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ABSTRACT 

The agri-food sector plays a strategic role at the global level, not only for its primary function of 

nutrition and public health protection, but also for its economic, environmental, and social 

implications. Population growth, supply chain complexity, and the increasing demand for efficiency 

and sustainability pose new challenges to ensuring food quality, safety, and traceability. 

Traditional analytical methodologies of chemical, physical, and microbiological nature remain 

fundamental tools due to their high accuracy and regulatory validation. However, their high cost, long 

analysis times, and limited applicability for rapid and real-time monitoring reduce their effectiveness 

in modern production environments. 

In this context, smart sensing technologies — in particular, devices based on metal oxide (MOX) 

sensors — represent an innovative and sustainable solution for rapid and non-destructive food quality 

assessment. Owing to their chemoresistive response and the possibility of integration with IoT 

platforms, MOX sensors enable the analysis of volatile organic compound (VOC) profiles and the 

development of predictive shelf-life models, thereby contributing to waste reduction and greater 

transparency across the food supply chain. 

This PhD thesis presents several research projects that integrate traditional analytical methodologies 

with innovative approaches based on MOX sensors. The case studies involve different matrices and 

objectives, ranging from the assessment of freshness in fruit and meat products to the production of 

baked goods and fermented derivatives designed to meet consumer preferences. 

The obtained results show a remarkable correlation between reference techniques (GC–MS, 

microbiological, and sensory analyses) and the responses provided by nanostructured sensor devices, 

confirming the reliability, sensitivity, and robustness of MOX-based systems. These findings 

highlight that electronic noses and MOX sensors can serve as effective tools for the evaluation of 

food quality and safety. 

Overall, MOX sensor technologies represent one of the most promising frontiers for the future of 

agri-food monitoring. Their integration with machine learning algorithms and IoT systems paves the 

way for intelligent and adaptive devices capable of operating in real time and supporting quality 

management and sustainability throughout the entire production and distribution chain. 
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1 

INTRODUCTION 
 

Access to safe and nutritionally adequate food is recognized as a fundamental right of every 

individual, as already established in 1992 by the World Declaration on Nutrition promoted by FAO 

and WHO. 

Today, the agri-food sector is not only a source of nourishment but also a strategic pillar that directly 

affects public health, economic development, environmental protection, and social cohesion. 

However, global population growth, the lengthening of supply chains, and the constant pursuit of 

efficiency and sustainability make it increasingly complex to guarantee food that is safe, high-quality, 

and traceable. 

These challenges are further compounded by changes related to market globalization, migration and 

tourism flows, population aging, and evolving consumption habits. Moreover, new critical issues have 

emerged due to climate change and extreme weather events, which increasingly affect food 

production and safety. In such a dynamic context, the risk of contamination and the spread of 

foodborne diseases are amplified, making food safety an indispensable priority for collective health 

[1]. 

Within this framework, the Codex Alimentarius plays a pivotal role. It represents a comprehensive 

collection of internationally recognized standards, guidelines, and codes of practice, whose primary 

objectives are the protection of consumer health and the promotion of fair practices in the food trade. 

The governance of the Codex is entrusted to the Codex Alimentarius Commission (CAC), a joint 

intergovernmental body established by the Food and Agriculture Organization of the United Nations 

(FAO) and the World Health Organization (WHO), comprising 186 Member States, one Member 

Organization, and more than 200 observers from civil society. Almost all food products traded 

worldwide fall within the scope of Codex standards, which contribute not only to ensuring the safety 

of the global food supply but also to facilitating international trade. At the same time, these standards 

serve as a fundamental reference for the development of national food policies, reinforcing food safety 

as a core pillar of global food security. 

The Codex Alimentarius is subject to a continuous updating process coordinated by FAO and WHO, 

aimed at incorporating the latest scientific evidence, addressing emerging risks to consumer health, 

and ensuring regulatory harmonization in an increasingly globalized food market. The most recent 
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update was adopted on 14 November 2025, reflecting the need to align existing standards with 

advances in scientific knowledge, technological innovations in food production, and evolving 

international trade dynamics, while maintaining a high level of consumer protection and regulatory 

coherence worldwide. 

