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ABSTRACT
Food safety is being transformed by artificial intelligence (Al),
which is boosting contamination detection, real time monitoring and
transparency of food supply chain. Al based techniques like
machine learning, deep learning and computer vision help to detect
chemical, microbial and physical contaminants in food more
accurately and efficiently. These advancements have led processes
to be automated, minimize the impact of human error and facilitate
better decision taking. Other innovations include rapid, automated
detection and traceability using Al driven spectroscopy, sensor
based monitoring and block chain integration. Challenges in
adopting Al, however, include fragmented and proprietary data,
lack of model interpretability, the sheer implementation costs, and
regulatory hurdles. Implementing Al has cost and technical
challenges for small and medium sized businesses. Also, the Al
models must be explainable and FMV compliant to provide the
necessary transparency and reliability. Future research will consist
of building upon the Al models developed in this thesis,
incorporation of Al with 10T and edge computing for real time
monitoring as well as setting up of ethical and regulatory
frameworks. Trust in Al driven food safety will be developed with
standardized Al regulations, unbiased predictions, and data privacy
protections. Although Al presents some hurdles, it has the power to
contribute in building a much safer, more efficient and transparent

global food supply chain.
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INTRODUCTION

Food safety is a significant international challenge and millions of people fall sick every year as a
consequence of consuming contaminated food [1]. Contamination by biological agents (bacteria,
viruses and fungi), chemical substances (pesticides, heavy metals and toxins) or physical hazards
(glass, plastic, metal, etc.) is possible in food products. To eliminate the risks to health and economic
losses associated with inadequate food safety, accurate, efficient, and effective detection of
contaminants in food and feed is of paramount importance. Detection of food contaminants using
chromatography, spectroscopy as well as microbiological assays has been reliable and useful but is
often time consuming, laborious, and costly. There is recently a lot of technological advancements in
terms of artificial intelligence (AI) and machine learning (ML) and these are well implemented in
many industries including food safety and quality control. Automated, high speed and precise
detection of contaminants is possible through the use of machine learning techniques for speeding up
the food safety monitoring systems. Al powered approaches can utilize large datasets in conjunction
with advanced pattern recognition to identity contamination patterns, classify food samples as well
as predict contamination risks before they become critical issues [2].

This review outlines the use of machine learning in food contamination detection through different
techniques of Al and their applications in food safety domain. Al powered detection methods have
many advantages over the conventional laboratory-based techniques, as noted in the paper, such as
improved accuracy, real-time monitoring, and cost-effectiveness [3]. Moreover, it analyzes how
different machine learning techniques like supervised learning (e.g., neural networks, support vector
machines), unsupervised learning (e.g., clustering algorithms), and deep learning (e.g., convolutional
neural networks) have been used for food quality inspection and contamination identification [4].
While promising, Al driven food contaminant detection has some challenges that need to be overcome
such as needing large, high quality datasets, model interpretability, and regulatory concerns. The
successful implementation of Al to ensure food safety relies on the collective effort of the researchers,
industry professionals and the politicians to develop standard protocols and respond to the ethical
concerns [5]. This presents a review and the current state-of-the-art technologies utilizing machine
learning techniques for the detection of food contaminants, challenges, and future directions. Review
of the existing research and case studies will identify the potential utilization of Al-powered solutions

to improve food safety and secure public health.
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OVERVIEW OF FOOD CONTAMINANTS

Food contaminants are substances that are unwanted and any contamination to food can compromise
food safety causing serious health risks and economic losses. Contaminants can be introduced
anywhere in the food supply chain at any of production, processing, packaging, transportation, or
storage. Similarly, they are broadly divided into three main types’ biological, chemical and physical
contaminants [6]. It is necessary to know about these contaminants, the possible sources and the
associated risks to then be able to implement efficient detection and prevention strategies. Biological
contaminants consist of chemical and physical agents mistakenly referred to as biological agents, as
well as microorganisms such as bacteria, viruses, fungi and parasites that can cause foodborne
illnesses. Bacterial pathogens common to humans include Salmonella, Escherichia (E.) coli, Listeria
monocytogenes, and Clostridium (C.) botulinum. If these bacteria have favorable conditions, they
can multiply quickly to cause food poisoning or even worse. They can also be contaminated by
viruses, such as norovirus and hepatitis A, spread through poor hygiene and poor practice in handling.
It produces mycotoxins, toxic compounds that may cause liver damage and cancer, and in the case of

fungal contamination, including mold growth [7].

