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ABSTRACT  

      In the twenty-first century, food safety is a challenge requiring increasingly capable systems for 

detecting hazards that often remain invisible to sight, including microbial contamination, oxidative 

deterioration, small changes in composition, adulterations hidden by globalized and fragmented 

supply chains. Ensuring the quality and integrity of food today requires both regulatory compliance 

and real-time monitoring. In this complex environment, Artificial Intelligence (AI) can support us 

effectively through controls based on past problems and errors and by predicting risks in advance.  

 Methodologically, this article relies on a narrative review of peer-reviewed scientific works, 

synthesizing broad international research as well as key studies conducted at the Signals and Images 

Laboratory of the National Research Council (CNR-ISTI). The analysis covers advancements in 

precision agriculture related to wheat quality, image classification and segmentation, visible and 

hyperspectral assessment of milk quality, and the potential of extending these methodologies to rice 

bran oil authenticity. 

 The results describe five main points: 1) the significant contribution of AI to prediction, anomaly 

detection, and multimodal information interpretation; 2) how modern methodologies use computer 

vision with hyperspectral imaging, spectroscopy, and machine learning methods; 3) concrete cases 

demonstrating that computational systems can detect information invisible to sight and unaided human 

perception, though they remain dependent on domain-specific data and expert validation; 4) AI allows 

for the analysis of huge amounts of data that a human could not handle quickly, however, it should 

not be used as an autonomous solution, but as a decision support tool that only works when integrated 

into a well-organized system of laboratory tests, sensors, and clear rules; 5) the final decision about 

using AI for new problems, must be made by expert researchers and scientists who have to study it to 

ensure it is seeing and learning information correctly, and that are essential to validate the integrity of 

automatic results. 
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1. Statement of the Problem  

      Food safety is essential for the health of all living things, not just humans. It determines 

consumer trust and is an essential component that cannot be guaranteed by end-of-production 

checks alone. According to recent estimates by the World Health Organization (WHO), unsafe 

food causes approximately 600 million human illnesses and 420,000 deaths each year, of these, 

40% are children under 5 years old, moreover, more than 200 foodborne diseases are known 

(World Health Organization, 2024).  

      Besides being important for human health, safe food is also useful for promoting sustainable 

trades and tourism, and to foster consumer confidence.  

      However, food safety has become more complex today due to global warming altering crops:   

before reaching our tables, food is subjected to stress because products travel thousands of 

kilometers in different conditions, and during the various stages of their preservation, they are 

exposed to various risks. 

Today's production processes have become scientifically complex, because problems are often 

invisible to the naked eye: some adulterations could make food appear perfect, but they may hide 

dangerous defects such as bacteria, oxidation, or other chemical alterations. 

The quality of the controls is fundamental not only for the product examined, and as we have 

above said for human and animal health, but also for the waste of resources and money, US$ 110 

billion is lost each year in productivity and medical expenses resulting from unsafe food in low- 

and middle-income countries, as well as for the image of the food producer which is damaged 

(World Health Organization, 2024). 

The challenge is therefore both technical and strategic, appearances are often deceiving, and it 

is necessary to find methods to make any risks visible as soon as possible so that intervention can 

be made antecedent or at least in time to avoid damage when it is already too late. 

The Food and Agriculture Organization of the United Nations (FAO) defines the right to food 

as a universal human right, while WHO places food safety in a general One Health context in 

which human, animal, and environmental health are interconnected and influence each other. 

Therefore, it is not enough to check a label or the expiration date of a product; it is essential to 

protect the entire ecosystem and agricultural life cycle to have safe food on our tables (Food and 

Agriculture Organization of the United Nations, n.d.; World Health Organization, 2023). 

Ensuring food safety requires more than simply complying with regulations and conducting 

random post-production checks. A holistic system capable of considering health needs, 

ecosystems, and market dynamics is essential. 

In this context, where the factors at play are complex and multiple, Artificial Intelligence is an 

essential tool capable of integrating various data sources, not to replace, but to support the 

decisions of experts in the sectors involved, enabling and improving controls and making them 

predictive and comprehensive (Dimitrakopoulou and Garre, 2025; Food and Agriculture 

Organization of the United Nations, 2025). 

