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 This study investigates the transformative potential of smart 
tools and artificial intelligence (AI) in enhancing quality 
assurance and safety within the agriculture, fisheries, and 
aquaculture sectors. A structured analytical framework is 
used to evaluate key AI algorithms—Naive Bayes, Support 
Vector Machines (SVM), Deep Learning, Machine Learning 
(ML), Artificial Neural Networks (ANNs), Fuzzy Logic, and 
Random Forests—emphasizing their mathematical 
foundations and practical integration into intelligent 
systems. The convergence of AI with advanced technologies 
such as computer vision (CV), the Internet of Things (IoT), 
and sensor-based monitoring is identified as a catalyst for 
real-time decision-making, robust quality control, and 
improved operational efficiency across the food supply 
chain. In agriculture, AI-powered tools enable precision 
farming, early pest and disease detection, and data-driven 
crop health monitoring. In fisheries and aquaculture, 
intelligent systems support automated feeding, disease 
prediction, and sustainable resource utilization. This study 
applies a structured literature-based analysis combined with 
performance benchmarking from empirical studies, 
showcasing validated use cases and quantitative accuracy 
metrics across various AI applications. The integration of AI 
technologies significantly improves traceability, reduces 
post-harvest losses, and enhances food safety in complex 
supply networks. Reported outcomes indicate high 
performance, with accuracy rates exceeding 80% in areas 
such as pathogen prediction, food recognition, microplastic 
detection, aquaculture optimization, and species 
classification. Specific applications show notable precision 
in microalgae classification (97.67–97.86%), seaweed 
identification (93.5%), and fish freshness assessment (up to 
100%). Despite these advancements, the study 
acknowledges ongoing challenges related to data 
standardization, infrastructure, and regulatory frameworks. 
The findings highlight the need for interdisciplinary 
collaboration and continuous innovation. Ultimately, the 
strategic adoption of AI and smart tools is essential for 
building resilient, secure, and sustainable food systems and 
also offers significant indicators for future research. 
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Introduction 

The production output of the food industry 

is continuously increasing in parallel with 

the ever-growing consumer demand. This 

trend necessitates the implementation of 

increasingly stringent food safety 

standards. To ensure consumer health and 

safety and to guarantee efficient and value-

added production processes for industrial 

stakeholders, effective quality control 

mechanisms are of paramount importance. 

In this context, computer vision (CV) 

technology is widely applied in integration 

with other Industry 4.0 components and 

process automation. The integration of CV 

applications into quality control processes 

can significantly improve supply chain 

management in the food industry by 

ensuring consistent product quality and 

minimizing waste (Lysova et al., 2025). 

The surge in food demand and the growth 

of the global population in recent decades 

have accelerated the integration of artificial 

intelligence (AI) technologies into the food 

sector. The capability of AI-supported 

systems to assess food quality, provide 

control mechanisms, and perform various 

operations such as food classification and 

prediction has amplified the interest in and 

demand for these systems (Thapa et al., 

2023). Given the fundamental role of food 

in human life, the necessity of reducing 

food waste and improving food 

management and safety protocols is 

evident. The increasing prevalence and 

advanced infrastructure of computer 

networks have strengthened modern 

industrial and logistics systems. These 

networks continuously generate data from 

sensors, systems, smart devices, machines, 

and human interactions, which undergo in-

depth analysis. These developments have 

triggered a technological transformation 

leading to what is known as Artificial 

Intelligence (AI) (Barthwal et al., 2024). AI 

is a scientific discipline that aims to 

develop intelligent systems capable of 

mimicking various aspects of human 

behavior through techniques inspired by 

nature. Advancements in the field of AI 

have contributed to the maturation of a 

knowledge domain known as machine 

learning (ML), which encompasses 

techniques that enable learning through 

experience (Nunes et al., 2023). Machine 

learning algorithms can be utilized to: (a) 

extract operational human knowledge from 

a set of examples; (b) derive interpretable 

rules for classifying examples regardless of 

the linearity of human behavior or process; 

and (c) determine the degree of influence of 

each objective feature of the food item's 

human behavior or process on an expert's 

final decision (Goyache et al., 2001). This 

integration significantly enhances the 

system's capacity to recognize food items, 

particularly in scenarios involving densely 

packed food images, thereby increasing 

accuracy rates (Chotwanvirat et al., 2024). 

Products equipped with AI functionalities 

can perform thinking, decision-making, and 

social interaction tasks like human 

assistants. Building upon this similarity and 

aiming to complement established 

technology acceptance theories, hypotheses 

are being developed regarding consumers' 

preferences to purchase or avoid AI 

products and the evolution of these 

preferences across different consumer 

groups and AI product types (Frank, 2024). 

Indeed, numerous application areas exist 

where AI techniques and AI provide 
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significant advantages, which can be 

summarized as follows. AI is 

revolutionizing the food industry by 

enhancing food quality and safety, fostering 

innovation, and optimizing processes. This 

study examines the applications of AI in 

food science, including manufacturing, 

personalized nutrition, supply chain 

management, and sensory science. It also 

discusses techniques such as knowledge-

based expert systems, artificial neural 

networks, fuzzy logic, and machine 

learning, highlighting their roles in 

predictive maintenance, waste 

management, quality control, and product 

development. The integration of AI with 

advanced sensors improves decision-

making mechanisms and real-time 

monitoring capabilities in food safety and 

packaging processes. However, challenges 

such as high costs, data security concerns, 

ethical considerations, and transparency 

issues persist. AI holds the potential to 

deliver personalized products, enhance 

food security through predictive analysis of 

food products, advance sustainability by 

optimizing resource utilization, and ensure 

efficient distribution by promoting 

innovation in supply chain automation and 

personalized nutrition (Zatsu et al., 2024). 

Deep learning offers a predictive edge over 

traditional machine learning for screening 

peptides with diverse biological activities, 

but challenges persist. Future research 

should focus on developing data 

augmentation strategies within large food-

specific models and establishing a universal 

deep learning framework based on 

multiscale chemical domain properties to 

predict peptide-target dynamic interactions. 

The development of a high-throughput 

screening infrastructure and more 

comprehensive research on AI methods for 

multifunctional properties, such as anti-

obesity and anti-fatigue effects, are also 

crucial (Chang et al., 2024). For instance, 

one study evaluated the potential of school 

meals co-designed with children or 

generated using AI and investigated 

parents' perceptions regarding the use of 

whole foods in their children's diets. 

Children, potentially with parental support, 

proposed recipes incorporating whole fruits 

and vegetables, and nutritionists and school 

cooks selected from these 

recommendations (Goulart et al., 2025). 

The increasing knowledge of microbial 

ecology related to food product quality and 

safety, coupled with the inherent utility of 

ML algorithms for anomaly detection in 

various scenarios, suggests that applying 

microbiome data in food production 

systems for anomaly detection could be a 

valuable approach in food systems. These 

methods can be used to identify ingredients 

that deviate from their typical microbial 

composition, which may indicate food 

safety issues and food fraud (Beck et al., 

2024). Indeed, food adulteration is a 

deceptive practice aimed at misleading 

consumers for profit. The threat it poses to 

public health and food quality or nutritional 

value makes it a significant concern. Food 

sourcing and potential tampering should be 

carefully considered to protect consumers 

against fraud. Consequently, artificial 

intelligence (AI) represents the latest 

technology in food science and engineering 

for effectively addressing these challenges 

(Das et al., 2025). For example, integrating 

advanced technologies into smart 

packaging systems offers a promising 
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avenue for effectively combating food 

fraud, building consumer confidence, and 

safeguarding the integrity of the food 

supply chain (Yang et al., 2024). 

AI also has the potential to transform the 

agricultural and food processing industries, 

with significant implications for 

sustainability and global food security. The 

integration of AI into agriculture has 

witnessed a substantial increase in recent 

years. Therefore, a comprehensive 

understanding of these techniques is 

necessary to expand their application across 

the agri-food supply chain (Nath et al., 

2024). The analysis of AI algorithms in 

agriculture, food science, and nutrition can 

lead to an intelligent farm-to-fork cycle, 

which can also contribute to significant 

advancements in scientific breakthroughs 

(Esmaeily et al., 2024). The efficient 

pattern recognition capabilities of AI 

algorithms and their rapid adaptation to 

new data promote innovation in data-driven 

decision-making and technological 

development. While significant progress 

has been made in food quality and safety 

testing using sensor and spectral 

technologies supported by AI, substantial 

potential remains for further development. 

The integration of AI with various 

emerging technologies enhances public 

health and safety by providing 

comprehensive and in-depth support for 

food quality and safety testing (Xu et al., 

2024). AI has become a transformative 

technology across various industries 

(Fernandes and DMello, 2025). Therefore, 

having comprehensive information about 

the latest developments in this field is 

essential for better understanding and 

future research endeavors (Thapa et al., 

2023). Consequently, Industry 4.0, driven 

by AI, IoT, computer vision, and big data, 

is revolutionizing manufacturing, 

particularly in the food sector. It enables 

precise, just-in-time production while 

enhancing food safety and quality through 

comprehensive data tracking across the 

supply chain. Standardized processes and 

real-time insights provided by analytics and 

alarm systems improve efficiency and 

responsiveness. With its ability to 

streamline operations and ensure 

compliance, AI approaches are rapidly 

becoming indispensable, and food 

manufacturers are at the forefront of their 

adoption (Kilinc, 2024). 

Conventional food safety analyses 

exhibit certain fundamental limitations 

when confronted with the evolving 

demands and complexities of contemporary 

global food supply chains. These 

methodologies often rely on periodic 

sampling, laboratory analyses, and human-

dependent inspection processes, which 

inherently introduce a reactive approach 

and may present constraints in the real-time 

detection of potential hazards (Xu et al., 

2024). Moreover, subjective assessments 

and operational errors stemming from 

human factors can compromise the 

consistency of food safety standards 

(Lysova et al., 2025). The dynamic nature 

of increasing production volumes and 

consumer demands necessitates the 

adoption of more agile, high-accuracy, and 

continuous monitoring systems. In this 

context, artificial intelligence-based 

methodologies hold the potential to 

mitigate these structural disadvantages of 

traditional approaches and offer significant 

advancements in the realm of food safety 
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(Kilinc, 2024; Das et al., 2025). In this 

context, the study examines how the 

strategic utilization of artificial intelligence 

and smart technologies within the 

agriculture, fisheries, and aquaculture 

sectors, by proven high accuracy rates, 

optimizes quality assurance and safety, 

thereby making critical contributions to the 

development of sustainable and secure food 

systems and offering a comprehensive 

proposal for future research. 