The most common of biological contamination are those which occur as a result of poor food
handling, not cooked properly, cross contamination or unhygienic processing environment. These are
often transmitted through contaminated water or uncooked or poorly cooked food and poor personal
hygiene practices [8]. For the controlling of biological contamination in food products, effective
measures of detection and control, such as rapid microbial testing, Al based image analysis and
predictive modeling are needed. Chemical contaminants refer to toxic substances that may be
intentionally or unintentionally introduced in food. Pesticide residues, heavy metals (lead, mercury,
arsenic, and cadmium), food additives and industrial pollutants are also included in this list. In
agriculture, chemical pesticides are strongly used to protect crops of from pests and diseases [9]. To
be fair, pesticides help in controlling these pests but exposure to dangerous levels of pesticides can
also cause some long term health problems like cancer, some neuro disorders and imbalances in

hormones.

Heavy metals contamination of soil is largely due to environmental pollution, industrial waste or
contaminated water sources generally. These metals can build up in the body over time and are toxic.
Artificial additives, used by some food manufacturers to enhance flavor, color or shelf life, are another

potential contributor to the different state of antioxidant protein in the plasma [10]. Nevertheless, any
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misuse or prohibited substance in the product (such as melamine in milk products) is very harmful to
health. We have therefore developed Al powered analytical techniques including spectroscopy based

machine learning models and chemical fingerprinting as means to do so with high precision [11].

Foreign objects included as physical contaminants are glass shards, plastic fragments, metal pieces,
and stones that mistakenly enter food products. It is often contamination from this case, since poor
manufacturing practices, bad equipment or improper packaging of the product can cause these
contaminants. Choking may occur from physical contaminants, and physical contaminants may cause
injuries or gastrointestinal damage [12]. Increasingly, advanced Al driven imaging technologies such
as X- ray inspection, hyper spectral imaging, deep learning based object detection etc are being used
to detect physical contaminants in the food processing lines, leaving no room for any doubt regarding
product integrity and consumer safety. Food contaminants may pose health effects including
foodborne illnesses, organ damage, developmental disorders and increased cancer risks if presented

[13].

As such, in order to ensure food safety, global regulatory agencies like the Food and Drug
Administration (FDA), European Food Safety Authority (EFSA), and World Health Organization
(WHO) have set strict guidelines and permissible limits for different contaminants. There are now Al
powered food safety systems being embedded into compliance frameworks for better monitoring and
enforcement of food safety rules [14]. To effectively develop detection and prevention strategies, it
1s important to understand food contaminants and sources of contaminants. Modern Al and machine
learning technologies are becoming increasingly important for contamination detection and thus

improving the food safety of the consumers all over the world [15].
MACHINE LEARNING IN FOOD CONTAMINANT DETECTION

Machine learning (ML) has started to play a critical role in food safety by replacing traditional
methods of compounds detection by removing traditional techniques of compounds detection which
are expensive, slow and lack accuracy. With the help of large datasets, ML algorithms can uncover
the contamination patterns, classify food samples and can predict contamination risks. Unlike
conventional analysis methods based on extensive laboratory testing, ML models can process such
data in real time at nominal cost to food safety monitoring [16]. Advanced data processing techniques
using machine learning become essential to automate and improve the process of food contaminant

detection. At a high level, it identifies the contamination utilizing pictorial, sensor, and chemical
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compositions through the recognition of patterns. By integrating ML powered models to the
spectroscopy, hyper spectral image, biosensors, etc., food safety assessment can be done more

accurately and efficiently [17].
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Figure: 1 showing machine learning for contaminant food detection