The process that brings food “from farm to fork” has undergone radical transformations over the past 

half-century: a localized food contamination event can now impact consumer health on the other side 

of the planet. This implies that all actors in the food chain—from producers to final consumers— 

must adopt safe food-handling practices. 

Beyond FAO and WHO, several other international agencies are dedicated to food safety. In the 

United States, the Centers for Disease Control and Prevention (CDC), based in Atlanta, collect and 

analyze data on foodborne outbreaks, making them publicly available online. Within the CDC, the 

Food Net division is exclusively dedicated to monitoring issues related to foodborne diseases. At the 

European level, the European Centre for Disease Prevention and Control (ECDC) conducts 

surveillance activities, while a central role is played by the European Food Safety Authority (EFSA), 

which provides scientific advice to the European Commission, the European Parliament, and EU 

Member States. Another key institution is the Food and Drug Administration (FDA), a U.S. agency 

based in Maryland, which plays a crucial role in regulating and monitoring food safety both nationally 

and internationally. 

1.1 Food Safety and Food Security 

1.1.1 Food Safety 

Food safety is a broad concept that primarily concerns the prevention of harm and disease in 

consumers during the preparation, handling, and storage of food. It encompasses the assessment and 

management of chemical, physical, and microbiological risks associated with food consumption. 

Traditionally, animals intended for human consumption have been considered the main vectors of 

pathogens responsible for foodborne diseases, due to the microorganisms present in their 

gastrointestinal tract. However, in recent decades, the largest and most frequent outbreaks of 

microbial diseases have been associated with the consumption of leafy vegetables and fruits [2]. 

A notable example is the outbreak of hemolytic uremic syndrome that occurred between Germany 

and Spain in 2011. The epidemic, caused by Shiga toxin-producing Escherichia coli O104:H4 

(belonging to the enterohemorrhagic E. coli group, EHEC), led to at least 32 deaths in Germany and 

over one thousand confirmed infections. Initially, German authorities mistakenly identified Spanish 
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cucumbers as the source of contamination, triggering what was referred to as the “cucumber crisis.” 

Subsequent analyses, commissioned by the European Commission, confirmed the absence of E. coli 

contamination in cucumbers from Almería, Granada, and Málaga, also revealing that the bacteria 

detected in some imported samples belonged to a different, non-epidemic strain. Eventually, German 

authorities attributed the outbreak to organic fenugreek sprouts (Trigonella foenum-graecum) 

imported from Egypt, likely because of cross-contamination [3]. 

Food contamination can occur at any stage of the production and distribution chain. To mitigate such 

risks, control programs such as Hazard Analysis and Critical Control Points (HACCP) have been 

developed and widely implemented in the food sector. Since most foodborne diseases are caused by 

microorganisms rather than foreign bodies or allergens, HACCP protocols primarily focus on 

reducing and preventing pathogen contamination [4]. However, due to the severity of certain 

infections, a zero-tolerance policy is applied to specific pathogens, such as Listeria monocytogenes 

and Shiga toxin-producing Escherichia coli (STEC), including O157:H7. [5]. Similar guidelines have 

also been developed for allergens and gluten content in food [6]. 

1.1.2 Food Security 

The Food and Agriculture Organization (FAO) of the United Nations defines food security as follows: 

“Food security exists when all people, at all times, have physical, social and economic access to 

sufficient, safe and nutritious food that meets their dietary needs and food preferences for an active 

and healthy life. Household food security is the application of this concept to the family level, with 

individuals as the focus of concern” [7]. 

Most undernourished people in the world live in developing countries; two-thirds are concentrated in 

just seven states (Bangladesh, China, Congo, Ethiopia, India, Indonesia, and Pakistan), and over 40% 

reside in China and India. Sub-Saharan Africa, however, has the highest proportion of undernutrition, 

with about 30% of the population affected. 

Food security is influenced by multiple factors, including climate change, biodiversity loss, 

dependence on fossil fuels, and the use of food crops for biofuel production. There is a close 

relationship between food security and anthropogenic climate change. Numerous studies have 

analyzed the impact of global warming on agricultural productivity, showing, for instance, a reduction 

in wheat and rice yields of about 5% for each degree increase in temperature beyond 32 °C [8]. 