 

AI integrated systems’ materials and 

methods   

AI algorithms such as Naive Bayes, 

Support Vector Machines, Deep Learning, 

Machine Learning, Artificial Neural 

Network, Fuzzy Logic and Random Forests 

etc. which are used in various studies 

(Kılınç et al., 2022a; Kılınç et al., 2022b; 

Kılınç et al., 2023a; Kılınç et al., 2023b; 

Kılınç et al., 2024a; Kılınç et al., 2024b; 

Mohseni and Ghorbani, 2024). Recent 

studies are based on the supervised use of 

machine learning models. For example, the 

most widely used models for predicting the 

presence of a foodborne pathogenic 

microorganism at any stage of the 

production chain include Random Forest 

and support vector machines with rating 

metrics for accuracy and precision >80% 

(Medina et al., 2023). These models are 

explained in detail below. 

 

Naive bayes  

Naive Bayes (NB) is one of the widely used 

data mining algorithms for classification 

(Wu et al., 2008). Based on the assumption 

that all attributes belonging to a given class 

are independent of each other, it reveals the 

probability that a new example belongs to a 

class (Duda and Hart, 1973). The NB 

algorithm is based on the conditional 

probability concept of Bayes' theorem and 

is widely used in classification problems. It 

uses the concepts of conditional probability 

to calculate the probability of a particular 

class given the input information (Pajila et 

al., 2023). This approach offers effective 

results, especially in applications such as 

text classification, spam detection, and 

document categorization. 

According to Bayes theorem, for any class 

C and observed feature vector X = 

{𝑥1,𝑥2, … … 𝑥𝑛}, the following relation 

holds in (Eq.1): 

𝑃(𝐶\𝑋) =
𝑃(𝑋\𝐶)𝑃(𝐶)

𝑃(𝑋)
         (1) 

Here, P(C\X): The posterior probability of 

class C when the features are considered, 

P(X\C): The probability of observing 

features under class C, P(C): A priori 

distance of the class, and P(X): Marginal 

probability of the observed feature vector. 

The reason the Naive Bayes algorithm is 

called “naive” is that it assumes that all 

features are conditionally independent of 

each other. Under this assumption, P(X\C) 

is decomposed multiplicatively as follows 

in (Eq.2): 

𝑃(𝑋|𝐶) =  ∏ 𝑃(𝑥𝑖\𝐶)𝑛
𝑖=1       (2) 

In this case, the classification decision is 

made by selecting the class that gives the 

highest posterior probability. The decision 

rule is expressed as follows in (Eq.3): 

�̂� =  𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝑃(𝐶) ∏ 𝑃(𝑥𝑖|𝐶)𝑛
𝑖=1     (3) 

This mathematical structure forms the form 

of the Naive Bayes algorithm and is based 

on the calculation of P(C) for each class and 

P(xi\C) for each feature. NB classification 

techniques perform classification using 

Bayes' theorem and the independence 
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property. NB has many variations to adapt 

to various data features and improve 

classification performance (Pajila et al, 

2023).  

The most common NB variations are: 

A. Gaussian Naive Bayes: This method 

assumes that features with continuous 

distribution are normally distributed. 

The method using feature probability 

training data is applied to continuous 

data (Subramanian and Prabha, 2022). 

B. Multinomial Naive Bayes: In the method 

used to classify texts according to word 

frequencies, the probabilities of the 

features are modeled using multinomial 

distribution parameters (Pane et al., 

2018). 

C. Bernoulli Naive Bayes: It is typically 

used in text classification tasks to 

represent words in a document. Assigns 

a probability to each feature in each class 

(Pajila et al., 2023). 

D. Hybrid Naive Bayes: Hybrid Naive 

Bayes improve categorization with other 

machine learning methods. Trait 

selection with decision trees or support 

vector machines, ensemble, or 

hybridization can be utilized (Pajila et 

al., 2023). The algorithm of Naive Bayes 

as a classification is given in Figure 1. 

 

 
Figure 1: Naive Bayes algorithm (Widyawati et al., 2023). 

 

Support vector machines 

Support Vector Machines (SVM) is one of 

the machine learning algorithms developed 

by Vapnik and other researchers (Vapnik, 

1995, Cortes and Vapnik, 1995, Vapnik et 

al., 1997). Developed to interpret sensor 

data, SVM contains a two-layer structure. 

SVM is used to best separate two data 

classes. For this purpose, decision 

boundaries or hyperplanes are determined. 

Developed to interpret sensor data, SVM 

contains a two-layer structure. SVM is used 

to best separate two data classes. For this 
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purpose, decision boundaries or 

hyperplanes are determined.  

Classification is performed with the 

most appropriate decision boundary or 

hyperplane determined (Demirci, 2019). 

The ability to obtain the optimal separation 

line even in high-dimensional spaces is 

among the reasons why SVM is preferred. 

The use of kernel functions provides 

effective classification for data sets that 

cannot be separated linearly (Singh et al., 

2009).  

The mathematical model used in the SVM 

algorithm is given below in (Eq.4) by 

(Cortes and Vapnik, 1995):  

  𝑓(𝑥)  =  𝑠𝑖𝑔𝑛(∑  𝛼𝑖𝑦𝑖𝐾(𝑥𝑖, 𝑥)𝑛
𝑖=1 + 𝑏)       

(4) 

Where, 𝛼𝑖𝑦𝑖: Lagrange multipliers, 𝑦𝑖: 

Class labels, 𝐾(𝑥𝑖, 𝑥): Kernel function 

(e.g., linear, polynomial, RBF), and 𝑏: Bias 

term. 

The graphical representation of support 

vector machines is given in Figure 2. In 

Figure 2, the two groups are not linearly 

separated in the left diagram. In the right 

diagram, the sharp line in the middle 

represents the hyperplane (OSH) learned by 

SVM and plays a critical role in the 

classification of the data. The data points 

closest to the decision boundary are 

determined as support vectors and these 

points form the margin boundaries. 

 

 

 
Figure 2: Support Vector algorithm (Hua and Sun, 2001). 

 

Deep learning 

Deep Learning (DL) is a technique that can 

automatically extract features from data 

using multilayer artificial neural networks. 

The basis of DL algorithms was first put 

forward in the article published by Geoffrey 

Hinton and Ruslan Salakhutdinas in 2006 

(Hinton et al., 2016), and various DL 

learning algorithms emerged in the 

following years (Goodfellow et al., 2016). 

In DL, which uses multiple layers of 

nonlinear processing units, each successive 

layer takes the output of the previous layer 

as input (Deng and Yu, 2014). Algorithms 

are in the form of supervised (such as 

classification) or unsupervised (such as 

pattern analysis) deep learning (Şeker et al., 

2017). 

Classification can be done on large data sets 

with DL. Learning processes performed on 

such data sets exhibit superior performance 

in solving complex problems such as 
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image, audio and natural language 

processing. The hierarchical structure 

between the layers increases the learning 

capacity of the model by providing the 

creation of abstract representations of the 

data. DL algorithms are based on an 

artificial neural network architecture 

consisting of multiple hidden layers.  In 

DL, the first two layers represent the input 

layer, and the last layer represents the 

classification layer. The operations in the 

intermediate layer between the input layer 

and the last layer include convolution, 

maxpooling, dropout, normalization, Relu, 

Softmaxlayer, and Fullconnectedlayer 

layers (Schmidhuber, 2015; Guo et al., 

2016). 

The basis of DL, which is a multilayer 

version of artificial neural networks, is 

feedforward neural networks and 

backpropagation algorithm. The equations 

of the functions used are given below 

equations (Goodfellow et al., 2016): 

Aktivation Function (e.g. ReLU): 

𝑓(𝑥) =  𝑚𝑎𝑥(0, 𝑥)       (5) 

Loss Function (e.g. Cross-Entropy): 

𝐿(𝑦, �̂�) =  − ∑ 𝑦𝑖𝑙𝑜𝑔(�̂�𝑖)
𝑛
𝑖=1      (6) 

 

 Backpropagation: 

 
𝜕𝐿

𝜕𝑤
=

𝜕𝐿

𝜕�̂�

𝜕�̂�

𝜕𝑤
                (7) 

 

The graphical representation of Deep 

Learning is given in Figure 3. According to 

Figure 3, while only a single hidden layer is 

processed with traditional neural networks 

(Figure 3, left side), with deep learning, the 

input data is passed through multiple 

hidden layers in its structure (Figure 3, right 

side). This structure is based on the 

principle of processing data through 

feedforward between layers (Xing and Du, 

2018).  

 

 

 

Figure 3: Deep Learning algorithm (Xing and Du, 2018). 

 

The input data x in Figure 3 is taken from 

the first layer and the following 

transformation is applied to each hidden 

layer:                

𝑎𝑙 = 𝑓(𝑊𝑙𝑎(𝑙−1) + 𝑏(𝑙)), l=1, 2,….,L       (8) 

Where, a(0) = x, W(l) is a weight matrix, b(l) 

is a bias vector and f(.) is an activation 

function. 

In the last layer, the output layer y is 

obtained as follows: 

𝑦 = 𝑔(𝑊(𝐿+1)𝑎(𝐿) + 𝑏(𝐿+1))        (9) 

Wherer, g(.) is the appropriate activation 

function, which is usually chosen according 

to the task type. 
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Machine learning 

ML is a branch of AI that allows computers 

to automatically learn from data. While 

rules are determined by humans to solve 

problems in traditional programming, these 

rules are automatically derived from data in 

machine learning (Mitchell, 1997). In this 

way, computers can solve complex 

problems, make predictions, and make 

decisions. Machine learning is widely used 

in many areas such as healthcare, finance, 

e-commerce, autonomous vehicles, and 

natural language processing. Machine 

learning is divided into three main 

categories: supervised learning, 

unsupervised learning, and reinforcement 

learning.   