 

2. Objectives  

      This article pursues five objectives. 

      2.1 First objective: Food safety cannot consist of a final check to discard non-compliant 

products, but must be the ability to monitor and make transparent all stages of the supply chain, 
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so as to enable risk prevention and intervention as early as possible upstream, transforming safety 

into a proactive system that runs continuously throughout the entire production process. 

      2.2 Second objective: The main AI methods most used in research must be integrated in order 

to classify products, select them based on their qualities in a non-destructive way so as to analyze 

food in the most precise and smart way. 

      2.3 Third objective: This paper presents an analysis of some artificial intelligence techniques 

used in research to classify and analyze food quality, providing several practical examples of real-

world cases to make the theoretical concepts more concrete, showing applications that 

demonstrate how these technologies work. 

      2.4 Fourth objective: In addition to the results obtained and already tested, ideas for the future 

are hypothesized that require further testing.  

      2.5 Fifth objective: A series of practical tips aimed at researchers, institutions and 

professionals are provided, in order to explain how to use and transform experimental prototypes 

into real, safe, and reliable systems. 

      2.6 Secondary objective: Beyond the primary objectives, the true scientific frontier lies in 

integrating artificial intelligence as a 'third eye' for the expert, a tool that amplifies perception, 

capable of bringing out latent details and connections in multidimensional spaces that the human 

eye, random checks, and traditional working methods could not see. 

 

3. Conceptual Framework and Hypothesis 

AI can improve food safety by addressing at least the following areas: managing the complexity 

of the modern food system, influenced by climate and logistics; improving observability by 

identifying invisible danger signals within fragmented and confusing data; and providing human 

"help" to help experts make evidence-based decisions. Often the essential in food is invisible to 

our eyes, because many of the potential risks are chemical and biological, and their identification 

requires analytical tools that go beyond human perceptions. On the other hand, we have an 

invisibility of the technologies since it is complex to decipher the models that can be black boxes, 

and, therefore, we have to implement and request transparent tools and rules to know how they 

work. 

AI efficacy depends on fundamental pillars such as: a) the quality of information, such as clear 

images or precise parameters to “see” what is happening; b) models must be trained on verified 

information or  acquired from certified laboratory systems or from the opinion of human experts 

so as not to learn from incorrect data; c) the results of a system cannot be evaluated with a single 

test; they must be tested several times and in different situations to exclude the possibility of 

random responses; d) when information concerns public health, humans must control the results 

and have the final decision; it can't be left to a machine. Without this foundation, disasters are a 

risk. 

 

4. Research Methodology  

 This article adopts a narrative review supported by evidence from scientific practical cases. 

Regarding the state of the art about observability, complexity, and translational food-safety 

innovation, authoritative sources such as the WHO and FAO are used, as well as recent studies 

on AI, hyperspectral imaging, Deep and Machine Learning for image and food quality analysis. 

      Instead of a narrative overview, agro-industrial cases, including wheat and milk quality, the 

Efficient Adaptive Ensembling method, visible and hyperspectral analysis of milk quality, and a 

forward-looking application scenario in rice-bran oil, are treated with scientific rigor. Here the 

core is the abductive logic, starting from solid cases taken from the literature to verify whether the 

theory is confirmed in practice, so as to be able to draw conclusions and ideas for future 
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collaborations and innovations, maintaining due caution with the results and providing a strategic 

vision for the food safety sector. 

 

5. Results 

      5.1 Results from the literature synthesis 

Artificial intelligence is transforming food safety management, from a system based on final 

product inspection to a proactive and predictive prevention model. As described by FAO (Food 

and Agriculture Organization of the United Nations, 2025), this enables the analysis of huge, 

complex, and heterogeneous data to anticipate risks before they are even visible. The value of this 

new technology as in (Dimitrakopoulou and Garre, 2025) is the ability to perceive data, reason 

about it, and act in a continuous cycle supporting real-time decisions. This is in line with this work 

thesis claiming that the key role of AI is to support early interventions when risk is still invisible 

(or barely visible) or can be distributed across data sources. 