Traditional methods cannot detect the smallest amounts of contaminants, but ML algorithms can.
Food samples can be analyzed right there with Al powered systems and the results are pretty fast,
requiring no extensive lab testing. Historical data can be used by ML models to forecast potential
contamination risks and therefore prevent foodborne outbreaks [18]. Labor and operational costs are
reduced through the use of automated detection systems, which also promote detection efficiency.
The functioning of the ML models depends on diverse and high quality datasets. key data sources for

training ML models for food contaminant detection are as follows:
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Near-Infrared (NIR) and Raman spectroscopy spectral fingerprints of food samples can be used by
chemical contaminants that ML detects. Detecting plastic, glass or metal fragments is widely
performed using hyper spectral and X-ray imaging. These images are analyzed by ML algorithms to
detect the foreign objects [19]. ML can analyze the chemical composition or bacterial growth pattern
and identify bacterial contamination or toxic chemical substances. Utilizing Internet of Things (IoT)-
enabled sensors, real time environmental data of temperature, humidity, and emissions of gases are
collected and ML models are utilized for spoilage and contamination risk forecasting. To enhance
food safety measures, machine learning is sometimes coupled with other cutting edge technologies
such as Convolutional Neural Networks (CNN’s) for analyzing food images for contaminants and

defects [20].

Food safety reports and consumer complaints can be analyzed by applying NLP techniques for
identifying the contamination trends. Block chain, combined with Al powered systems, boosts
traceability improving checks so that contaminating food products are quickly highlighted and
prevented from entering the food supply chain [21]. Large, diverse and well labeled data set can be
difficult to obtain for ML models. They have been designed as ‘black boxes’; i.e., it is hard to explain
how the model reaches a conclusion. Al for compliance must be explainable to regulatory bodies.
Training and deployment of ML models effectively requires high performance computing resources.
In order to implement Al based food safety solutions, there are strict food safety regulations which
are in place and are mandatory for all parties; however, these are different from one country to another

or across various regions [22].

However, in light of advances in Al and data science, we can expect machine learning to continue to
have a strong role to play for food safety. With better data collection techniques and advances in
developing more robust and interpretable Al models, Al powered food contaminant detection systems
will be more reliable [23]. Next, applying ML to edge computing and 10T is intended to allow for real
time food safety monitoring at every stage in the food supply chain. To sum it up, machine learning
has redefined the way food contaminants are detected by providing more efficient, accurate and
automaton ways of doing it without much reliance on the traditional methods. However this is
envisaged to be an ongoing challenge, advances in Al and ML technologies being made will continue
to offer safer and more transparent food safety practices for the benefit of the consumer, as well as

the industry stakeholders [24].
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MACHINE LEARNING TECHNIQUES FOR CONTAMINANT DETECTION

With the aid of machine learning (ML) techniques, the detection of food contaminant has been greatly
improved by automated, high speed, and highly accurate contaminant identification. They are
classified as supervised learning, unsupervised learning, and deep learning, with unique use for food
safety. One of the most commonly used approaches of ML in food safety is that of supervised learning.
It is training a model on labeled datasets, where the algorithm learns to look into known contaminant
patterns, and applies it to new data [25]. Several supervised learning methods commonly applied
include: SVM is useful for classifying food spectrum, chemical or image data to determine whether
they had been contamination. Spectroscopy—based contaminant detection is widely used and they are

employed [26].

ANNSs involve modeling the human brain which is very effective in the detection of contaminants in
complicated food matrices through recognizing complex patterns in large data sets. The algorithms
used are designed to classify food samples based on key contamination indicators such as pesticides,
microbial contamination and heavy metals in food. In case of large well labeled data, supervised
learning approach is most fitting [27]. However, their quality is dependent on the quality and diversity
of the training data. If the data on which you will be learning cannot be labeled, then unsupervised
learning is utilized. These models do not learn from predefined categories but instead learn what
patterns are and what is strange enough regarding the data, and thus may be employed to detect

contamination in dynamic environments [28].