 

Supervised learning 

Supervised learning works on labeled data 

sets. In this method, the correct output 

(label) for each data point is known. The 

model learns from this labeled data and 

makes predictions for new data. Supervised 

learning is used in two types of problems: 

classification and regression. In 

classification problems, the model divides 

the input data into predefined categories. In 

regression problems, the model predicts a 

continuous output value (Hastie et al., 

2009). 

 

Unsupervised learning 

Unsupervised learning works on unlabeled 

data sets. In this method, the model tries to 

discover the structure or patterns in the 

data. Unsupervised learning is mainly used 

in problems such as clustering and 

dimensionality reduction. Clustering is 

used to group data points with similar 

properties. Dimensionality reduction is 

used to visualize or facilitate the processing 

of data by reducing high-dimensional data 

to a lower-dimensional space (Bishop, 

2006). 

 

Reinforcement learning 

Reinforcement learning uses reward and 

punishment mechanisms to learn the best 

behavior in an environment. In this method, 

the model learns what to do in a certain 

situation by trying. Reinforcement learning 

is especially used in areas such as gaming 

and robot control (Sutton and Barto, 2018). 

Machine learning processes usually 

consist of a series of steps. The first step is 

to collect data. After the data is collected, 

the data preprocessing step is started. In this 

step, missing data is filled, categorical data 

is digitized, and the data is normalized. 

Then, an appropriate machine learning 

algorithm is selected according to the type 

of problem. Many algorithms can be used at 

this stage. For example, if a linear 

regression is selected, the following model 

is used: 

𝑦 =  𝛽0 + 𝛽1𝑥1 +  𝛽2𝑥2 +  … +  𝛽𝑛𝑥𝑛 +

 ɛ     (10) 

y: Predicted value, 𝛽0: Bias term, 𝛽1,

𝛽2, + … +  𝛽𝑛: Weights, and ɛ: Error term. 

After selecting the model, the model is 

trained using the dataset. During training, 

the model learns patterns in the data. After 

the model is trained, its performance is 

evaluated on the test data. This evaluation 

is done using metrics such as accuracy, 

precision, recall, and F1-score. If the 

performance of the model is not sufficient, 

the model is improved using methods such 

as hyperparameter optimization and model 

tuning. Finally, the trained model is used 

to solve real-world problems. 
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Artificial neural networks  

Artificial neural networks (ANNs) are a 

model inspired by the working principle of 

the human brain and form the basis of 

machine learning and deep learning. This 

model consists of interconnected artificial 

neurons and is effective in solving 

complex, non-linear problems (Haykin, 

1999). Artificial neural networks generally 

consist of three main layers: input layer, 

hidden layers, and output layer. Each 

neuron produces output by processing its 

inputs with a weighted sum and an 

activation function as given below. 

𝑦 =  𝑓(∑ 𝑤𝑖𝑥𝑖 + 𝑏𝑛
𝑖=1 )          (11) 

where, 𝑤𝑖: Weights, 𝑥𝑖: İnputs, 𝑏: Bias 

term, f: Activation function (e.g. sigmoid, 

ReLU). 

Artificial neural networks are trained with 

the backpropagation algorithm. This 

process updates the weights to minimize the 

errors of the model. The following steps are 

followed. 

1. Forward Propagation: Input data is 

transmitted through the network and 

output is produced. 

2. Error Calculation: The error between the 

true value and the prediction is 

calculated with the loss function (e.g. 

MSE). 

3. Backpropagation: The error is 

propagated back through the network 

and the weights are updated 

(Goodfellow et al., 2016) (Fig. 4). 

 

 
                                           Figure 4: The ANN model used in food systems. 

 

Fuzzy logic 

Fuzzy logic is a mathematical model used 

to process uncertain or ambiguous 

information. Unlike classical binary logic 

(true/false, 1/0), fuzzy logic also accepts 

intermediate values. In this way, it becomes 

possible to model uncertainties and 

vagueness in the real world. Fuzzy logic is 

widely used especially in control systems, 

decision-making, and artificial intelligence 

applications (Zadeh, 1965). The basis of 

fuzzy logic is fuzzy sets. In classical sets, 

an element either belongs to the set or does 

not. However, in fuzzy sets, an element can 

belong to the set to a certain degree. This 

degree is expressed by the membership 

membership function. For example, the 

degree to which a person is "tall" can take a 
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value between 0 and 1. Membership 

functions can usually be Gaussian, 

triangular or trapezoidal. Fuzzy logic is 

used to model uncertain situations. It is 

based on membership functions and rules. 

For example, the Gaussian membership 

function is expressed as follows: 

𝜇(𝑥) =  𝑒
−

(𝑥−𝑐)2

2𝜎2        (12) 

c: Center, σ: Represents standard deviation 

(Ross, 2010). 

Fuzzy logic systems work using fuzzy 

rules. These rules are expressed as "If ... 

then ..." For example, "If the temperature is 

high, the fan speed increases." These rules 

are used in the fuzzy inference process. 

Fuzzy inference produces output by 

processing input values according to fuzzy 

rules. Then, these fuzzy outputs are 

converted to a precise value by 

defuzzification. For example, the average 

center of gravity (centroid) method is a 

frequently used method for defuzzification. 

Fuzzy logic is successfully applied in many 

areas. It is widely used especially in control 

systems (air conditioning control, 

automatic transmission systems), decision-

making processes (medical diagnosis, 

financial analysis), and artificial 

intelligence applications (fuzzy expert 

systems, fuzzy neural networks). Fuzzy 

logic offers a flexible framework for 

modeling uncertainties and fuzziness and 

with this feature, produces effective 

solutions to real-world problems. 

 

Random forests 

Random forests are an ensemble method 

used to solve classification and regression 

problems in machine learning. This method 

creates multiple decision trees and 

combines the predictions of these trees to 

obtain more accurate and stable results. 

Random forests are especially effective in 

high-dimensional data sets and complex 

problems. The basis of random forests is the 

bagging (bootstrap aggregating) method. 

Bagging creates multiple models by taking 

random samples from the data set and 

combining the predictions of these models. 

Random forests apply the bagging method 

to decision trees. Each decision tree is 

trained using randomly selected samples 

and features from the data set. In this way, 

each tree learns from a different perspective 

and the generalization ability of the model 

increases (Breiman, 2001). 

In the training process of random forests, 

splitting criteria such as the Gini index or 

entropy are used for each decision tree. The 

Gini index measures impurity at a node and 

guides tree-splitting decisions.  

The Gini index is calculated as follows: 

𝐺𝑖𝑛𝑖 =  1 −  ∑ 𝑝𝑖
2𝑛

{𝑖=1}         (13) 

𝑝𝑖
2: Proportion of class i. 

Where, pi represents the proportion of a 

class in a node. The lower the Gini index, 

the purer (homogeneous) the node is 

(Hastie et al., 2009). One of the most 

important advantages of random forests is 

that they prevent overfitting. By combining 

the predictions of multiple decision trees, 

the generalization ability of the model 

increases and the risk of overfitting on the 

training data is reduced. In addition, 

random forests are robust against missing 

data and outliers (Breiman, 2001). 

Random forests are successfully applied in 

many areas. They are widely used in areas 

such as bioinformatics, finance, image 

processing, and medical diagnosis. For 
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example, random forests are preferred to 

analyze patient data for cancer diagnosis or 

to make risk assessments in financial 

markets. This method offers high accuracy 

rates in both classification and regression 

problems (Hastie et al., 2009). Random 

forests are a powerful ensemble method 

that combines the predictions of multiple 

decision trees. Thanks to the bagging 

method and random feature selection, it 

exhibits effective performance on high-

dimensional datasets and complex 

problems. Preventing over-learning and 

being robust to missing data have made 

random forests popular in many application 

areas. Consequently, Table 1 explains the 

AI algorithms for quality and safety in 

agriculture, fisheries, and aquaculture. 

 

 

 

Table 1: AI Algorithms for Quality and Safety in Agriculture, Fisheries, and Aquaculture. 

Algorithm 
Mathematical Principle / Key 

Formula 
Application areas 

Accuracy 

(%) 
Advantages References 

Naive 

Bayes 

(NB) 

Bayes’ Theorem: 

𝑃(𝐶\𝑋) =
𝑃(𝑋\𝐶)𝑃(𝐶)

𝑃(𝑋)
 

Classification Rule: 

�̂� =  𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝑃(𝐶) ∏ 𝑃(𝑥𝑖|𝐶)

𝑛

𝑖=1

 

Foodborne pathogen 

prediction; food quality 
classification (e.g., milk, 

grain) 

84–89% 

Fast, efficient on 
small datasets; 

handles high-

dimensional 
inputs well 

Pajila et al., 

2023; Kılınç et 

al., 2024a 

Support 
Vector 

Machines 

(SVM) 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛 (∑  𝛼𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥)

𝑛

𝑖=1

+ 𝑏) 

 

 

Fish species 
classification; food safety 

prediction; microbial 

detection 

88–92% 

Excellent for 

non-linear, high-
dimensional 

problems; 

effective with 
kernel tricks 

Cortes and 
Vapnik, 1995; 

Medina et al., 

2023 

Deep 

Learning 
(DL) 

Activation Function: 𝑓(𝑥) =
 𝑚𝑎𝑥(0, 𝑥)  Loss: 𝐿(𝑦, �̂�) =

 − ∑ 𝑦𝑖𝑙𝑜𝑔(�̂�𝑖)𝑛
𝑖=1  

Backpropagation:    
𝜕𝐿

𝜕𝑤
=

𝜕𝐿

𝜕�̂�

𝜕�̂�

𝜕𝑤
 

Fish freshness detection, 

microplastic analysis, 
aquaculture monitoring 

96–100% 

High accuracy; 

automatic 
feature 

extraction; ideal 

for image/audio 
data 

Xing and Du, 

2018; Kılınç et 
al., 2023a 

Machine 
Learning 

(ML) 