International research, which began with "simple" models for image recognition, is now 

producing more advanced models capable of considering both minute details and the general 

context, enabling the identification of complex objects, useful for the analyses required for 

precision agriculture.  

Innovative techniques that adapt pre-trained models, such as Transformer-based architectures 

and CNN-transformer hybrids, have achieved very high accuracies in recognizing food 

components (Lin et al., 2025). 

Foundation-model approaches (Lan et al., 2025) are also becoming relevant in food-image 

segmentation. Alahmari et al. (2024) showed that Segment Anything, combined with Low-Rank 

Adaptation (LoRA), can outperform prior food-image segmentation approaches, reaching 94.14% 

accuracy on the target task. 

Furthermore, the use of deep-learning regression to analyze chemically or physically latent 

information, obtained for example through spectroscopy, near-infrared (NIR) and hyperspectral 

imaging (HSI) (Yang et al., 2025) allows to measure food quality and freshness in a non-

destructive way (Xiao et al., 2025), and also to monitor oxidation, to detect adulterations, to assess 

authenticity and other classification issues in which ordinary vision is insufficient. 

To measure the effectiveness of a ready-to-use AI, it is not enough to consider only the success 

rate in tests, because even when it is very high, scientific literature brings us back down to earth 

by telling us that in reality there may be problems that can compromise its reliability, such as the 

quality of the data or annotations used to train it, domain shift, calibration transfer, instrument 

variability, and limited interpretability (Dimitrakopoulou & Garre, 2025; Xiao et al., 2025; Yang 

et al., 2025). 

These results reinforce the thesis that AI systems’ ability to identify latent patterns hidden 

from human perception cannot be left to act autonomously, therefore, a Human-in-the-Loop 

(HITL) approach is crucial, requiring continuous and rigorous validation, final human control, in 

addition to clear regulatory frameworks. 

      5.2 Representative research streams in AI-enabled food safety (summarized in Table 1A) 

      Many are the examples demonstrating an effective transition from theory to practice in the  

real-world use of artificial intelligence (some of them are represented in Figure 1). 

Imagine having cereals or nuts that appear healthy but as a matter of fact contain dangerous 

toxins (mycotoxins). Since these substances are invisible to the naked eye and unevenly 

distributed, it is very difficult to detect them without destroying the product and analyzing it in a 

chemical laboratory. 
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To detect them, hyperspectral cameras can be used, which see beyond human vision and are 

able to detect differences in reflectance between the different chemicals present, creating a true 

light fingerprint. Artificial intelligence (AI) models are trained to distinguish the typical 

reflections of healthy foods from those of contaminated foods in order to identify any chemical 

risks quickly and without damaging them. While these methods require periodic calibration in the 

laboratory, they represent a significant advance because they allow for the automatic measurement 

and detection of hazards before they become visible, making foods much safer (Kabir et al., 2025).  

Artificial intelligence is essential to ensure food authenticity and safety. Risks can come from 

accidental contamination, but also from fraud, for example mixing high quality ingredients with 

lower quality ones, false labelling, and not providing information on the origin of the product. 

The latest research is using a suite of advanced tools to tackle these problems, from DNA 

analysis and chemical signals to technologies like blockchain and the Internet of Things. Such 

approaches are particularly useful for cases such as rice bran oil, where authenticity is secured by 

entering the product into a global control system.  

The strength of this method resides in the combination of scientific information with 

mathematical models able to predict irregularities and to guarantee maximum transparency under 

the control of experts who validate (Marín et al., 2025). 

There is also a need for better tools to validate the origin and certainty of information, that is, 

when, how and where the data was collected, to guarantee that codified knowledge is authentic 

and unaltered. 

