarding queries related to shrimp
aquaculture

For classification of various kind of
shrimp disease

Automatic counting of shrimp in shrimp
ponds

Autonomous prediction of dissolved
oxygen (DO), biological oxygen demand
(BOD), and chemical oxygen demand
(COD)

(Panitanarak and

Kaowleg, 2024)

(Hanis et al., 2024)
(Hsieh et al., 2024)
(Aravindhaa et al.,

2024)
(Khiem et al., 2020)

(Yeh and Ling,
2021)

(Zhang et al., 2021)
(Jasmin et al., 2022)

(Khan, 2024).

(Khiem et al., 2022)

(Zhou et al., 2024)

(Tuyen et al., 2024)

(Evdokimov et al.,
2024)

(Jasmin et al., 2024)

(Quach et al., 2023)

(Hong et al., 2022)

(Galezan et al.,
2020)
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more resilient stock (Vu et al., 2022).

The integration of Al and genomic technologies in disease
detection and prevention enhanced fish health management,
offering more precise, timely, and user-friendly solutions for
aquaculture practitioners.

2.11. Fish freshness assessment

The assessment of fish freshness was crucial in maintaining
the quality of seafood. One approach involved measuring
the humidity in the surrounding air, as increased humidity
was indicative of decreased freshness. Al-based techniques,
such as linear algorithms and Linear Discriminant Analysis
(LDA) models, used sensors to detect changes in humidity
as one of the factors in determining the freshness of fish
meat (Musatov et al., 2010). Additionally, sensory attributed
such as off-flavor and rancid substances were analyzed using
LDA models to further evaluate fish freshness (Baldwin et
al., 2011).

2.12. Fish freezing technology

Al models, such as Artificial Neural Networks (ANN) and
Support Vector Machines (SVM), were also applied to
monitor the freshness of fish stored in ice. These systems
captured images of the gills and eyes of the fish using
cameras, and Al algorithms processed the images to classify
the fish based on its freshness. Based on this classification,
the system can adjust the ice storage conditions accordingly

(Mohammadi Lalabadi et al., 2020).

A significant issue in frozen fish storage is freezer burn,
which could be detected using Al techniques like computer
vision combined with machine learning algorithms. These
systems could identify freeze burn and adjust freezer airflow
and temperature to minimize the damage (Xu and Sun,

2017).

Al was also used to examine imported frozen fish products
for quality assurance, utilizing systems like Border
Prediction Intelligent (BPI) to ensure food safety and quality
(Tu et al., 2024). Furthermore, hyperspectral imaging had
proven effective in predicting drip loss in vacuum-packed
fish fillets during chilling, freezing, and thawing processes,
contributing to more accurate quality control (Anderssen

et al., 2020).
Through these Al-based technologies, the seafood industry

could enhance the monitoring and preservation of fish
quality throughout freezing and storage, improving food
safety and reducing waste.

2.13. Fish processing plant
The fish processing industry often experienced a reduction
in profit due to high and excessive energy consumption,

particularly in cold storage operations (Ghoroghi et al.,
2023). Traditionally, temperature control in cold storage
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was manually predicted based on experience. However,
Al-based models, such as Artificial Neural Networks
(ANN), offered a more efficient solution by forecasting the
required temperature and predicting energy consumption.
These models helped optimize air conditioning operation,
ensuring that energy usage was not excessive, thus reducing
operational costs and improving energy efficiency in fish
processing industries (Ghoroghi et al., 2023).

Al technologies like General Regression Neural Networks
were also employed to predict the proximate composition
of fish, such as moisture content, PUFA, MUFA, and
omega-3 and omega-6 fatty acids, using low-frequency
nuclear magnetic resonance (LF-NMR). These Al-based
predictions yield resulted comparable to conventional
chemical analysis, providing an efficient, less labour-
intensive alternative (Al-habsi et al., 2024).

In fish cutting, a traditionally labour-intensive and time-
consuming process, Al-integrated smart fish cutting
machines, utilizing machine vision, significantly reduced
both time and labour requirements (Liu et al., 2022).
Additionally, AI techniques like computer vision and
machine learning were applied to classify the freshness of
different fish meats, such as tuna and salmon, ensuring
that only the highest-quality products reached consumers
(Medeiros et al., 2021). By leveraging Al in these areas,
the fish processing industry could reduce costs, increase
productivity, and improve the accuracy and efficiency of
quality assessments

3. FISH CANNING INDUSTRIES

3.1. In energy cansumpz‘ion

Artificial intelligence (AI) played a vital role in optimizing
energy consumption in fish canning industries, particularly
in the retort sterilization process. Al models, like the Non-
Linear Auto-Regressive Artificial Neural Network (NARX-
ANN), predicted the F-value needed for sterilization,
ensuring microorganisms in seafood products were
killed efficiently. By accurately determining the required
sterilization temperature, Al helped minimize energy waste,
reducing operational costs and labour requirements (Guldas

etal., 2016).
3.2. In Identification of cold spot temperature

In canning, it’s crucial to identify the coldest spot (the
slowest-heating region) in canned foods, as it was most
prone to under-processing. Al-based methods, such as
Apparent Position Numerical Solution (APNS), were
employed to predict the cold spot temperature using factors
like heating lag and heat penetration curves. This approach
ensured efficient thermal processing without human
intervention, preventing over-processing and improving

product quality (Zhu et al., 2022).
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3.3. Fish quality assessment

