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ABSTRACT :

Food safety is a critical concern that affects public health, consumer trust, and the overall integrity of the food industry. The increasing complexity of food systems,
along with emerging risks, has highlighted the need for advanced solutions to ensure food safety. This systematic literature review aims to explore the application
of Machine Learning (ML) techniques in developing frameworks for food safety intelligence. The review synthesizes research on how ML models, including
supervised, unsupervised, and reinforcement learning, have been employed to detect foodborne pathogens, predict food quality, optimize supply chain processes,
and improve monitoring systems. It also examines the integration of ML with IoT (Internet of Things) technologies for real-time food safety monitoring and early
warning systems. The review highlights key ML techniques, challenges, and solutions in food safety management, as well as gaps in current research that require
further investigation. By summarizing the potential of ML-enabled frameworks in food safety, this paper aims to contribute to the advancement of more effective,

automated, and data-driven strategies to mitigate food safety risks and enhance decision-making in the food industry.
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Introduction

Food safety remains one of the most critical global challenges, affecting public health, economic stability, and consumer confidence. With an increasingly
complex and globalized food supply chain, ensuring food safety has become more challenging than ever. Traditional methods of food safety management,
while effective, often fall short in addressing the dynamic nature of food safety risks, such as contamination from pathogens, improper handling, and
environmental hazards. As the food industry evolves, there is a growing need for more advanced, efficient, and real-time solutions to enhance food safety
practices and safeguard public health.

In recent years, the integration of Machine Learning (ML) techniques into food safety management has emerged as a promising solution. ML, with its
ability to analyze large datasets, recognize patterns, and make predictions, provides significant potential for improving food safety intelligence. By
leveraging ML algorithms, it becomes possible to predict foodborne outbreaks, identify potential hazards, optimize food production processes, and
monitor food quality in real-time. The combination of ML with technologies like the Internet of Things (IoT) further enhances the capability to monitor
food safety conditions across various stages of the food supply chain, from farm to table. This systematic literature review aims to explore the current
state of research on ML-enabled frameworks for food safety intelligence, identifying key ML techniques, their applications, and the challenges faced in
integrating these technologies into food safety systems. The review systematically analyses how various ML models have been employed for detecting
foodborne pathogens, forecasting food quality, automating inspections, and enhancing food safety decision-making. Additionally, it examines the role of
IoT in facilitating real-time monitoring, collecting data, and providing actionable insights for food safety professionals. The goal of this review is to
provide a comprehensive understanding of the synergies between machine learning and food safety, highlighting existing framew orks, identifying gaps
in current research, and suggesting avenues for future investigation. By summarizing the contributions of ML in food safety intelligence, this work seeks
to advance the development of more automated, efficient, and data-driven approaches to mitigating food safety risks, improving consumer confidence,
and supporting the global food industry’s long-term sustainability.

II Literature Review

As is commonly known, deep learning models have overcome several natural language processing (NLP) tasks. This is a significant achievement. This
is because these models are able to extract important features from word or character embeddings that have been trained on a large amount of data. This
is the reason why this is the case. In addition, NER tasks adhere to this pattern. While this is the case, there is no pre-trained language model that is
capable of delivering state-of-the-art performance to supervised downstream tasks without the need for fine-tuning. This is despite the fact that this is the
case. There is a large number of language models (LM) that have been fine-tuned to achieve state-of-the-art performance in a specific activity and in a
specific sort of text in a certain language.
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Table 1: Summary of Key Studies in Machine Learning Applications for Food Safety and Agriculture

Ref Contribution Methodology / ML Dataset Used Limitations
Model
Kuzuoka et al. Causal analysis of chilling Graphical modeling Slaughterhouse chilling | Not real-time; limited
(2020) control in slaughterhouses data scalability
Tao et al. (2020) Estimation of wheat yield Hyperspectral imaging | UAV-based Weather and light

and height using UAV + regression analysis hyperspectral images conditions affect accuracy
imagery

Tian et al. (2020) Yield estimation using IPSO-BP Neural Satellite imagery + crop | Limited to specific regions
hybrid neural network Network data (Guanzhong Plain)

Geng et al. (2019) Food safety early warning Deep RBF neural Case study data on food | Model complexity;
model network + AHP safety interpretability issue

Wang et al. (2017) | Improved traceability Fuzzy classification + Traceability records High data quality
system for food quality Neural Network requirements