The clustering algorithms reveal food samples with similar properties and detect abnormal patterns
that might reveal contamination. For instance, in microbiological testing clustering can show
abnormal growth in bacteria of food samples. Typically, anomalous models detect anomaly in normal
food properties which represents spoilage issue in food, adulteration of food and contamination of
food. Unsupervised learning is a very valuable technique for sensor based food monitoring systems
as it allows the discovery of unknown contamination patterns but may need further validation to verify
the results [29]. ML subset: deep learning has gained interest in food contaminant detection
particularly owing to its ability to analyze complex dataset with close to no human intervention. First,

these models, that is, neural networks, are most effective in processing visual and spectral data.

It is well known that CNNs are used for image based contamination detection. For example, they

analyze hyper spectral images as well as X-ray images in an effort to detect foreign objects (glass,
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plastic, metal, etc.) in food products. RNNs, which are used when processing sequential data, allow
to perform such kind of time-series analysis as monitoring trends of contamination in food supply
chains. Deep learning has proved effective for anomaly detection in predicting when food has been
adulterated and spoiled by reconstructing data and picking up deviations [30]. Although they are quite
accurate in contamination detection, deep learning models can only be run with large amounts of data
and high computational power. Food contaminant detection is revolutionizing with the help of
machine learning techniques as they provide an advance over traditional methods in terms of
analytical capabilities. Supervised learning has been the most used technique to detect known
contaminants but unsupervised and deep learning have become key to detect new, complicated
contamination patterns. As Al and data science continue to advance, the future of ML based food
safety seems quite promising to provide a cleaner, safer and the most transparent food supply chain

[31].

APPLICATIONS OF AI IN FOOD SAFETY

The food safety industry has been revolutionizing by the intelligence of artificial intelligence (Al)
that has improved contamination detection and developed monitoring systems and ensured supply
chain transparency. Machine learning (ML), block chain, computer vision, are among the developing
Al driven technologies that are redefining detection and control of food contaminants [32]. Following

are some of the key uses of Al in food safety:
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Figure: 2 showing applications of Al in food safety
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AI-POWERED SPECTROSCOPY AND IMAGING FOR CONTAMINANT DETECTION

There are widespread uses of spectroscopy and imaging techniques to detect chemical and physical
contaminants in food. These methods are enhanced with Al-powered systems that can study large
datasets very accurately. Al powered hyper spectral imaging is used to identify contaminants like
pesticide residues, heavy metals, and microbial growth in food samples by analyzing spectral
fingerprints [33]. Machine learning algorithms in X-ray and Computer Vision are used to detect

foreign objects like glass, plastic, metal etc in processed food.’

This is Raman Spectroscopy with Al, where Al is combined with laser-based spectral analysis to
identify chemical adulterants in such foods as dairy and oils, for example. Real time food quality
monitoring is widely done by the use of Al powered sensors. Data on temperature, humidity, gas
emissions, and microbial growth is collected by these smart sensor before contamination can spread
[34]. Al integrated IoT sensors monitor the perishable food products during the storage and
transportation in order to minimize the risks of spoilage and contamination. Al enhanced biosensors
are capable of detecting pathogens and toxins present in food samples timely to avoid the spread of
pathogens that may lead to poisoning. On the other side, Al in conjunction with a block chain acts as

an efficient tool to provide food traceability in order to make the supply chain transparent [35].

Al decodes block chain records to detect origin of food source, to find the contamination origin. Al
Powered Block chain Solutions: Solutions that check that food producers and distributors are
minimizing fraud and mislabeling by adhering to regulations for safety. However, Al in food safety
also needs to overcome several hurdles before it can be more widely implemented. Large, high quality
datasets are required for training Al models [36]. Currently, data on food safety is often fragmented,
inconsistent, or proprietary and thus is less effective for applying ML algorithms. Food regulators are
having a hard time interpreting why Al models make certain decisions because many Al models are
'black boxes.' Explainable Al is necessary for compliance with food safety laws and regulatory
agencies come in for them as well. Al based food safety solution deployment involves huge
technology, infrastructure, and skilled personnel investment. However, these solutions are not within

the reach of many small and medium sized SMEs (SMES) [37].