The stability of food supply can also be compromised by the increasing frequency and intensity of 

extreme weather events such as cyclones, floods, hailstorms, or droughts. However, food security 
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depends not only on resource availability but also on households’ capacity to access, store, and 

process available food. 

 

Furthermore, climate change affects people’s ability to safely utilize food, increasing the risk of 

waterborne and foodborne diseases. It has been demonstrated, for example, that common illnesses 

such as salmonellosis exhibit an almost linear increase in reported cases for every degree rise in 

weekly average temperature [9]. 

Thus, the challenge of food security lies not only in ensuring sufficient access to food for all to lead 

a productive life but also in guaranteeing that such food is safe, i.e., free from chemical, physical, or 

biological hazards. 

1.2 Food Risk 

It is first important to distinguish between hazard and risk: 

 

• A hazard is defined as a chemical, physical, or biological agent—or a practice—that has the 

potential to cause a proven adverse health effect. The application of safety measures reduces 

the likelihood of such a hazard causing harm, allowing us to state that the risk has been 

managed or reduced. 

• Risk, on the other hand, refers to the probability that an adverse effect will occur. The level of 

risk is determined by the combination of probability and the severity of the consequences (type 

of harm, number of people affected, etc.). The concept of risk is therefore closely linked to 

exposure to a hazard, such as the consumption of contaminated food, and depends on the 

quantity and frequency of consumption. Risk management aims to decrease either the 

probability of damage occurring or its severity. 

For this reason, it is essential that producers have in-depth knowledge of the characteristics of their 

products and processes to identify hazards and effectively manage risks. Consumer and buyer trust 

requires that all actors in the food chain adopt risk analysis tools and control systems along the entire 

production and distribution chain, from farm to fork [10]. 

On the demand side, consumer behavior is strongly influenced by risk perception. Risk-averse 

individuals, for example, will tend to avoid a product even when the probability of harm is very low. 

Schroeder et al. [11] distinguish between risk perception and risk attitude: the former reflects an 

individual’s subjective assessment of the risk associated with a specific situation (e.g., health risk 

from consuming a food product), while the latter indicates an individual’s general propensity to accept 

or reject risk. This leads to three typical profiles: risk-averse individuals, who favor choices 
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perceived as safe; risk-neutral individuals, who are indifferent to different levels of risk; and risk- 

seeking individuals, who tend to pursue risky situations. 

According to a survey conducted by the European Food Information Council (EUFIC), in 

collaboration with EFSA and the European Commission, European citizens consider their health more 

threatened by factors such as environmental pollution, traffic accidents, or serious diseases than by 

the foods they consume daily. The study, conducted in 25 EU countries on a middle-aged population 

sample, highlights that although food retains a positive meaning related to taste and pleasure, 

awareness of the link between diet and health is growing, summarized in the concept “we are what 

we eat.” Three out of five consumers spontaneously associate food with well-being. Moreover, past 

events such as the BSE (bovine spongiform encephalopathy) crisis or dioxin contamination today 

have less emotional impact compared to issues such as foodborne infections, chemical residues, or 

obesity. 

When presented with a list of food-related risks, consumers tend to worry more about external factors 

perceived as beyond their control (e.g., accidental contamination) than about risks related to their own 

personal behavior, such as food allergies, poor domestic hygiene in food preparation, or weight gain. 

In general, women are more aware of and sensitive to food safety issues than men. 

The level of trust in public authorities is overall high: 54% of respondents believe that institutions 

take health issues seriously and act promptly; however, 47% think that producers’ economic interests 

sometimes prevail over consumer protection. Finally, more than 60% of respondents believe that 

political decisions are based on the most recent scientific evidence available. 

Overall, as illustrated in Figure 1, risks in the food sector are commonly classified into three main 

categories, namely physical, chemical, and biological risks [12]. 