Silva et al. (2015) Oil classification using Fluorimetry + ANN Vegetable oil samples Limited to oil type; low
fluorescence and Al generalizability

Sadhu et al. (2020) | Optimized cooking process Hybrid AI (modeling + | Experimental cooking Focused on single food
for fried fish optimization) process data product

Kang & Wang Food safety risk prediction Brain Neural Network Food safety inspection Limited interpretability;

(2020) (BNN) reports opaque model logic

Fu et al. (2022) Heavy metal estimation in RBF Neural Network Soil spectroscopy data Region-specific, lacks

soil

cross-domain application

Tagkopoulos et al.
(2022)

Overview of Al in future
food systems (AIFS)

Al architecture
proposal

Multiple use cases

Broad focus, lacks specific

evaluation metrics

Zhou et al. (2020)

Gene regulatory network

analysis in maize

Meta-Gene Regulatory
Network Model

Maize gene expression
data

Highly domain-specific
(plant genomics)

Yan & Wang
(2022)

ML in plant breeding and
omics

General ML integration
framework

Omics + breeding
datasets

Conceptual; limited
practical implementation
data

Ivushkin et al.

Mapping soil salinity change

Remote sensing + ML

Global satellite datasets

Resolution limitations;

(2019) models requires calibration

Huber et al. (2022) | Crop yield estimation XGBoost vs Deep Crop yield & satellite Computational cost of DL
comparison Learning data models

Nosratabadi et al. Food production prediction MLP & ANFIS models | Agriculture production Sensitive to data noise and

(2021)

data

quality

The application of Machine Learning (ML) in food safety intelligence has gained significant attention in recent years. Researchers have explored various

ML algorithms, frameworks, and models to enhance food safety management, improve predictive capabilities, and optimize real-time monitoring. This

literature review examines key studies and contributions in the field, focusing on foodbome pathogen detection, quality prediction, supply chain

optimization, and real-time food safety monitoring.

Foodborne Pathogen Detection

Foodborne diseases, caused by pathogens such as Salmonella, E. coli, and Listeria, pose significant health risks. Early detection and accurate identification

of these pathogens are crucial for preventing outbreaks and ensuring food safety.

Supervised Learning Models: Numerous studies have employed supervised learning techniques, such as Support Vector Machines (SVM),
Random Forests (RF), and Neural Networks (NN), to detect pathogens in food samples. For example, Zhang et al. (2020) applied an SVM
model to classify foodborne pathogens based on sensor data from meat products. Their model achieved high accuracy in distinguishing

between contaminated and non-contaminated samples.

Deep Learning: Recent advancements in deep learning have also shown promise for pathogen detection. Convolutional Neural Networks

(CNNs) have been used to analyze microscopic images of food products to detect pathogen presence with high sensitivity and specificity, as

demonstrated by Gupta et al. (2019) in their work on detecting Salmonella in chicken meat.

Multi-Sensor Data Fusion: Research has also explored multi-sensor systems integrated with ML for pathogen detection. IoT-based sensor

networks, combined with ML algorithms, provide real-time pathogen detection by collecting data on temperature, humidity, and environmental

conditions. These systems can predict outbreaks and prevent contamination before it spreads.
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Predicting Food Quality

The prediction of food quality over time is another critical application of ML in food safety. Food quality encompasses various factors such as freshness,
nutrient content, and shelf-life, all of which contribute to food safety.

®  Regression Models: Studies have applied regression models, such as Linear Regression and Support Vector Regression (SVR), to predict the
shelf life of products. For instance, Wang et al. (2021) used regression models to predict the quality of fresh produce based on temperature
and humidity data collected from IoT sensors. Their model helped predict spoilage in vegetables, enabling better stock management and waste
reduction.

®  Time-Series Forecasting: ML techniques for time-series analysis have been employed to track food quality over time. Recurrent Neural
Networks (RNNs) and Long Short-Term Memory (LSTM) networks, which excel at handling sequential data, have been used to model the
shelf life and spoilage of perishable items, as shown in Li et al. (2022), who used LSTMs to forecast the decay of dairy products.

®  Food Fraud Detection: ML models are also being used to combat food fraud, where the quality of food is intentionally altered for financial
gain. K-means clustering and Random Forest have been applied to identify inconsistencies in food product labeling, as demonstrated by Li et
al. (2020), who used these methods to detect fraudulent meat labeling based on trace element analysis.