Genomic surveillance provides a complementary type of AI-enabled observability by providing 

microbiological risk information at the level of pathogen relatedness, clustering, and source 

attribution. The power of whole-genome sequencing for surveillance of foodborne pathogens 

Pijnacker et al., (2025) describe the implementation of whole-genome sequencing for surveillance 

of foodborne pathogens, highlighting both its analytical power and the organizational 

requirements. This stream goes beyond images and spectra to expand the paper, demonstrating 

that food safety complexity also comprises microbial evolution, antimicrobial resistance, outbreak 

detection, and one health data exchange. The example supports the case that AI and advanced 

analytics should be embedded in expert-led surveillance systems and not seen as autonomous 

decision-makers. 

Artificial Intelligence for shelf-life prediction and predictive microbiology, shelf-life prediction 

adds the time dimension to food safety. The aim is not to classify a product at the time of 

inspection, but to predict how risk, quality, and degradation will change over time during storage, 

transport, and distribution. Rashvand et al. (2025) discuss recent AI-based methods for predicting 

shelf life of different food products using machine learning, deep learning, hybrid models, and 

non-destructive sensing data. This is a sector directly linked to complex supply chains where 

interaction over time between temperature, humidity, logistics, packaging, and product 

composition occurs. It also reinforces the need for validation in real operating conditions, as a 

model working on a controlled dataset may fail when the distribution context changes (Rashvand 

et al., 2025). 

Industrial machine vision for defects, foreign materials, and process monitoring. A more 

operational example of AI-enabled food safety is machine vision, particularly on high-throughput 

production lines where rapid inspection is required. Zhao et al. review the application of machine 

vision in food computing, including applications in quality assessment, safety monitoring, process 

control, classification, and industrial production. Unlike hyperspectral or genomic systems, this 

family of methods frequently finds visible or near-visible anomalies like defects, foreign 
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materials, packaging mistakes, surface damage, or process deviations. It is valuable for this article 

because it connects advanced AI methods to common industrial inspection problems, where speed, 

low cost, and reliability are central requirements (Zhao et al., 2025). 

 

 
 

Figure 1 Representative AI-enabled food safety streams:  

from invisible risk to expert decision 

 

Table 1 Literature-based examples of AI-enabled food safety applications    

Case Data modality 

Computational 

/ AI-related 

task 

Evidence 

status 
Limitations 

Mycotoxins 

in cereals 

and nuts 
(Kabir et al.) 

HSI + machine learning 

non-destructive 

contamination 

screening 

recent 

international 

review 

requires 

standardized 

sampling, spectral 

calibration, 

external validation, 

and reference-

method 

confirmation for 

regulatory use 

Food fraud 

and 

authenticity 
(Marín et 

al.) 

spectroscopy, imaging, 

chromatographic/spectrometric 

methods, DNA assays, 

sensors, ML/AI, blockchain 

adulteration, 

substitution, 

and authenticity 

detection 

recent 

international 

review 

requires product-

specific validation 

and traceability 
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Table 1 (continued) 

Case Data modality 

Computational 

/ AI-related 

task 

Evidence 

status 
Limitations 

Foodborne 

pathogen 

surveillance 
(Pijnacker et 

al.) 

whole-genome sequencing + 

epidemiological data 

clustering, 

source 

attribution, and 

outbreak 

surveillance 

expert 

guidance 

requires 

infrastructure, data 

sharing, expertise, 

and governance 
  

Shelf-life 

prediction 
(Rashvand 

et al.) 

sensors, spectroscopy, HSI, 

machine vision, metadata 

dynamic quality 

and risk 

forecasting

 
  

recent AI 

review 

product-specific 

variability, data 

availability, model 

generalizability, 

and computational 

cost 

Industrial 

machine 

vision 
(Zhao et al.) 

machine-vision / image-based 

data 

defect, foreign-

object, and 

process-

anomaly 

detection 

recent 

review 

limited to image-

capturable traits; 

requires dataset 

representativeness 

and line-specific 

validation 

 

      5.3 Applied research cases and translational scenarios (summarized in Table 2) 

In the GranoScan project (Dainelli et al., 2024), funded by Barilla S.p.A. to improve wheat quality 

and health monitoring: today, thanks to this application, farmers can use an app directly in the 

field that very simply allows them to take a photograph from a cell phone or tablet and have an 

analysis of what was captured by the camera in almost real time (0.2 seconds). 