 

Figure 1. Classification of risk in the Agri-Food Sector. 
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1.2.1 Physical Risk 

Although physical risks are generally considered less critical than chemical and biological risks, they 

can still pose significant hazards and have serious impacts on consumer food safety. Foreign objects 

found in foods may include bone fragments, metal splinters, hypodermic needles, shotgun pellets, 

residues of packaging materials, stones, glass, wood splinters, insects or other contaminants, as well 

as personal items or any material that should not normally be present in a food product [13]. 

A review of the medical literature reported approximately 437 cases of injuries caused by foreign 

bodies in food over a 21-year period (about 21 cases per year), with glass identified as the leading 

cause of injury [4]. 

Physical contamination can occur at any stage of the food supply chain. Such contaminants are 

defined as additional materials or foreign objects, not normally present in foods, capable of causing 

injury, illness, or even psychological trauma to the consumer. Unsurprisingly, the presence of foreign 

bodies is among the principal causes of consumer complaints in the agri-food industry and accounts 

for a significant number of market withdrawals and product recalls. 

Foreign bodies may be intrinsic to the product, originate in the field, derive from raw materials or 

packaging materials. Sources of contamination are manifold and may include processing facilities, 

equipment, or even personnel involved at various stages of the chain. The presence of such materials 

may be accidental or, in rare cases, the result of deliberate introduction into foods (tampering). 

The types of foreign material found in food products are numerous. In animal-derived products, for 

example, bone fragments, hair, or feathers may occur; in plant products grown in contact with soil, 

such as fruits and vegetables, residues of stones, dirt, or sand are common. Metal is one of the most 

frequent physical contaminants and may be introduced at any stage of the food chain, from the field 

to the final consumer. However, the greatest risk is often associated with industrial processing, 

particularly cutting, slicing, or grinding operations. 

The presence of foreign materials may derive from any element that comes into contact with food, 

whether during handling by personnel or during transport or storage. Jewellery and personal items 

are common physical contaminants, generally attributable to poor food-handling practices. Packaging 

materials and containers represent another source of risk: glass, for instance, is among the most critical 

contaminants associated with this category [14]. 

Factors determining the potential risk of physical injury to consumers include, among others: 

• the type of food; 
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• the mode of consumption; 

• the size of the foreign body; 

• the hardness, shape, and sharpness of the foreign body; 

• its nature and the ease with which it can be detected. 

Radionuclides are also considered physical contaminants. Invisible to the naked eye and detectable 

only with specific instruments, they can pose severe health risks, including the onset of chronic and 

potentially fatal diseases. 

The prevention of physical risks has become a mandatory requirement. It can be implemented through 

control of raw materials and ingredients, the adoption of Good Manufacturing Practices (GMPs), the 

elimination of potential sources of contamination in production and storage areas, the establishment 

of appropriate equipment maintenance programs, and the installation of effective systems for 

detecting and removing foreign bodies. In particular, the use of metal detectors or magnets enables 

detection of metal fragments along the production line, while filters and sieves can retain and remove 

unwanted materials [15]. 

1.2.2 Chemical Risk 

Adverse reactions to chemical compounds present in foods represent one of the most significant 

issues in food safety and can be divided into two main categories: food intoxications and food 

hypersensitivities, commonly known as allergies. 

Intoxication is caused by ingestion of toxic substances, either naturally occurring or introduced 

accidentally or deliberately during food production and processing. Hypersensitivities, by contrast, 

result from an abnormal immune response to specific molecules—often proteins—that act as 

allergens in predisposed individuals. 

A critical concern is the presence of chemical residues in food. Such residues may result from the use 

of substances required at certain production stages, even if their presence in the final product is 

unintended. This category includes, for example, pesticide residues, heavy metals, and veterinary 

drugs which, if not adequately controlled, may pose a concrete risk to consumer health [16]. 

According to the U.S. National Institute of Allergy and Infectious Diseases (NIAID), approximately 

5% of children and 4% of adults in the United States suffer from food allergies. These figures reflect 

not only the considerable prevalence of the problem but also its social and economic impact: food 

allergies affect quality of life, require specific preventive and therapeutic strategies, and pose 

significant challenges to healthcare systems. Moreover, accidental exposure to allergens may have 

serious consequences, up to potentially fatal reactions such as anaphylaxis. 
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Globally, growing consumer awareness and increased regulatory attention have led to progressively 

stricter legislation. In the European Union, for example, the European Food Safety Authority (EFSA) 

plays a central role in risk assessment related to chemical residues and allergens, providing scientific 

opinions to the European Commission and Member States. In parallel, EU food information 

legislation (Regulation (EU) No 1169/2011) mandates clear indication of allergens in both prepacked 

and non-prepacked foods to protect consumers. 