Researchers and industry experts focusing on different areas of advancement to overcome the current
challenges and for improvement in food safety. Hybrid machine learning and deep learning

approaches are being worked upon to further improve the accuracy for food contaminant detection in
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the next generation of Al models. Together, Al, 10T, and edge computing will help to quickly and
continuously monitor food contaminants in real time and remove the need for centralized processing
systems to perform this task [38]. With guidelines as noted above, policymakers and regulatory
agencies are working on guidelines to ensure ethical use of Al in ensuring food safety which mainly

involves transparency, data privacy and compliance to safety standards.

As such, Al fueled technologies are transforming food safety through advanced contaminant
detection, real time monitoring and toward better traceability. Challenges yet exist, including data
limitations, interpretability of the models, and high implementation costs, however, Al advances food
safety practices [39]. The reliability and accessibility of Al driven food safety solutions will continue
to improve as these are coupled with future advancements in other technologies como Al IoT e sua
regulamentac¢do. But, in the end, with Al being integrated into the food industry, it will result in safer
foods for consumers around the globe — losses to the economy, as well as health risks related to food

contamination will be reduced [40].
CHALLENGES AND LIMITATIONS OF AI IN FOOD SAFETY

The Al food contaminant detection and safety monitoring has made great advance; however, there
are still challenges for their application and adoption. This can be anything from data issues, to
regulatory issues or to the implementation costs. These are obstacles that need to be addressed so as

to ensure the successful integration of Al in food safety systems [41].
Data Availability and Quality Issues

The availability and quality of data is one of the main challenges to Al driven food safety. They are
dependent on large datasets, diverse, and well annotated, in order to work. However, in the food

industry, data is frequently:

Data is fragmented: it is collected in different points of the supply chain, thereby rendering the
format and structure inconsistent. Many food manufacturers and regulatory bodies do not have full
datasets of areas within a facility to test for each type of contamination, therefore limiting the data

required for an Al model to be effective to detect each type of contamination [42].

Many companies are proprietary: Companies hold their food safety data privately, thus not

allowing data sharing for research and model development. Inaccurate poor data leads to inaccurate
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Al predictions, thus reducing the reliability of contaminant detection systems. To address this
challenge, all industry stakeholders must agree upon standardized data collection practices and
alternatively make an effort to encourage teamwork between food safety organizations, researchers,
and Al developers [43]. The decision making of the Al models, more often deep learning systems,
often also functions as a ‘black box’, i.e. the process to make decisions are not easily explainable.
Regulatory agencies and food safety authorities are faced with this lack of transparency regarding
how the Al comes to its conclusion, as they need to vet and approve its use for critical food safety

applications [44].
Key regulatory concerns

There is Lack of Explain ability as regulatory bodies mandate Al models to have human
comprehensible explanations for the predictions. The consequence of the lack of this is that it’s hard

to rely on Al for food safety assessments [45].

Compliance with Food Safety Standards: The food safety standards established by the FDA, the
EFSA and the WHO must be respected, and the Al based detection method must comply with these
existing regulations. Currently, there are no standardized guidelines for Al-driven food safety [46]. If
an Al model is trained on biased or incomplete datasets, it may not effectively identify all the

contaminants, which will make it lead to unsafe food getting to the consumers.

To overcome these drawbacks, researchers are currently devising explainable Al (XAI) techniques
that provide regulators and food safety professionals with access to AI’s decision making process

[47].
Cost and Implementation Challenges

So, implementing Al driven food safety solutions is going to be an expensive process, requiring huge
investment with respect of technology, infrastructure and skill set. There are several factors creating
high cost of Al adaptation [48]. Al based contaminant detection systems need imaging devices,
sensors and cloud computing infrastructure in order to function, which obviously can get expensive.
There is a requirement for employees being trained to operate Al driven food safety tools and this

brings up in initial cost of investment for food manufacturers [49].
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IMAGING TECHNIQUES USED IN FOOD QUALITY
ASSESSMENT