      The images are in fact sent to the most suitable Deep Learning model among a series of models 

developed to manage them as quickly and safely as possible, demonstrating that methods and 

technologies can arise from concrete needs in the real world and not just within laboratories. 
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                     Figure 2 GranoScan mobile output for early weed identification:  
                                    Papaver rhoeas seedling, approximately 2 mm, classified from a   

                                    smartphone image 
 

The implemented Deep Learning models are able to detect the presence of about 100 issues 

among weeds, insects, and plant diseases that can interfere with proper wheat development, 

facilitating the initial diagnosis. This application provides targeted, science-based advice for 

precise and sustainable field interventions, reducing environmental impact and ensuring healthier, 

residue-free wheat, optimizing yields and minimizing waste while ensuring the rigorous safety 

standards required to produce pasta and baked goods. 

      Of course, there are limitations that can be overcome by correcting incorrectly annotated 

images, increasing the number of images needed to train the models, or improving the models 

themselves. 

However, it is also true that in most cases, those models developed have advanced the state of 

the art, and in the case of young wheat weeds, it is often observed that AI models outperform 

agronomists in identifying them (Figure 2), given that experts only know which plant it is because 

the pot indicates what was sown, but they are unable to recognize it with the naked eye. 

Furthermore, the system works with extremely low resource consumption as it only requires 

a smartphone from the user and a computer with minimal resources from the service manager. 

Another example is of a methodological nature: in (Bruno et al., 2025) was proposed a novel 

method to boost image classification performances without increasing complexity in contrast to 

the current trend of significantly increasing it despite yielding negligible improvements A new 

ensemble has been proposed, named Efficient Adaptive Ensemble, the algorithm is based on 

training two "weak" EfficientNet-B0 models, the least complex EfficientNet architecture that 

optimizes the balance between depth, width, and network resolution, ensuring high accuracy with 

low complexity. Then, unlike traditional ensembles that average the final results, this method does 
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not use a final classification layer but performs feature-level integration: it concatenates the 

vectors extracted by the two "weak learners" (Figure 3). 

This adaptive fusion transforms the ensemble into a data-driven process, where a single final 

linear layer processes the combined information very efficiently, capable of achieving high 

performance with dramatically reduced complexity and therefore computational load, 

outperforming the state of the art on several major benchmarking datasets by an average of 0.5 

percentage points, using 5 to 60 times fewer parameters and 10 to 100 times fewer FLOPs. 

While this example wasn't specifically designed for food matrices, but was later integrated 

into the GranoScan app, its relevance to food inspection is straightforward: production systems 

require high accuracy, even when faced with latency, cost, and implementation constraints.  

These, like other examples, for instance connected to plant diseases including Olive tree (Bruno 

et al., 2023), are chosen to demonstrate the technical solutions needed when the image-based 

quality control must meet real-time and low-cost constraints. 

  
      

     Figure 3 Efficient Adaptive Ensembling architecture: feature fusion of two EfficientNet-B0   

                    weak models for final classification 

 

      Another laboratory example deals with semantic segmentation of maize fields and weeds from 

RGB images taken by unmanned aerial vehicles (UAVs). In this study (Martinelli et al. 2026a), 

142 images from two maize fields were processed with U-Net-based models for the segmentation 

of maize plants, weeds, and bare soil using grouped 5-fold cross-validation. An ablation study on 

a comprehensive U-Net baseline with ResNet-101 encoder, attention, deep supervision and 

physics-inspired regularization showed that the best overlap-based performance was achieved 

after removing deep supervision, while the lowest boundary error was achieved without attention. 
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   Figure 4 UAV RGB segmentation of maize and weeds: raw image (RAW), model prediction  

                  (PRED), and ground-truth annotation (GT). Marked regions highlight small-plant  

                  and annotation/boundary issues affecting segmentation metrics 

 

The Excess Green parameter did not provide any benefit. Fixed-threshold reconstruction was 

always worse. Our results also indicated that the quality of the annotation is important: isolated 

mislabeled weed pixels at the edges of the image (Figure 4) can increase the distance-based 

metrics such as HD95. Therefore, the overlap metrics and visual inspection were more reliable for 

evaluating the weed segmentation in this dataset. 