𝑦 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + …
+ 𝛽𝑛𝑥𝑛 +  ɛ 

Yield prediction, risk 
assessment, fish 

mortality forecasting 

85–95% 

Versatile; 

applicable to 
classification 

and regression; 

scalable 

Mitchell, 
1997; Kılınç et 

al., 2022a 

Artificial 

Neural 
Networks 

(ANN) 

𝑦 =  𝑓 (∑ 𝑤𝑖𝑥𝑖 + 𝑏

𝑛

𝑖=1

) 
Aquaculture automation; 

spoilage prediction; fish 

disease monitoring 

91–99% 

Models 

complex, non-

linear 
relationships; 

adaptive 

learning 

Haykin, 1999; 

Goodfellow et 

al., 2016 

Fuzzy 

Logic 

Gaussian Membership Function: 

𝜇(𝑥) =  𝑒
−

(𝑥−𝑐)2

2𝜎2  

pH/temperature control 

in aquaculture; fruit 
ripeness grading 

87–95% 

Handles 

uncertainty; 

ideal for vague 
or fuzzy 

environments 

Zadeh, 1965; 

Ross, 2010 

Random 

Forests 
(RF) 

Gini Index: 𝐺𝑖𝑛𝑖 =  1 −  ∑ 𝑝𝑖
2𝑛

{𝑖=1}  

Microalgae/seaweed 
classification; food fraud 

detection; aquaculture 

optimization 

93–97% 

Robust to 
missing data; 

prevents 

overfitting; 
suitable for 

complex 

datasets 

Breiman, 

2001; Kılınç et 
al., 2023b 

Artificial intelligence in industrial usage 

In contemporary society, the application of 

AI for automatic food recognition offers an 

important potential for nutrition monitoring 

in food production and consumption 

scenarios, reducing food waste and 

increasing productivity. The latest 

technologies such as Computer Vision and 
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Deep Learning are extremely useful, 

allowing machines to learn automatically, 

thereby facilitating automatic visual 

recognition. Despite some research in this 

area, the challenge of achieving accurate 

automatic food recognition quickly remains 

a significant research gap. Some models 

have been developed and implemented, but 

quickly maintaining high performance with 

low computational cost and low access to 

expensive hardware accelerators is an area 

that still needs further research and 

improvement (Rokhva et al., 2024). AI can 

make the best use of the existing 

agricultural and food supply chain system 

to overcome the challenges of nutritional 

demand, resource depletion, population 

growth, climate change, and pollution 

(Sharma et al., 2022). In recent years, (AI)-

driven machine learning methods have 

shown excellent performance in the 

analysis of microplastics (MPs) in soil and 

water (Hu et al., 2024).  

 

 Aquaculture, fisheries, and agriculture 

The aquaculture and fishing sectors are 

finding ingenious ways to grow and meet 

the growing human demand for nutrient-

rich fish and seafood by efficiently using 

the vast water resources and biodiversity of 

the world's aquatic life. This includes the 

gradual integration of information 

technology, data science, and AI with 

fishing and fish farming methods to ensure 

the intensification of aquaculture 

production, the sustainable use of natural 

fishing resources, and the mechanization-

automation of allied activities. Special data 

mining and machine learning systems are 

being developed to process complex data 

sets and perform intelligent tasks such as 

analyzing cause-and-effect relationships, 

predicting problems, and providing 

intelligent precision solutions for farming 

and catching fish (Gladju et al., 2022). AI 

is a family of systems that allows 

computers to simulate human behavior, 

such as learning from experience and 

recognizing visual patterns. This primer 

explains how AI has been used to track and 

monitor fishing vessels from space, shore, 

and seabed, and then applied to process this 

information to achieve fisheries 

management goals such as combating 

illegal fishing. The exponential rise of AI in 

fishing applications over the past decade 

has been showing no signs of slowing 

down. As the authors have considered how 

tomorrow's AI could improve the 

sustainability and transparency of fisheries, 

they also have emphasized the constant 

need for human oversight in an increasingly 

automated future (Welch et al., 2024). 

Despite this, electronic monitoring (EM) 

has increasingly been used to monitor catch 

and catch in wild catch fisheries. EM video 

data has still been manually reviewed and 

added to ongoing management costs. 

Computer vision, machine learning, and 

AI-based systems have been reported to be 

the next step in automating EM data 

workflows (Khokher et al., 2021). AI-based 

advanced tool deep learning (DL) aids in 

fish classification, identification, microbial 

infectious disease detection, behavior 

analysis, size or biomass estimation, and 

water quality estimation and has been 

extensively studied in smart fish farming 

with results of higher accuracy than 

traditional approaches. For this purpose, 

information has been provided on the use of 

advanced AI techniques in the aquaculture 
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industry, focusing on identifying fish 

diseases affecting fish and their 

characteristics, microbial pathogen 

detection, and diagnosis (Choudhary et al., 

2025). One study provided a new multi-

purpose optimization approach by 

integrating the Experimental Design (DOE) 

method with the Adaptive Artificial 

Multiple Intelligence System (AAMIS) to 

optimize aquaculture parameters. The 

Taguchi DOE method efficiently designed 

experiments by selecting the basic variables 

and their levels. Multipurpose regression 

models developed using statistical software 

and fine-tuned by AAMIS, balance 

maximizing efficiency by minimizing costs 

(Sriprateep et al., 2025). Similarly, the 

other article focused on designing a Digital 

twin infrastructure that supported the agile-

based AI Internet of Things (IoT) system 

for smart fish farming in aquaculture. Their 

infrastructure included the IoT, cloud 

technology, and AI as building blocks. 

Each digital twin service was equipped with 

multiple AI services (or digital twin 

objects) that could perform complex and 

other functions, such as optimizations, 

forecasts, and analysis for intelligent 

decision-making to optimize farm profits 

and production (Ubina et al., 2023). 

 AI tools such as machine learning, 

cameras, algorithms, and the internet of 

things (IoT) provide solutions for reducing 

human intervention, increasing 

productivity and monitoring fish health, 

feed optimization, and water resource 

management. However, challenges such as 

data collection, standardization, model 

accuracy, interpretability and integration 

with existing aquaculture systems remain 

(Rather et al., 2024). Recent advances in 

biotechnological processes are also 

increasingly relying on machine learning 

(ML) to improve efficiency in optimizing 

microalgae cultivation, especially by using 

food waste as an alternative culture 

medium. For example, the correlation 

between ML model predictions and the dry 

cell weight of this microalgae was analyzed 

(Ramandani et al., 2025). The aim of 

another study was to classify different types 

of microalgae using machine learning (ML) 

and deep learning (DL) methods. Overall, 

the Azure custom vision model performed 

the best with the highest accuracy of 

97.67% and 97.86% at the probability 

threshold of 50% and 80%, respectively. 

This study aimed to connect AI 

technologies to microalgae based on rapid 

and sensitive microalgae classification, as 

well as understanding the shape, texture, 

and convolution properties that could 

accelerate the development of real-time 

monitoring (Chong et al., 2024). In another 

study, in particular, YOLOv8 and YOLOv5 

have been used as basic transfer learning 

models. By uploading various pre-trained 

weight files, this study was able to 

automatically classify Porphyra 

haitanensis into four categories according 

to the harvest period and simultaneously 

detect four types of common impurities in 

it. Among the tested models, YOLOv8n-cls 

achieved the best balance in classifying the 

harvest period with the highest accuracy of 

93.5%. This represented a significant 

improvement of 16% compared to 

performance without transfer learning (Gao 

et al., 2024).  

The non-stop evolution of analytical 

instrumentation determines an exponential 

increase in data production, which 
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increases the new cutting-edge analytical 

challenges that require the gradual 

integration of AI algorithms into 

instrumental data processing software. 

Machine learning, deep learning, and 

computer vision are the most common 

techniques adopted to take advantage of the 

information potential of advanced 

analytical chemistry measures (Caratti et 

al., 2024). Biochemical detection plays a 

vital role in life and natural sciences 

research. However, with the increasing 

environmental complexity and sample 

quantity, traditional sensors cannot meet 

the need for accurate and efficient analysis 

of a large amount of data. The emergence 

of AI provides a new strategy for 

overcoming the challenges in biochemical 

sensing, especially in the field of molecular 

diagnostics and imaging analysis (Li et al., 

2024). The development of artificial 

intelligence to model wastewater heavy 

metal detection and removal has also been 

studied (Bhagat et al., 2020).  

The application of AI in the entire food 

production ecosystem from crop 

production, food waste management, 

animal husbandry, harvest/slaughter, post-

harvest management, food processing, food 

distribution, and food consumption has 

been evaluated (Kutyauripo et al., 2023). 

Food biochemistry, which is the study of 

chemical processes and compounds 

occurring in foods, plays a very important 

role in determining the safety, quality, and 

nutritional value of foods. With the 

growing interest in food safety and 

personalized nutrition, the integration of 

computer science, especially ML and AI 

into food biochemistry has been gaining 

momentum (Amore and Philip, 2023).  For 

example, AI has been making rapid 

progress over the past few years and is 

becoming an important tool for addressing 

the impacts and challenges of an aging 

population. Therefore, one research 

introduced population aging and AI into 

agricultural production by focusing on the 

effects of population aging on food security 

and the function played by AI in it (Lee et 

al., 2024).  

 

Monitoring special characteristics of food 

products according to the processing 

conditions 

The fourth industrial revolution (Industry 

4.0) is leading to significant changes in 

many sectors, including the food industry. 

This study examines, among others, how 

Industry 4.0 technologies such as artificial 

intelligence, robotics, blockchain, and 

smart sensors are transforming unit 

operations in the food sector. These 

processes, which include preparation, 

processing/ conversion, 

preservation/stabilization packaging and 

transportation, are very important for the 

transformation of raw materials into high-

quality food products. Industry 4.0 

technologies combine advanced digital, 

physical, and biological innovations to 

increase precision, productivity, and 

environmental responsibility in food 

production (Hassoun et al., 2024). With the 

advancement of global intelligence and the 

increasing awareness of sustainable 

development, artificial intelligence 

technology is increasingly being applied to 

the food industry (Zhao et al., 2025). The 

processed food industry is primarily 

concerned with processing techniques, food 

quality, and nutrient content, as customers 
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expect consistent food products in terms of 

flavor, texture, sensory characteristics, and 

shelf life. Due to the increasing need for 

food and the growing global population, AI 

has become a modern technology in the 

food industry over the past few decades. 