X-ray Imaging:
15% RGB Imaging (Traditional)
30%

Multispectral Imaging
15%

tThermal Imaging
15% Hyperspectral Imaging

25%

Figure: 3 showing imaging techniques used in food quality assessment

Large scale implementation of Al in food safety needs Al to work together with the existing food
processing and quality control systems maintaining the same level of consistency and thus poses
scalability issues. Many small and medium size enterprises (SMEs) cannot afford to use their financial
resources to implement Al solutions [50]. To alleviate these issues, industry parties are currently
testing out cost efficient means of Al deployment such as outsourcing to cloud based Al services or
the use of Al powered mobile applications that enable smaller companies to access Al powered food

safety services without having to invest in extensive infrastructure [51].
ETHICAL AND PRIVACY CONCERNS

Typically, the data is collected from many places such as supply chain, manufacturer, and consumers
and so on, thus making use of Al food safety solutions. This has ethical and privacy concerns: Who
own the data collected by Al-driven food safety system? Should regulatory bodies be tasked with
reviewing food safety data in regards to food companies? If Al powered systems are collecting

consumer feedback on food safety then data privacy and security needs to be ensured [52]. If Al
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models trained for assisting in regulatory actions on food are trained with biased datasets, then the

regulatory actions on food producers may disproportionately affect some of these food producers.

Ethical Al frameworks must be developed, and compliance with data protection laws (like GDPR in
Europe) maintained in order to foster public trust in food safety systems driven by Al. Although Al
holds great promise to disrupt food safety, its broad market penetration is constrained by barriers such
as availability of data, regulatory hurdles, high implementation costs and the ethical implications. To
address these challenges they need to be solved by joining forces between researchers, regulatory
bodies and food industry stakeholders [53]. However, these limitations may be overcome by future
advancements in explainable Al, standardized data-sharing frameworks, and low cost deployment

strategies to enable the transformative use of Al in global food safety [54].

FUTURE DIRECTIONS AND RESEARCH OPPORTUNITIES IN AI-DRIVEN FOOD
SAFETY

With further advances of Al, its applications in food safety are anticipated to grow and enhance the
accuracy and efficiency in dealing with food safety issues as well as regulatory compliance. However,
there is still a lot of research and development to be done on some areas. Future studies will include
refining Al models, leveraging Al with rapid technological adoptions, and creating ethical and legally

acceptable frameworks related to responsible Al implementation in food safety [55].

Food contaminant detection is improving with the help of Al but more scope is there to make model

more accurate, faster, and reliable. Future research will focus on:

Hybrid AI models: These incorporate several machine learning tools like deep learning and
reinforcement learning; they help to increase the detection accurateness and reduce the number of

false positives [56].

Explainable AI (XAI): To enhance regulatory and food industry stakeholder trust, trust, developing
Al models with the ability to justify their predicted outputs with human understandable reasoning’s

will be crucial [57].

Adaptive AI Systems: Adaptive Al systems learning from new data, including the effects of data
tampering or real world contaminatisation, will further enable improvement of the models’ capability

to detect new classes of contaminants as they emerge [58]. The Al model can be trained on data that
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remains encrypted across multiple decentralized servers, according to Federated Learning for Data
Privacy, instead of centralizing food safety data. Use of Al to interface Internet of Things (IoT) and
edge computing will, in turn, revolutionize real time food safety monitoring and contamination
prevention. An Al augmented sensor would embed on the food storage and transportation systems
and continuously monitor the measures like food temperature, humidity, and gas emissions to prevent

spoilage and contamination [59].

Edge Al for Real Time Analysis: Prides itself in computing on local devices and thus enabling real
time contamination detection without the need for internet. This is especially useful to those living in
remote areas or food production sites [60]. By combining block chain and Al, food traceability will
be enhanced to eep out contaminated food products from the market in a timely manner. Block chain
records will be analyzed by Al in order to detect the risk of different things such as fraudulent food
labeling or contamination events [61]. Al integration with IoT and edge computing will make food
safety monitoring faster, more automated, and less dependent on centralized infrastructure, for both

large-scale manufacturers and small food producers.
ETHICAL AND REGULATORY FRAMEWORKS FOR AI-DRIVEN FOOD SAFETY

With the spreading use of Al in food safety, ethical guidelines and regulations for how the Al should

be deployed will be of crucial importance. Some key focus areas include:

Lack of Standardization in AI Regulations: There are various country specific food safety
regulations today which make Al based solutions hard to be deployed on a global level. Standardized
Al regulations must be created to avoid inconsistent Al marketing across different international
markets [62]. When creating guidelines that will help to prevent biased Al models in food safety
applications, regulatory agencies will have to outline guidelines that require diverse, representative

training datasets.