Supply Chain Optimization

Food safety risks are often associated with the food supply chain, where improper handling, transportation, or storage can lead to contamination. ML can
optimize the entire supply chain to minimize risks and improve safety protocols.

®  Supply Chain Monitoring with IoT: The integration of ML with IoT devices allows for real-time monitoring of food safety across the supply
chain. Temperature monitoring and humidity control are critical to preserving food quality and preventing contamination. Reinforcement
Learning (RL) has been applied to optimize temperature regulation systems in cold storage facilities to reduce spoilage. Yang et al. (2021)
used RL to optimize refrigeration systems, reducing energy consumption while maintaining ideal storage conditions for perishable foods.

® Demand Forecasting and Inventory Management: Accurate demand forecasting is essential to reducing food waste and ensuring that food
products do not exceed their shelf life. ML models, including XGBoost and Bayesian networks, have been employed for demand prediction,
helping supply chain managers better align food production with consumption patterns. Liu et al. (2020) used XGBoost to predict the demand
for perishable goods in supermarkets, improving inventory management and reducing food waste.

®  Pathogen Propagation Modeling: Research by Jones et al. (2019) explored the use of agent-based modeling combined with ML to simulate
the spread of pathogens in food distribution networks. By identifying critical control points, the model helped design more effective
intervention strategies to prevent contamination during transportation and storage.

Real-Time Food Safety Monitoring

Ensuring food safety in real-time is a growing area of interest, with IoT devices, sensors, and ML models playing a central role in monitoring food
conditions on an ongoing basis.

®  Real-Time Data Processing: The integration of IoT sensors with ML models allows for the continuous monitoring of food safety conditions,
such as temperature, humidity, and contamination levels. Wang et al. (2021) demonstrated the use of Random Forests to classify real-time
data from loT sensors, enabling early detection of food safety risks in a large-scale food processing facility.

®  Predictive Maintenance: ML models have also been applied to predict equipment failure in food processing plants. Supervised learning
techniques, such as Decision Trees (DT) and Logistic Regression (LR), are used to predict when food processing equipment (e.g., refrigeration
units) is likely to malfunction, preventing disruptions in the food safety process. Khan et al. (2020) applied a decision tree-based model for
predictive maintenance, significantly reducing downtime and potential contamination risks.

® Food Safety Audits: ML models are increasingly being used to automate food safety audits. Image recognition and Natural Language
Processing (NLP) techniques help automate inspections of food processing facilities by analyzing images and text data (e.g., sanitation logs)
to ensure compliance with food safety standards. Xia et al. (2022) proposed a hybrid system using deep learning and NLP for automating food
safety audits, reducing human error and ensuring consistent quality control.

Research Gap

Despite significant advancements in applying Machine Learning (ML) to food safety intelligence, several research gaps remain that hinder the full
potential of these technologies. One key challenge is data quality and availability, as high-quality, real-time, and diverse datasets are often limited, which
impacts model accuracy. Additionally, there is a lack of model interpretability, especially in deep learning models, making it difficult to understand and
justify decision-making in food safety, an area where transparency is critical. Furthermore, the generalization of ML models to real-world conditions is
often limited due to data drift and context-specific limitations, necessitating further research into transfer learning and domain adaptation. Another
underexplored area is multi-sensor data fusion, as the integration of data from various sources, such as temperature sensors and pathogen detection
systems, remains challenging. Real-time decision-making and the development of early warning systems that can trigger actionable interventions based
on real-time data also require more attention. Additionally, integrating ML frameworks with existing food safety standards and regulations is an important
gap, as the food industry is highly regulated and models must align with these frameworks. There is also a need to address ethical concemns, such as data
privacy, bias in algorithms, and ensuring consumer trust in ML-driven food safety systems. Finally, there is insufficient interdisciplinary collaboration
between food safety experts, data scientists, and regulatory bodies, which is crucial for developing effective, real-world applications of ML in food safety.
Addressing these gaps will enable more robust, scalable, and practical ML-driven solutions for food safety intelligence.
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Research Significance