The demand for AI-based technology in the 

processed food industry is based on 

forecasting, food classification, control 

tools, food quality assessment, etc. (Jadhav 

et al., 2025). For example, porosity is a 

related property of dried products and 

depends on various parameters such as food 

material properties, drying technologies, 

and process conditions. The multifaceted 

interactions between these parameters 

make the mathematical modeling of 

porosity a difficult task. In recent years, 

Artificial Intelligence (AI) tools are 

effective in identifying complex and 

nonlinear problems in many fields. The 

developed models can be used as quick and 

simple tools for estimating the porosity of 

anhydrous products and therefore help to 

design and optimize drying processes 

(Thibault et al., 2024). Furthermore, AI 

improves food biotechnology by supporting 

food enzyme engineering, microbial 

metabolic engineering, food safety, and 

food microbiology in general. The use of AI 

tools in the food industry ranges from food 

processing to food quality and safety, 

including all aspects of the production of 

foodstuffs (Amore and Philip, 2023). 

Additionally, AI improves the efficiency of 

collagen extraction by optimizing 

parameters such as enzyme concentrations, 

temperature, and pH, leading to higher 

yield and better quality (Srinivasan et al., 

2025). Ultimately, AI technologies, 

including machine learning and data 

analytics, are revolutionizing areas such as 

food microbiology, biotechnology, quality 

assessment, and safety monitoring. AI 

improves, improves microbial risk 

assessments by leveraging large datasets 

efficiency and facilitation of fermentation 

processes predictive modeling for food 

quality and shelf life. However, the 

integration of AI into these areas is not 

without obstacles. Challenges include data 

privacy concerns, the need for 

standardization in AI methodologies, and 

the need for interdisciplinary collaboration 

between food scientists and data scientists. 

In addition, the accessibility of AI tools for 

smaller food businesses remains a 

significant obstacle (Almoselhy and 

Usmani, 2024). Despite this obstacle, the 

prepared food sector has grown rapidly in 

recent years due to the fast pace of modern 

life and the increasing consumer demand 

for convenience. Prepared foods are 

playing an increasingly important role in 

the modern catering industry due to their 

ease of storage, transportation, and 

operation. However, their processing faces 

various challenges, such as labor shortages, 

inefficient sorting, inadequate cleaning, 

unsafe cutting operations, and lack of 

industry standards. The development of 

artificial intelligence (AI) will change the 

processing of prepared foods (Huang et al., 

2025). 

 

 Predictive microbiology and monitoring of 

harmful microorganisms  

The integration of AI into microbiology has 

transformative potential to advance our 

understanding and treatment of microbial 

systems (Mohseni and Ghorbani, 2024). 

Unsafe foods containing harmful bacteria, 
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viruses, parasites, or chemicals can cause 

more than 200 different diseases, from 

diarrhea to cancer. Worldwide, an 

estimated 600 million (about 1 in 10 

people) get sick every year after eating 

contaminated food, resulting in 420,000 

deaths and the loss of 33 million years of 

healthy life. Therefore, it is necessary to 

identify and respond to public health threats 

associated with unsafe foods with enabling 

technologies or tools (Medina et al., 2023). 

AI has emerged as a powerful new tool in 

the diagnosis and treatment of bacterial 

infections. Artificial intelligence is rapidly 

revolutionizing the epidemiological study 

of infectious diseases, enabling effective 

early warning, prevention, and control of 

epidemics. Machine learning models 

provide a highly flexible way to simulate 

and predict the complex mechanisms of 

pathogen-host interactions, which is crucial 

for comprehensively understanding the 

nature of diseases (Zhang et al., 2024). 

Some publications in this field have 

demonstrated the role of metabolomic 

biomarkers, fingerprints, and profiles in the 

identification and early detection of 

microbial risks. The workflow for 

screening and verification of biomarkers of 

pathogenic microorganisms in food 

matrices is currently underway. The 

integration of AI and metabolomic 

profiling points to high potential in real-

time monitoring and identification of 

microbial hazards at various stages of food 

production, transportation, and 

consumption (Feng et al., 2024). Predictive 

microbiology is related to the prevention, 

control, or limiting of the presence of 

microorganisms by mapping their potential 

response to certain environmental 

conditions such as temperature, pH, 

nutrients (protein and fat), water activity 

(aw), and others. Machine learning, as a 

branch of artificial intelligence, learns from 

this data by determining patterns of 

decision-making (Medina et al., 2023). For 

example, the presence of Vibrio 

parahaemolyticus (Vp) at different stages 

of the production of seafood has had 

negative effects on both public health and 

the sustainability of the industry. Powerful 

data mining tools in the field of machine 

learning and artificial intelligence, which 

can make better use of omics data and solve 

complex problems in the processing, 

analysis, and interpretation of omics data, 

can further improve our mechanical 

understanding of VP (Liu et al., 2024).  

There are also numerous reports on the 

effect of co-culturing lactic acid bacteria 

(LAB) and yeast on the quality of 

fermented foods. The interactions between 

the LAB and yeast affect the flavor, texture, 

and even the safety of fermented foods. 

Many types of research have been 

supported by the analysis of the interaction 

between lactic acid bacteria and yeast. 

Bioinformatics tools have deciphered the 

metabolic connections between various 

species. So, AI or ML-based approaches 

have been used and are also more accurate 

in predicting strain properties (Yuan et al., 

2025). Antibiotic-resistant bacteria pose 

significant risks to global health, especially 

through transmission in the food chain. For 

this reason, the authors developed an AI-

driven quantification of antibiotic-resistant 

bacteria in food using a color-coded 

multiplex hydrogel digital loop-mediated 

isothermal amplification (LAMP) system. 

After amplification, red, green, and blue, 
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fluorescent dots appeared on the hydrogels, 

which were automatically identified and 

quantified using a deep-learning model. 

Carbapenem-resistant Escherichia and 

methicillin-resistant Staphylococcus 

aureus were also successfully detected in 

real fruit and vegetable samples (Yang et 

al., 2025). The application of AI has 

continued to show promise in microbiome 

data analysis and may offer more 

opportunities for downstream analytical 

automation to help food safety and quality 

(Beck et al., 2025). However, predictive 

microbiology presents some challenges that 

have yet to be overcome. The first 

challenge involves the complexity of cell 

physiology; very little is known about how 

it responds to various external biochemical 

and environmental conditions. Secondly, its 

characteristics of high biological variability 

should be considered. Moreover, the 

accuracy of the data in deposition 

techniques is poor, largely because direct 

plate counting- the standard numbering 

method -provides a very low degree of 

accuracy (Martinez et al., 2005).  

 

 The freshness, processing, and quality of 

fish and marine products  

In one study, convolutional Neural 

Network (CNN), Dense Network 121, 

Inception V3, and ResNet 50 machine 

learning algorithms were used to determine 

the quality changes in bream stored under 

refrigerator conditions using eye and gill 

images. Sea bream was divided into 3 

different freshness categories fresh, 

medium, and spoiled, and analyzed with 

machine learning algorithms. According to 

the confusion matrix values, it was 

calculated that the prediction performance 

of the model in the eye parameter was 

100% and the lowest value in the spoiled 

class was 98.42%. The study concluded that 

CNN and DenseNet 121, developed in 

conjunction with Grad-CAM and LIME, 

were indicated as a non-destructive method 

that could be used to determine the 

freshness of sea bream under refrigerator 

conditions (Genç et al., 2025). To ensure 

non-destructive and rapid detection of 

oyster freshness, a smart method using deep 

learning fused with knowledge of 

malondialdehyde (MDA) and total 

sulfhydryl groups (SH) was proposed. In 

addition, the interpretability of the two 

models for the image of oyster meat was 

also investigated using feature visualization 

and the most powerful activation 

techniques. Therefore, this study brought 

new thoughts on oyster freshness prediction 

in terms of computer vision and AI (Lu et 

al., 2023). The results of another study 

showed that the dataset was effective in 

successfully determining the freshness of 

the fish. The results were impressive as a 

total of 4476 images of fresh and stale fish 

were used in the proposed model. Various 

machine learning models (k-NN, SVM, LR, 

RF, and ANN) were used for each of the 

algorithms (SqueezeNet and InceptionV3). 

In short, the data set extracted its 

characteristics separately with the specified 

deep learning, and the results were 

individually trained by machine learning. 

Machine learning models achieved high 

accuracy rates ranging from 99.6% to 100% 

to assess the freshness of fish using 

SqueezeNet and Inception V3 feature 

extraction. The results showed the 

effectiveness of the approach in objectively 

determining fish freshness (Yasin et al., 
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2023). The freshness classification method 

of the yellow croaker (Larimichthys 

crocea) was developed based on the 

computer vision technique and a 

convolutional neural network (CNN). A 

modified Res NeXt architecture was 

implemented to automatically extract 

features and create a freshness 

classification model. The CNN model was 

able to identify imperceptible visual 

changes and achieved classification 

accuracy of 72.0% and 84.0% at 12 and 24-

hour intervals, respectively. In summary, 

this method was reported to be cost-

effective, non-destructive, and real-time 

evaluation of environmentally friendly fish 

freshness, especially in the early stages of 

storage (Zheng et al., 2025). In another 

study, to provide high-quality data for ML 

applications for the identification and 

classification of different varieties of dried 

fish, the dataset contained a variety of 

images for each category individually and 

collectively. The dataset used standardized 

lighting, background, and object exposure 

for optimal ML performance. This rich 

dataset empowered researchers and data 

scientists to leverage ML for various 

applications in the Indian dried fish 

industry. In general, the Dried Fish Dataset 

for Indian Seafood aimed to take advantage 

of ML to improve the standardization, 

quality control, safety, and efficiency of the 

Indian dried fish industry (Paygude et al., 

2024).  