Food Safety Data and Al: Food safety is very necessary as world population is increasing rapidly
[63-66] and growing population is demanding more food. It goes without saying that Al relies heavily
on huge amounts of food safety data, whether it’s from food industry or from the customers. It is
critical that these data are protected and kept secure. As per traditional quality control measures, food

safety audits should be pursued for Al driven food safety system just as we have for food audits [67].

This will help develop ethical and regulatory frameworks for using Al in controlling these processes
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as well as building consumer trust in Al-powered food safety systems, and using them fairly and
responsibly in the food industry. Future of Al in food safety is promising with further development in
Al models, IoT integration and regulatory framework, which will lead to a better food safety
monitoring and contaminant detection [68]. Al accuracy will be improved, real time monitoring
would be enabled by IoT and edge computing and global regulatory standards would be set up by the
food industry through Al to ensure a safer and more transparent food supply chain. To realize AI’s
potential in serving public health and enhancing global food security, further research and working

with food safety regulators and industry stakeholders will be needed.
CONCLUSION

Artificial intelligence (Al) has been incorporated into the development of food safety, a field in which
it has presented great advances in contaminant detection and real time monitoring, as well as supply
chain transparency. Methods based on Al, including machine learning and deep learning, as well as
computer vision, improve the accuracy and the efficiency for detecting chemical, microbial and
physical contaminants in food. Issues associated with automation of traditional food safety practices,
most directly, due to accelerated capacity for detection, reduced human error, and rapid decision
making through emerging technologies. Nevertheless, some concerns need to be resolved to make

sure Al can thrive in the food industry.

The first challenge is data availability and quality. This is where the food industry is and Al need
large, well labeled, diverse data set, data sources in the food industry however are scattered,
inconsistent and sometime proprietary. Standardized data sharing framework is necessary for
realizing Al powered food safety systems. Further, the complexity of many Al models and their 'black
box' output make them difficult to regulate, as food safety authorities as well as more general
regulatory authorities will require explainable Al (XAI) to achieve transparency in decision making
processes. The challenge for developing regulatory compliant and widely industry adopted Al model

is to build interpretable Al models with clear and interpretable justifications of predictions.

Barriers to implementing Al driven food safety systems include cost and implementation challenges
especially to small and medium enterprise SMEs. The costs of Al infrastructure such as advanced
sensors, computing resources and personnel may be cost prohibitive for the initial investment.
However, cloud-based Al services, federated learning, and Al enabled mobile applications are

emerging technologies that make Al accessible, affordable for all sizes of food manufacturers to
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leverage the advantages of Al technology. A further exciting development is the integration of Al with
Internet of Things (IoT) devices and edge computing for real time food safety monitoring without
dependence on the availability of centralized data processing. These will greatly enhance

contamination monitoring, food storage monitoring and the overall supply chain management.

With the growth of Al adoption, ethics and regulation must be kept in mind. In order to sustain trust
in Al driven food safety solution, ensuring data privacy, preventing Al bias and establishing global
Al standards will be the most important components. Therefore, policymakers and industry
stakeholders have to jointly devise comprehensive guidelines for the use of Al applications in food
safety and foster innovation and efficiency. Furthermore, Al models need to be thoroughly tested and
validated to guarantee accuracy in real world scenarios, so that people’s lives across the country are
not risked. There is an opportunity for Al to do for food safety what it’s doing in healthcare: to deliver
faster, better, more automated contaminant detection and monitoring solutions. Nevertheless, to
overcome obstacles like data limitations, regulatory concerns, and implementation costs, research is
continuously evolving and paving the way towards an easy incorporation of Al into the food industry.
Working in tandem, researchers, policymakers, and food manufacturers will continue to collaborate
to leverage Al food safety solutions to help improve the global food supply chain to more safe,

resilient, and transparent.
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