The significance of research on Machine Learning (ML)-enabled frameworks for food safety intelligence is paramount due to the increasing complexity
of global food supply chains and the rising threats posed by foodborne diseases, contamination, and fraud. This research is crucial for advancing food
safety management by providing innovative, data-driven solutions that can predict, detect, and mitigate risks more effectively than traditional methods.
ML models have the potential to enhance pathogen detection, predict food quality, optimize supply chains, and provide real-time monitoring, leading to
faster interventions and better overall food safety outcomes. As the food industry becomes more interconnected, integrating real-time data from sources
like IoT devices and sensor networks into ML frameworks can help ensure that food safety practices are proactive, rather than reactive, reducing waste,
preventing contamination outbreaks, and improving consumer health. The research is significant because it opens opportunities to develop automated
systems that not only monitor but also make informed decisions about food safety, thus reducing human error and increasing operational efficiency. By
improving the accuracy and scalability of food safety intelligence systems, ML models can address gaps in current food safety practices, such as manual
inspection inefficiencies or limited resources in handling large-scale data. This research also holds importance in the context of global food trade, where
ensuring food safety across different regions and under various conditions is essential for maintaining public health, meeting regulatory standards, and
sustaining consumer confidence. This field holds potential to contribute to sustainability in the food industry by optimizing food production, distribution,
and consumption processes, which can help reduce food waste and energy consumption in storage and transportation. Therefore, the research significance
extends beyond food safety to include broader societal, economic, and environmental benefits. Ultimately, advancing ML-based food safety systems will

foster safer food environments, improve global food security, and lead to more efficient and sustainable food systems worldwide.
Critical Observations

®  One of the most critical challenges in applying Machine Learning (ML) to food safety is the quality and integration of data. For ML models
to work effectively, they require high-quality, reliable, and diverse datasets. However, in the food safety domain, data inconsistencies, missing
information, and noisy data are common. Moreover, integrating multi-source data (such as sensor data, environmental conditions, supply chain
logs, and pathogen detection results) into a unified system remains a complex task. Without comprehensive and consistent data, the
performance of ML models is significantly impacted, potentially leading to inaccurate predictions and unsafe food safety practices.

e  While deep learning and other advanced ML models have shown great potential in food safety, their lack of interpretability poses a significant
barrier. Black-box models, such as neural networks, often make it difficult to understand the reasoning behind specific predictions or decisions,
which is particularly concerning in critical sectors like food safety where transparency is essential. For stakeholders, including food safety
professionals and regulatory bodies, the inability to explain how a model arrived at a conclusion can lead to a lack of trust and reluctance to
adopt ML-driven solutions. There is an urgent need for explainable Al (XAI) in food safety to bridge the gap between advanced algorithms
and practical, real-world application.

e  Many ML models developed for food safety have shown impressive results in controlled environments but often fail to perform when deployed
in real-world conditions. Issues like data drift, where the characteristics of real-time data change over time, and contextual variability (such as
different regional regulations or food handling processes) significantly impact model performance. Models trained on specific datasets or
conditions may not generalize well to new, unseen data, making them less effective in dynamic food safety environments. Ensuring that ML
models can adapt to real-world variability is crucial for their widespread adoption.

e  The increasing use of ML in food safety raises several ethical and regulatory concerns, including data privacy and algorithmic bias. The
collection of vast amounts of consumer and food-related data introduces privacy risks, especially in applications involving IoT devices and
smart kitchens. Furthermore, there is the potential for bias in ML models if training data is not diverse or representative. For instance, biases
in pathogen detection or fraud detection models could lead to discriminatory practices or inaccurate safety assessments. Moreover, integrating
ML with existing food safety regulations remains challenging. Regulatory bodies require transparency and assurance that Al-based systems
comply with food safety standards and laws. The gap between ML research and regulatory requirements needs to be bridged for successful
implementation.

e  Scalability is another critical issue for ML-based food safety systems, especially when dealing with large volumes of real-time data generated
from IoT sensors across extensive supply chains. Real-time food safety monitoring systems need to process data quickly and make timely
decisions. As the amount of data increases, ensuring that ML models can efficiently scale without compromising performance is vital.
Furthermore, latency issues in processing and decision-making can hinder the model's effectiveness, particularly in time-sensitive situations
like detecting contamination or spoilage in perishable goods.

e  The integration of ML into food safety systems requires significant collaboration between different disciplines, including food science, data
science, engineering, and regulatory affairs. However, the lack of interdisciplinary collaboration often leads to misalignment between
technological development and practical food safety requirements. ML experts may not fully understand the complexities of food safety
regulations, while food safety experts may struggle with the technicalities of data science. This gap in knowledge and understanding slows
down progress and impedes the development of robust, scalable solutions.
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