 

Food quality and safety 

AI and other such advanced technologies 

have penetrated many aspects of the food 

chain over the years, covering both farm-to-

fork or ocean-to-fork production as well as 

food quality and safety testing and 

forecasting (Karanth et al., 2023). Although 

the number of AI-related studies has been 

increasing, the number of publications 

related to AI and sensory studies has been 

reported to be low. AI is becoming vital for 

sensory and consumer science thanks to its 

ability to efficiently explore and correlate 

data from instrumental and human testing 

to produce solutions that benefit the food 

industry, especially consumers (Nunes et 

al., 2023).  Furthermore, AI applications 

have increasingly been adopted in food 

supply chains (Manning et al., 2022).  

These techniques have evolved into 

practical, fast, and effective tools along 

with detection devices for quality 

assessment, especially in the detection of 

falsifications and deficiencies in the food 

industry (Othman et al., 2023). For 

example, these developments significantly 

have increased seed testing and contributed 

to improving global food security (Singh et 

al., 2025). AI, which is used with different 

data sources, is becoming a technology that 

can provide fast solutions in determining 

food quality and safety. The available data 

sources used for AI are defined as, for 

example, computer/machine vision, 

spectroscopy, i.e. NIR, and temperature. 

Different AI approaches can be applied to 

some food safety applications more than 

others. Different machines and deep 

learning algorithms with supporting food 

samples are discussed and how they 

potentially affect future food quality and 

safety (FQS) considerations (O’Shea et al., 

2024). FQS are important aspects of 

everyone's life and health. With the rapidly 

advancing field of analytical sciences, there 

is an increasing demand for intuitive, 
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accurate, and fast control of FQS. In recent 

years, AI has emerged as a major 

opportunity for the identification of FQS 

indicators, providing unique opportunities 

for extracting information from complex or 

large datasets and making decisions in areas 

such as chromatography, mass 

spectrometry, and spectroscopy (Yi et al., 

2024). In one study, ochratoxin A (OTA), 

which is prone to contaminating food 

products, poses a significant threat to 

human health. To accurately detect OTA 

contamination (COTA) in foods and 

provide timely early warnings, a new four-

mode nano biosensor detection system 

based on mixes has been developed. The 

method developed in this study had certain 

advantages in that it could achieve level 

four modal OTA detection with lower 

detection limits, and the detection results of 

the four modalities could be mutually 

verified, thereby increasing the accuracy. It 

also provided new insights for designing 

advanced biosensors in future applications 

and opened new ideas for remote intelligent 

hazard factor detection in the food industry 

(Liu et al., 2025). In another study, Atlantic 

salmon was reported to be an important 

aquaculture product. The problem of 

mixture residue in salmon could affect food 

safety and quality problems. Traditional 

methods of residue detection required the 

use of large or specialized instruments, so 

the remains needed to be detected quickly, 

cost-effectively, and in real-time. To solve 

this problem, the authors proposed a new 

strategy that performed well both 

quantitatively and qualitatively YOLOv5n-

se, whereas YOLOv5n, YOLOv5s, 

YOLOv5m, YOLOv5l, YOLOv8n, and 

Faster RCNN were trained as comparison 

algorithms (Feng et al., 2023).  Indeed, 

maintaining food safety standards is very 

important to protect public health and the 

economic integrity of the food industry. AI 

is a groundbreaking tool with great 

potential in the field of food safety. The 

integration of AI technologies into food 

safety applications not only improves 

traditional risk management methods but 

also encourages a more proactive approach 

to identifying and mitigating potential 

hazards. By leveraging AI capabilities, the 

food industry can significantly improve 

safety outcomes, reduce operational 

inefficiencies, and increase consumer 

confidence (Yu et al., 2025). For example, 

smart packaging technologies are crucial in 

reducing food fraud through anti-tamper 

measures and traceability. However, 

independent smart packaging technologies 

alone cannot create comprehensive 

traceability within the food chain.  The 

integration of blockchain and AI 

technologies can improve traceability and 

combat food fraud. Blockchain increases 

transparency, while AI enables the sensitive 

analysis of comprehensive datasets (Yang 

et al., 2024). Another example can be given 

for microplastic contamination in food 

products has become a growing concern 

due to its potential effects on human health, 

the environment, and food safety. Over the 

past decade, microplastics have been 

detected in a wide range of food items, 

including seafood, salt, processed foods, 

and beverages. The research also 

highlighted the need for better detection 

methods such as multispectral imaging and 

AI-based algorithms to improve the 

accuracy and effectiveness of microplastic 

identification in food products (Mir et al., 
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2025). New opportunities for future 

research and development on integrating 

machine learning and robot technologies 

have been discussed to facilitate future 

efforts to reduce microplastic pollution and 

advance artificial intelligence technologies 

(Guo et al., 2024).  

AI Robotics is the official term for an 

‘intelligent welded’ robot that can work 

with vision (eye) to detect a product defect, 

or a control operating system to help the 

robot distinguish and reject the product 

during production. Several advanced 

manufacturing automation technologies 

have been developed, including automated 

supervision, autonomous robots, additive 

manufacturing, ubiquitous manufacturing, 

cloud manufacturing, and cyber-physical 

systems. It has been considered that smart 

and automation technologies are applicable 

to help employees. As knowledge-oriented 

industries develop in terms of AI and 

robotic automation, and to upgrade the 

current and next-generation workforce, 

higher and further education is needed to 

provide a better understanding of robotic 

automation in manufacturers facing endless 

challenges such as product innovation, high 

turnover workforce, labor shortages, 

quality issues and others (Hwa and Chuan, 

2024).  Eventually, the integration of AI 

into food safety and quality management 

has made a significant leap forward in 

ensuring the safety, quality, and traceability 

of food products. The food industry has 

improved the detection accuracy of harmful 

microorganisms, allergens, and chemical 

pollutants by taking advantage of ML and 

DL. These advanced AI techniques have 

also optimized production processes and 

improved the efficiency of food quality 

control (Yu et al., 2025).  

 

 AI sensors 

AI uses data from machine vision, image 

processing, and sensors to monitor and 

predict key quality indicators in food 

products. By integrating AI with 

blockchain and IoT, limitations such as 

security and centralization can be 

mitigated, and data analysis and modeling 

can be improved. The application of AI 

supports sustainability, optimizes resource 

allocation, closes the knowledge gap in 

sales, and helps manufacturers and 

operators (Zhang et al., 2024). For 

example, AI can be used in the food 

industry for freshness detection, pathogen 

detection, spoilage detection, odor 

detection, etc. The application of sensors 

for various applications has also been 

developed. Currently, an AI-assisted 

detection system called intelligent systems 

has been put into operation in the food 

industry. This fusion of technologies has a 

distinct potential to revolutionize the entire 

food industry with efficient food 

production, optimal food processing, and 

high-quality food production and 

preservation (Thapa et al., 2023). Indeed, 

the interaction between AI and biosensors 

offers many advantages and adaptability to 

dynamic analytical challenges that 

significantly have improved food safety 

monitoring and potentially redefined the 

food safety and quality assurance 

environment (Moulahoum and 

Ghorbanizzmani, 2024). The user-friendly 

in-field detection protocol is crucial for the 

effective monitoring of the intended 

analytes in less developed countries or 
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resource-limited environments. However, 

current detection strategies require 

professional technicians and expensive 

laboratory-based instruments that cannot 

perform on-site point-of-care analyses. To 

solve this problem, an AI handheld sensor 

has been designed for direct reading of Ni2 

+ and EDTA in food samples (Yan et al., 

2024). 

 

Food-dependent healthcare sectors 

The advancement of technology has 

continued to be an immersive interest for 

humanity over the past decades. 

Technology enterprises have introduced a 

stream of innovations to address universal 

health problems (Alhasan and Hasaneen, 

2021). For example, ML allows computer 

systems to analyze data using algorithms 

that mimic human intelligence, while DL 

processes information through multi-

layered artificial neural networks. These 

technologies are used in many fields such 

as microbiological diagnosis, drug 

discovery, infection control, and patient 

follow-up (Kandilci et al., 2024). The new 

functional properties of peptides have 

opened new horizons in personalized 

medicine. With AI methods combined with 

therapeutic peptide products, 

pharmaceuticals, and biotechnology 

rapidly advance drug development and 

reduce costs. Short-chain peptides inhibit a 

wide range of pathogens and have great 

potential for targeting diseases. To address 

the challenges of synthesis and 

sustainability, AI methods, i.e. machine 

learning, need to be integrated into their 

production (Hashemi et al., 2024). 

Furthermore, AI plays a vital role in 

planning, development, modeling, 

evaluation, and optimization of product 

features. In recent years, machine learning 

algorithms integrated into artificial neural 

networks, neuro-fuzzy logic, and decision 

trees have been applied to enormous areas 

related to drug formulation development. 

Optimized formulations based on 

optimized properties derived from artificial 

intelligence Technologies were 

transformed from laboratories to markets 

(Ali and Alrobaian, 2024). For example, 

Food Database Meets Artificial Intelligence 

was reported to be a new method for 

personalized patient eating plans. Due to 

the increasing capabilities and use of AI, its 

use in nutritional counseling is indicated to 

be paramount in-patient compliance. This 

situation not only can be changed for 

patients with all medical diseases but also 

for nutritional needs (Assaf, 2024).  

Automated and AI-enabled systems 

continue to be integrated into various 

healthcare sectors, including orthopedic 

shoulder surgery. As AI advances, there 

have been reported to be plenty of 

opportunities for it to be incorporated into 

clinical settings. This technology can be 

adopted for clerical tasks such as patient 

recruitment and planning, or for 

documenting and billing patient 

encounters. In clinical practice, AI can be 

used to support evidence-based decision-

making, such as implant selection or 

providing a differential diagnosis (Shamtej 

et al., 2025). For example, the role of 

industry to grow clinical AI applications in 

gastroenterology and endoscopy was 

studied (Chiang and Hong, 2025) In 

another study, AI was attempted to copy 

aspects of human intelligence into 

machines. Preventive cardiology, a sub-
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specialist of cardiovascular (CV) medicine, 

aims to target and reduce known risk 

factors for CV disease (CVD) (Sherbini et 

al., 2024). In the field of healthcare, many 

productive and non-productive AI and ML 

tools have been developed and deployed. 