Furthermore, there is a lack of tools that determine the origin and certainty of the information, that 

is, the conditions relating to the times, methods and places of origin of the information and proof 

and certainty that the codified knowledge is actually such. 

In another recent study the analysis of milk was documented (Martinelli et al. 2026b): 52 cow's 

milk samples were analyzed using visible imaging analyzing photos taken with a cell phone, and 

images acquired using a near-infrared hyperspectral camera (Figure 5) capable of seeing beyond 

the visible spectrum. 

 

Figure 5 Hyperspectral imaging setup used for non-destructive milk quality assessment 
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By correlating these data with laboratory biochemical measurements, Machine Learning 

methods were able to distinguish milk samples by storage time (T0 vs. T12 weeks) with a very 

high accuracy and determine whether the cows had been treated with antibiotics. The system was 

also able to measure chemical and nutritional properties (e.g. fatty acids and antioxidants) with a 

high precision. 

 

Table 2 Application-oriented research cases and prospective extension scenario 

 

Case Data modality 
Computational / AI-

related task 

Evidence 

status 
Limitations 

Wheat quality 

/ GranoScan 
RGB/mobile images 

classification, early 

warning 

applied 

industrial 

case / peer-

reviewed 

method 

insufficient or 

inconsistent 

annotations in 

some cases 

Efficient 

Adaptive 

Ensembling 

image datasets efficient classification 

peer-

reviewed 

method 

not originally 

developed for food 

matrices; food-

safety transfer 

tested in selected 

application 

contexts 

Maize and 

weeds 
RGB UAV images semantic segmentation 

preprint / 

empirical 

case 

difficulty in 

segmenting small 

plants; annotation 

noise 

Milk quality 

assessment 

visible + 

hyperspectral imaging 
classification/regression 

preprint / 

empirical 

case 

limited sample size 

Rice bran oil 

authenticity 

spectral/compositional 

data 
authenticity assessment 

prospective 

research 

scenario 

transferability still 

unvalidated 

 

      5.4 Cross-case interpretation 

A number of research studies on mycotoxin detection in cereals, oilseeds and nuts as reviewed by 

Kabir et al. (2025), confirms that hyperspectral imaging information combined with Machine 

Learning can reveal contamination-related signals that are not detectable by visual inspection 

alone, confirming that AI-based observability is particularly valuable when risk is latent, 

distributed, and chemically mediated. 

 In the specific case of fusariosis, AI-based imaging can support the early identification of 

Fusarium-related symptoms and potential mycotoxin risk in this way the system can be able to 

predict the risk of accumulation of mycotoxins such as deoxynivalenol (DON). 

Such systems should be interpreted as screening and decision-support tools rather than 

replacements for chemical confirmation. Their practical value lies in helping experts decide 

whether separate batch management, additional testing, or targeted intervention is required before 

milling. 
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The examples provided should not be considered isolated findings, but as concrete examples 

of extensive international research. In mycotoxin detection, food authentication, pathogen 

genomics, predictive microbiology, and industrial visual inspection, artificial intelligence is 

increasingly being used to transform weak, latent, or high-dimensional signals into useful 

information to support expert decisions.   

 In the samples related to wheat and milk, the AI showed capabilities that exceeded unaided 

visual inspection in specific, well-defined tasks, being able to determine chemical details or tiny 

signs of deterioration that the human eye could not detect. 

 Although AI is faster and better at calculating, it relies on data collected and provided by 

humans and cannot decide what is acceptable and what is not without human judgment. 

Responsibility cannot be delegated to AI in cases where human safety, laws, or market quality are 

at stake, because without transparency, it would also damage consumer trust. 

 AI must be designed to support and enhance the humans not to replace them, both are imperfect, 

but humanity must provide wisdom guiding AI in order it can provide suggestions acting also as 

a critical counterweight, stimulating reflection in case of doubts and even for human mistakes.  