Artificial Intelligence (Al played a crucial role in assessing
the quality of fish, whether farm-harvested or wild-caught,
by analyzing various chemical changes that occured in the
fish body post-mortem. Techniques such as neural network
analysis and Principal Component Analysis (PCA) were
used to identify bio-molecules responsible for spoilage and
predict the post-mortem time interval (Gil et al., 2008). One
such technique involved the use of electrodes to detect fish
freshness potentiometrically by measuring the generation
of bio-molecules like Inosine Mono Phosphate (IMP),
Inosine, and Hypoxanthine (Hx), which accumulate after
the fish’s death (Gil et al., 2008). Additionally, El Barbri et
al. (2008) developed an Al-based electronic nose method to
assess fish freshness. This system used a chamber with an
electronic nose sensor to detect the odors emitted from the
fish during spoilage, driven by microbial activity and other
degradation processes.

Al-based machine learning models, such as PCA, self-
organized maps, K-nearest neighbors, random forests,
and Support Vector Machines (SVM), were employed to
classify fish fillets as either fresh or spoiled, and to predict
the shelf life and freshness of the product (Kashani Zadeh
et al., 2023). Traditional methods of estimating the total
viable count (T'VC) in fish and fishery products were time-
consuming and labour-intensive. However, Al techniques,
such as deep learning, have been shown to estimate TVC
by analyzing hyperspectral images, significantly reducing
labour requirements (Yu et al., 2019). Furthermore, Al
models like Artificial Neural Networks (ANN) could
predict microbial counts and chemical changes in value-
added fish products, such as fish burgers, without the need
for traditional methods (Khalafpour and Roomiani, 2022).

Al-based techniques, including Fourier Transform Infrared
Spectroscopy (FTIR), PCA, and Linear Discriminant
Analysis (LDA), could also be employed to estimate
spoilage in fish products stored under Modified Atmosphere
Packaging (MAP) (Saraiva et al., 2017). The combination
of FTIR and Raman spectroscopy with Al could help detect
toxic preservatives, such as formalin, in fish, ensuring food

safety and quality control (Benny et al., 2023).
3.4. Fish by-product utilization

Fish by-products, such as trash fish, could be utilized for
protein extraction through hydrolysis using enzymes like
pepsin and papain. Al-based models, particularly Machine
Learning (ML), played a vital role in predicting the optimal
amount or degree of hydrolytic enzyme required for efficient
protein hydrolysis. This approach helped minimize the
overuse of enzymes and reduced operational costs (Verdu et
al., 2023). Additionally, the combination of ML with rapid

spectroscopic techniques was increasingly used to assess
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the quality of fish oil, including its authenticity and other
quality parameters, ensuring the food safety of consumers
(Giese and Fritsche, 2021).

Microalgae harvesting, which typically required significant
labour, could be optimized through the use of Artificial
Neural Networks (ANN). These models helped optimize
and characterize the use of fish bone bioflocculants for more
efficient microalgae harvesting, making the process more
cost-effective and significantly reducing labour requirements

(Suparmaniam et al., 2022).
3.5. Value added fish products

Frying fish could lead to a reduction in its nutritional
profile, including the loss of polyunsaturated fatty acids
(PUFA) and other essential nutrients (Sadhu et al., 2021).
To address this issue, Artificial Neural Network (ANN)-
based genetic algorithms and particle swarm optimization
(PSO) have been employed to retain the nutritional quality
of fried fish to a certain extent. These Al models could
predict and recommend the optimal frying parameters-such
as temperature, time, and oil amount-to produce fried fish
with higher levels of PUFA compared to other combinations
(Sadhu et al., 2022).

Color changes in fish fillets could reduce their appeal to
consumers. Hyper Spectral Imaging, combined with ANN,
has been used to detect and analyze these color changes
in fish fillets by processing images automatically, without
the need for human intervention (Wang et al., 2022).
Additionally, the quality of value-added fish products like
surimi was significantly influenced by color and moisture
changes during surimi gelation. Al-based models, including
Convolutional Neural Networks (CNN), were used to
predict these changes and other quality attributes during

the gelation process of surimi (Yoon et al., 2023; Ikbal et
al., 2022).

3.6. Blockchain management

Shrimp Chain was a hybrid blockchain-based framework
developed to improve traceability, transparency, and
certification in Bangladesh’s shrimp export market. It
addressed challenges in the supply chain by enabling data
entry through mobile or web applications or IoT devices.
This distributed certification system empowered shrimp
farmers by enhancing food safety, quality, and compliance,
providing them with better control over the market, and
incentivizing them to produce high-quality shrimp (Khan
et al., 2022).

4. CONCLUSION
Artiﬁcial intelligence played a crucial role in the fisheries

sector and had a broad range of applications across
other sectors, such as agriculture and allied industries.
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Traditional aquaculture systems would struggle to meet
growing food demands of an increasing global population.
Al not only helped increase profits by boosting fish
production and reducing human labour, but it also aided
in detecting and rectifying environmental impacts caused
by anthropogenic activities.
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