At the same time, medical device 

manufacturers benefit from AIML. 

However, the adoption of AI in healthcare 

brings with it various concerns, including 

safety, security, ethical biases, 

accountability, trust, economic impact, and 

environmental impacts. Effective 

regulation can mitigate some of these risks, 

promote fairness, create standards, and 

advocate for more sustainable AI practices 

(Pantanowitz et al., 2024). While AI offers 

significant opportunities to improve 

diabetes care and reduce healthcare costs, 

its successful implementation requires 

overcoming various obstacles, including 

regulatory barriers, and ensuring equitable 

access to technology. Future research 

should focus on developing interoperable 

AI systems that integrate seamlessly into 

existing healthcare infrastructures and meet 

the diverse needs of diabetic populations 

(Ma et al., 2025). Overall, the 

developments herald a new era in 

healthcare that promises improved 

diagnostic precision and efficiency through 

digital and AI technologies, potentially 

improving patient care and strengthening 

educational and research activities (Zhang 

et al., 2024). Despite the significant 

advances that AI has brought to 

microbiology, challenges such as data 

heterogeneity, model transparency, and 

ethical considerations must be addressed. 

Interdisciplinary collaboration and rigorous 

validation of AI models are crucial to 

overcome these challenges. The future of 

AI in microbiology looks promising with 

potential applications in personalized 

medicine, rapid pathogen detection, and 

environmental monitoring. AI not only 

provides a powerful tool for 

microbiological research with the potential 

to revolutionize our diagnosis and 

treatment but also provides an 

understanding of microbial ecosystems 

(Mohseni and Ghorbani, 2024). 

 

Results 

The integration of AI is demonstrably 

reshaping various dimensions of the food 

and agriculture sectors, offering 

improvements in speed, accuracy, 

efficiency, and sustainability. Recent 

studies have yielded promising empirical 

outcomes highlighting AI's capabilities 

across multiple domains: 

• Vision-based deep learning models have 

achieved high accuracy in rapid, non-

destructive analysis of food composition 

and nutrient profiling, outperforming 

traditional detection methods (Kaushal 

et al., 2024). 

• AI-based systems have enabled high-

throughput scanning and analysis of 

foodborne bioactive peptides (FBPs), 

significantly reducing the time required 

for mechanism exploration compared to 

conventional experimental techniques 

(Chang et al., 2024). 

• Supply Chain 4.0 innovations, driven by 

AI integration, enhance traceability and 

reduce inefficiencies in farm-to-market 

pathways (Niu et al., 2024; Zhang et al., 

2024). 

• Distributed AI (DAI) systems have 

shown success in facilitating real-time 
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decision-making and optimization in 

complex supply networks 

(Sharifmousavi et al., 2024). 

• The combination of blockchain and AI 

in packaging offers considerable 

potential in fraud prevention within food 

logistics chains (Yang et al., 2024). 

• AI is contributing to advancements in 

3D food printing materials by expediting 

biomaterial development, although 

large-scale testing is still required (Niu 

et al., 2024). 

• Integration with sustainable materials 

and energy-saving mechanisms 

highlights AI’s role in supporting 

Industry 4.0 objectives, including cost 

efficiency and performance 

improvement (Malik et al., 2024; Grira 

et al., 2025). 

• In robotics and microbial analysis, AI 

supports an enhanced understanding of 

multi-omics interactions and contributes 

to the development of automated sensors 

for rapid analyte detection (Yan et al., 

2024; Yuan et al., 2025). 

• A noteworthy sectoral application 

includes AI’s potential for ensuring 

compliance and traceability in halal food 

systems, where authenticity and safety 

are paramount (Nawaz et al., 2025). 
 

 

Discussion 

The reported results collectively underscore 

the transformative influence of AI across 

various sectors of food production and 

quality assurance. Notably, the application 

of computer vision and deep learning 

techniques has not only accelerated 

detection times but has also increased 

accuracy and reduced waste. This is 

particularly crucial in perishable sectors 

like seafood, where freshness assessments 

using AI-based visual analysis methods 

(e.g., CNNs) offer scalable and non-

invasive solutions.Moreover, AI's 

integration intosupply chain management 

and fraud prevention systems presents 

valuable opportunities for increasing 

transparency and operational efficiency. 

The ability to make autonomous, real-time 

decisions via DAI systems is reshaping how 

food logistics are executed and optimized. 

However, despite the computational 

advantages, the economic feasibility of 

implementing blockchain-integrated AI in 

small-to-medium enterprises remains a 

concern.From a research and development 

perspective, the use of AI in 3D food 

printing, robotics, and multi-omics analysis 

opens new avenues for precision food 

production and personalized nutrition. Yet, 

these innovations also introduce challenges 

related to algorithmic complexity, model 

interpretability, and the alignment between 

academic developments and industrial 

implementation needs. Crucially, as AI 

systems gain greater access to sensitive 

operational and biological data, data 

privacy, ethical usage, and algorithmic bias 

must be addressed. Pantanowitz et al. 

(2024) emphasize the importance of 

establishing flexible yet robust regulatory 

frameworks that allow innovation while 

safeguarding ethical considerations. In this 

context, Table 2 summarizes AI integration 

across various applications. 
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Table 2: Overview of AI integration: applications, technologies, and challenges. 

Sector/ 

Application 

Specific AI 

Applications and 

Examples 

Key 

Technologies/ 

Methods 

Benefits/ Outcomes 
Detailed Challenges/ 

Research Gaps 
References 

Agriculture and 

Aquaculture 

Precision farming, 

crop monitoring, 

fish health analysis, 

feed optimization, 

automated 

harvesting, water 

quality management 

AI, Machine 

Learning, 

Computer 

Vision, IoT, 

Robotics, 

Remote Sensing, 

Deep Learning 

Increased yield, 

reduced resource 

usage, improved 

animal welfare, early 

disease detection, 

optimized growth 

Data collection in diverse 

environments, model 

robustness to weather and 

pests, integration with 

existing farm equipment, 

data privacy in agricultural 

settings, scalability for 

small farms 

Choudhary et 

al., 2025; 

Sriprateep et 

al., 2025; 

Rather et al., 

2024; 

Ramandani et 

al., 2025; 

Chong et al., 

2024; Gao et 

al., 2024 

Food Waste 

Reduction 

Automated sorting 

of food waste, 

predicting food 

spoilage, optimizing 

inventory 

management, 

personalized 

portion control, 

monitoring food 

consumption 

patterns 

AI, Machine 

Learning, 

Computer 

Vision, IoT, 

Predictive 

Analytics, Image 

Recognition 

Reduced food waste 

at production and 

consumer levels, 

optimized resource 

utilization, lowered 

environmental 

impact, cost savings 

Data availability for diverse 

food types, addressing 

consumer behavior 

changes, developing user-

friendly waste management 

systems, handling mixed 

waste streams 

Zatsu et al., 

2024;  Beck et 

al., 2024 

Personalized 

Nutrition 

Dietary 

recommendations 

based on individual 

health data, food 

preference analysis, 

meal planning, 

personalized 

supplement 

suggestions, real-

time health 

monitoring 

AI, Machine 

Learning, Data 

Mining, 

Nutrigenomics, 

Wearable 

Sensors, Mobile 

Apps, 

Recommender 

Systems 

Improved health 

outcomes, 

personalized dietary 

guidance, enhanced 

consumer 

engagement, 

proactive disease 

prevention 

Data privacy and security, 

integrating diverse health 

data, validating 

personalized 

recommendations, 

addressing ethical 

considerations, handling 

consumer acceptance 

Zatsu et al., 

2024; Goulart 

et al., 2025; 

Frank, 2024 

Food Fraud 

Detection 

Authenticity 

verification, origin 

tracking, 

adulteration 

detection, 

ingredient 

verification, supply 

chain monitoring, 

label verification 

AI, Machine 

Learning, 

Blockchain, 

Spectroscopy, 

DNA Analysis, 

Computer 

Vision, Smart 

Packaging 

Enhanced consumer 

trust, reduced 

economic loss, 

improved supply 

chain transparency, 

rapid detection of 

fraudulent activities 

Developing robust 

detection methods for 

complex adulteration, 

ensuring data integrity in 

blockchain systems, 

addressing the cost of 

advanced detection 

technologies, handling the 

variability of natural 

products 

Das et al., 

2025; Yang et 

al., 2024 

Sensory 

Science and 

Consumer 

Preferences 

Predicting 

consumer 

acceptance, flavor 

profiling, texture 

analysis, automated 

sensory evaluation, 

product 

development 

optimization, 

consumer behavior 

analysis 

AI, Machine 

Learning, Deep 

Learning, 

Sensory Data 

Analysis, 

Natural 

Language 

Processing, 

Computer 

Vision 

Accelerated product 

development, 

improved consumer 

satisfaction, 

optimized product 

formulation, 

enhanced market 

research 

Handling subjective 

sensory data, addressing 

cultural differences in food 

preferences, developing 

interpretable models for 

consumer behavior, 

ensuring data privacy in 

consumer research 

Xu et al., 

2024; 

Fernandes and 

DMello, 2025 

 

 

 

 



938 Kilinc et al., Smart tools and artificial intelligence for enhanced quality and safety in... 

Table 2 (continued): 

Sector/ 

Application 

Specific AI 

Applications and 

Examples 

Key 

Technologies/ 

Methods 

Benefits/ 

Outcomes 

Detailed Challenges/ 

Research Gaps 
References 

      

Food 

Processing 

Optimization 

Process control, 

yield 

optimization, 

energy efficiency, 

quality control, 

predictive 

maintenance, 

automated 

sanitation, real 

time process 

monitoring 

AI, Machine 

Learning, IoT, 

Robotics, 

Computer 

Vision, 

Process 

Modeling, 

Predictive 

Analytics 

Reduced 

operational costs, 

improved product 

consistency, 

increased 

production 

efficiency, 

optimized resource 

utilization, 

minimized 

downtime 

Integrating AI into 

existing food processing 

systems, ensuring real-

time data processing, 

addressing cybersecurity 

risks, handling the 

complexity of biological 

processes, ensuring 

regulatory compliance 

Kılınç et al., 

2023a; Kılınç 

et al., 2023b; 