 Regarding the rice bran oil example, a clarification and a caveat are necessary: if a method, 

whether AI or otherwise, is capable of distinguishing a good product from a bad one, for example, 

good wheat and wheat from weeds, or milk with high antioxidant qualities from less valuable 

milk, it's not guaranteed that it can be reused to identify other problems, such as whether rice bran 

oil is high-quality or not.  

 Each item or product has different physical and chemical characteristics, and we can't say 

whether the AI already used for milk will work equally well for oil; that would be unprofessional. 

Humbly, what works in the field is an excellent hypothesis for trying to understand whether 

research is effective for other problems. Furthermore, what the human eye can see can be 

indicative of whether AI can be applied to help us, but there is no scientific certainty without the 

scientific method. 

6. Conclusion and Discussion  

      The greatest challenges and dangers today are not, or at least no longer, identifying a damaged 

food or a bad odor. They are rather the things we don't see, like bacteria and chemical residues. 

Unfortunately, we often only notice problems when someone is already sick or when it becomes 

necessary to throw away large quantities of products, sometimes resulting in enormous economic 

losses.  

AI has become useful today because it extends human capabilities, analyzing spectral 

information that can reveal the chemical composition of food, statistical data to predict where a 

new foodborne epidemic might start based on previously collected data, and complex information 

such as transportation connections, temperatures, and humidity that a human would be unable to 

mentally assess, analyses that only scientists can interpret responsibly. 

Having powerful AI isn't enough to make a difference; it must be built on solid and responsible 

foundations. The question we need to ask ourselves isn't how powerful the model is, but whether 

it has been implemented using an ecosystem of solid components, made up of high-quality, non-

randomly collected information, capable of providing explainable results, evaluated by human 

experts who certify its correct functioning, and ethically sound, with each component having clear 

accountabilities. 

Only under these conditions, an AI can be considered a credible, trustworthy tool for health 

protection, that is safe, traceable, and efficient. 
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These cases help to better understand the problem. With wheat, for example, it's clear how 

automation serves first and foremost to eliminate the arbitrariness of human judgments in the 

factory. Adaptive Ensembling demonstrates a simple fact: a huge and expensive model doesn't 

necessarily perform better than a lean one.   

Milk hyperspectral imaging is also interesting, indicating that sometimes a seemingly basic 

image is enough for extracting complex chemical data, as long as it is supported by a solid analysis 

method behind it. With rice bran oil instead, the message is of caution, since we can't take a 

system's flexibility for granted until we test it in the field.   

In essence, AI can make food safety much more transparent, but only if we maintain a rigorous 

scientific approach.   

It's important to stay grounded on rice bran oil, because until it's tested, it won't be clear whether 

the system will work.  

In conclusion, Artificial Intelligence can help us understand the food we eat, but the data must 

be validated in the field by experts. The use of hyperspectral cameras allows us to see beyond the 

visible, but it complicates matters because the data must be interpreted and correlated with 

traditional instrumentation. Food safety must be supported by an integrated system of checks, and 

humans must perform the final check responsibly. 

 

7. Suggestions 

      This work would like to suggest some directions for future research, starting with the creation 

of multimodal benchmarking datasets including images, spectral data, laboratory reference values, 

and information related to industrial processes to facilitate comparisons between different studies. 

      To prevent risks, it is essential that AI models applied to food and health safety, especially 

when systems are proposed for early warning or screening rather than retrospective classification, 

should be tested regularly, assessing their ability to adapt to different cases, and also their 

reliability. 

      At the same time, research must focus on developing low-complexity, efficient models capable 

of operating accurately even with instruments with power and speed limitations, thus consuming 

less energy. 

      For valuable products, such as rice bran oil or comparable matrices, clear control protocols 

must be defined including precise sampling, testing under different conditions, and comparative 

analyses with reference compositional analytics to explain the results, as well as optical and 

hyperspectral acquisitions. 

Academia and funders should also reward the novelty and accuracy of the work, as well as its 

replicability and governance readiness.  

      Given that this paper originated from a keynote lecture, future work could extend this reflective 

and translational perspective by more broadly comparing international research contributions and 

placing the suggested cases in the wider scientific and technological context of AI-enabled food 

safety. 
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