Kılınç et al., 

2024a; Kılınç 

et al., 2024b 

      

Food 

Production 

and Logistics 

Demand 

forecasting, 

inventory 

optimization, 

supply chain 

monitoring, 

logistics 

optimization, 

warehouse 

management, 

distribution route 

optimization 

AI, Machine 

Learning, Data 

Mining, 

Predictive 

Analytics, 

Optimization 

Algorithms, 

IoT, 

Blockchain 

Reduced costs, 

improved 

efficiency, 

optimized 

inventory levels, 

enhanced supply 

chain 

transparency, 

reduced waste 

Data integration across 

complex supply chain 

networks, real-time data 

processing, dynamic 

modeling for logistics 

optimization, data 

privacy and security, 

regulatory frameworks 

for AI in supply chains 

Kaushal et al., 

2024; Zhang et 

al., 2024; Niu 

et al., 2024; 

Grira et al., 

2025; Malik et 

al., 2024; 

      

Food Safety 

and 

Regulatory 

Compliance 

Food safety 

audits, regulatory 

compliance 

monitoring, risk 

assessment, 

document 

management, 

traceability, fraud 

detection 

AI, Machine 

Learning, 

Natural 

Language 

Processing, 

Computer 

Vision, 

Blockchain, 

Data 

Analytics, IoT 

Enhanced food 

safety, reduced 

regulatory 

violations, 

improved 

traceability, 

reduced food 

fraud, automated 

audits 

Processing complex 

regulatory data, real-

time compliance 

monitoring, integration 

of food safety data, 

regulatory frameworks 

for AI-driven audits, 

validation of AI models 

Das et al., 

2025; Yang et 

al., 2024 

      

Food 

Marketing 

and 

Consumer 

Behavior 

Consumer 

behavior analysis, 

personalized 

marketing, 

product 

recommendations, 

sentiment 

analysis, social 

media analysis, 

market research, 

price optimization 

AI, Machine 

Learning, 

Natural 

Language 

Processing, 

Data Mining, 

Recommender 

Systems, 

Sentiment 

Analysis, 

Social Media 

Analytics 

Improved 

customer 

satisfaction, 

increased sales, 

optimized 

marketing 

campaigns, 

enhanced market 

research, 

personalized 

consumer 

experiences 

Processing complex 

consumer behavior data, 

data privacy for 

personalized marketing, 

real-time analysis of 

consumer sentiment, 

ethical considerations for 

AI-driven marketing, 

validation of AI models 

Xu et al., 

2024; 

Fernandes and 

DMello, 2025 
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Table 2 (continued): 

Sector/ 

Application 

Specific AI 

Applications and 

Examples 

Key 

Technologies/ 

Methods 

Benefits/ 

Outcomes 

Detailed Challenges/ 

Research Gaps 
References 

      

AI-Driven 

Food Product 

Development 

New product 

formulation, 

flavor profile 

analysis, texture 

analysis, shelf-life 

prediction, 

consumer 

preference 

prediction, 

sensory analysis, 

ingredient 

optimization 

AI, Machine 

Learning, 

Deep 

Learning, 

Sensory Data 

Analysis, 

Natural 

Language 

Processing, 

Computer 

Vision 

Accelerated 

product 

development, 

improved product 

quality, optimized 

product 

formulation, 

enhanced 

consumer 

satisfaction, 

reduced waste 

Processing subjective 

sensory data, addressing 

cultural differences in 

food preferences, 

developing interpretable 

models for consumer 

behavior, ensuring data 

privacy in consumer 

research 

Xu et al., 2024 

      

AI-Enabled 

Education 

and Training 

Food science and 

engineering 

education, virtual 

labs, personalized 

learning, 

automated 

assessment, 

virtual reality 

(VR) and 

augmented reality 

(AR) applications 

AI, Machine 

Learning, 

Natural 

Language 

Processing, 

Virtual 

Reality, 

Augmented 

Reality, 

Personalized 

Learning 

Systems 

Improved learning 

outcomes, 

increased student 

engagement, 

personalized 

learning 

experiences, 

reduced training 

costs, enhanced 

accessibility 

Modeling complex food 

science concepts, virtual 

labs replicating real-

world experiences, data 

privacy for personalized 

learning, ethical 

considerations for AI-

driven education, 

validation of AI models 

Rokhva et al., 

2024 

      

AI in Food 

Service 

Operations 

Automated order 

taking, kitchen 

automation, 

personalized 

menu 

recommendations, 

inventory 

management, 

customer 

behavior analysis, 

delivery route 

optimization, 

virtual assistants 

AI, Machine 

Learning, 

Robotics, 

Natural 

Language 

Processing, 

Computer 

Vision, 

Recommender 

Systems, 

Location-

Based Services 

Improved 

operational 

efficiency, 

personalized 

customer 

experiences, 

reduced wait 

times, optimized 

inventory 

management, 

enhanced delivery 

services 

Addressing variability in 

customer preferences, 

handling real-time order 

processing, ensuring 

data privacy in customer 

interactions, integrating 

AI with existing 

restaurant systems, 

managing automation 

costs 

Rokhva et al., 

2024 

      

Sustainable 

Food Systems 

Resource 

optimization, 

waste reduction, 

carbon footprint 

monitoring, 

sustainable 

sourcing, 

alternative protein 

development, 

lifecycle 

assessment 

AI, Machine 

Learning, IoT, 

Remote 

Sensing, Life 

Cycle 

Assessment 

tools, 

Optimization 

algorithms 

Reduced 

environmental 

impact, improved 

resource 

efficiency, 

enhanced 

sustainability, 

optimized supply 

chains, promoted 

circular economy 

Integration of diverse 

sustainability data, 

modeling complex 

environmental impacts, 

developing scalable 

solutions, ensuring 

ethical AI 

implementation, 

validating sustainability 

claims 

Zatsu et al., 

2024; Nath et 

al., 2024; 

Esmaeily et 

al., 2024 
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Table 2 (continued): 

Sector/ 

Application 

Specific AI 

Applications and 

Examples 

Key 

Technologies/ 

Methods 

Benefits/ 

Outcomes 

Detailed Challenges/ 

Research Gaps 
References 

      

Food 

Accessibility 

and Security 

Yield prediction, 

resource 

allocation, 

distribution 

optimization, 

early warning 

systems for food 

shortages, 

personalized 

dietary advice for 

vulnerable 

populations 

AI, Machine 

Learning, 

Predictive 

Analytics, 

Remote 

Sensing, 

Geographic 

Information 

Systems (GIS), 

Mobile 

Applications 

Improved food 

security, optimized 

resource 

distribution, 

reduced hunger, 

enhanced 

resilience, 

personalized 

nutrition guidance 

Data availability in 

remote areas, addressing 

socio-economic factors 

impacting food access, 

developing culturally 

sensitive solutions, 

ensuring equitable 

access to technology, 

validating AI models 

Sharma et al., 

2022 

      

Smart 

Packaging 

and 

Traceability 

Real-time 

freshness 

monitoring, 

temperature 

tracking, anti-

counterfeiting, 

QR code analysis, 

dynamic shelf-life 

prediction, 

blockchain 

traceability, smart 

labels 

AI, IoT, 

Blockchain, 

Sensors, 

Computer 

Vision, Data 

Analytics, 

Cloud 

Computing 

Enhanced food 

safety, improved 

supply chain 

transparency, 

reduced food 

waste, increased 

consumer 

confidence, real-

time product 

tracking 

Ensuring data integrity 

in complex supply 

chains, addressing the 

cost of smart packaging 

technologies, handling 

data security and 

privacy, integrating 

diverse data sources, 

ensuring interoperability 

between systems 

Yang et al., 

2024 

      

Restaurant 

and Food 

Service 

Automated order 

taking, kitchen 

automation, 

personalized 

menu 

recommendations, 

inventory 

management, 

customer 

behavior analysis, 

delivery route 

optimization 

AI, Machine 

Learning, 

Robotics, 

Natural 

Language 

Processing, 

Computer 

Vision, 

Recommender 

Systems, 

Location-

Based Services 

Improved 

operational 

efficiency, 

personalized 

customer 

experience, 

reduced wait 

times, optimized 

inventory 

management, 

enhanced delivery 

services 

Addressing the 

variability of customer 

preferences, handling 

real-time order 

processing, ensuring 

data privacy in customer 

interactions, integrating 

AI into existing 

restaurant systems, 

managing the cost of 

automation 

Rokhva et al., 

2024 

 

Conclusion 

The integration of AI, CV, and the IoT into 

fisheries and agricultural management 

represents a transformative paradigm, 

significantly enhancing precision, 

efficiency, safety, traceability, and quality 

control through sophisticated algorithms 

that demonstrate high fidelity in pathogen 

detection and product freshness 

assessment. This technological 

convergence offers long-term economic 

efficiencies compared to conventional 

experimental methodologies, mitigates 

human-induced errors, and facilitates the 

expedited acquisition of robust and reliable 

results, thereby fortifying food safety for 

consumers and contributing to sustainable 

practices through waste reduction. 
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Furthermore, the incorporation of 

blockchain technology provides 

comprehensive transparency and bolsters 

consumer trust across the fisheries, 

aquaculture, and agriculture sectors. 

Nevertheless, the widespread adoption of 

these technologies is currently constrained 

by critical challenges, including the 

imperative for rigorous data standardization 

across production processes, the necessity 

for robust big data and data analytics 

infrastructure, the requirement for more 

extensive scientific validation to fully 

realize the potential of AI applications, 

substantial initial capital outlay, and 

ongoing ethical deliberations. 

Notwithstanding these impediments, it is 

anticipated that AI will become an integral 

component of daily operations for both 

producers and consumers in the foreseeable 

future, with integration into smartphone 

applications enabling consumers to trace 

the entire provenance of food products, 

perform freshness analyses via CV and 

machine learning, and instantaneously 

determine shelf life, signifying a 

revolutionary advancement in the food 

industry towards the attainment of 

sustainability goals (SDGs), including zero 

waste and ultimately, the eradication of 

hunger (SDG 2). 
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