1.2.2.1 Allergens 

All individuals can experience food intoxication if exposure to certain compounds is sufficiently high. 

Among the most common forms of hypersensitivity are food allergies, due to an abnormal immune 

response. Substances capable of causing adverse reactions include food additives, residues of 

chemicals used in production processes, environmental contaminants, and endogenous compounds 

naturally present in foods. 

It is estimated that about 2% of the population exhibits adverse reactions to specific foods, with 

clinical manifestations ranging from mild symptoms—such as rhinitis, cough, sneezing, or pruritus— 

to severe conditions such as anaphylactic shock, characterized by glottic edema, hypotension, and 

potentially fatal respiratory distress. 

Given the public health relevance of food allergies, authorities have introduced consumer protection 

measures. European legislation requires the mandatory labelling of allergens, even when present only 

in trace amounts. These substances must be clearly listed among the ingredients with explicit mention 

of the allergen. European regulations also set maximum limits for chemical contaminants in foods, 

establishing threshold values for various substances considered potentially harmful to health [17]. 

1.2.2.2 Pesticides 

The term “pesticides” encompasses a wide range of products used to control harmful organisms in 

agricultural crops. This category includes insecticides, fungicides, herbicides, molluscicides, plant 

growth regulators, animal repellents, and rodenticides. Many pesticides are synthetic chemicals, but 

some derive from natural sources, such as pyrethrins extracted from chrysanthemum. 

Trace residues of pesticides may be present in foods placed on the market. To protect consumer 

health, legislation establishes Maximum Residue Levels (MRLs), expressed in mg/kg or parts per 

million (ppm). These values, defined at the international level, do not represent toxicological safety 

thresholds but indicators of compliance with Good Agricultural Practices (GAP). Exceeding an MRL 

signals non-compliant use of a plant protection product, for example in dosage or application method. 
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MRLs may be set by various reference authorities, including the European Union, the Codex 

Alimentarius Commission, and, in some cases, the U.S. Environmental Protection Agency (EPA). 

Their harmonization is essential to facilitate international trade and ensure uniform food safety 

standards [18]. 

1.2.2.3 Heavy Metals 

Heavy metal, characterized by high density and potential toxicity, represent one of the main categories 

of environmental and food contaminants. Those of greatest toxicological concern include cadmium 

(Cd), mercury (Hg), lead (Pb), and arsenic (As), all listed among the World Health Organization’s 

ten chemicals of major public health concern. Other elements, such as selenium (Se), antimony (Sb), 

and cobalt (Co), can also negatively affect human health upon exposure [19]. 

Although naturally present in the Earth’s crust, these elements tend to accumulate due to 

anthropogenic activities, entering the food chain through contaminated air, water, and soil. Once 

absorbed by plants and animals, they can reach humans via inhalation, ingestion, or dermal exposure, 

interacting with vital cellular components and impairing biological functions. 

The toxic effects of lead, arsenic, and mercury were known in ancient times; however, systematic 

studies on metal toxicity date back to the nineteenth century. In cases of acute or chronic poisoning, 

the most common treatment involves administration of chelating agents capable of binding the metal 

and promoting its elimination [20]. 

It is important to note that certain trace metals—such as copper (Cu), nickel (Ni), and chromium 

(Cr)—play essential physiological roles when ingested in limited amounts but become toxic above 

specific thresholds. For this reason, European legislation (Regulation (EC) No 1881/2006) sets 

maximum permissible levels for these elements in foods, with the aim of reducing risks to public 

health. 

1.2.2.4 Veterinary Drugs 

With the intensification of animal production, the use of veterinary drugs has become increasingly 

important. Farmed animals may be treated for various purposes, particularly for controlling infectious 

diseases caused by microorganisms, parasites, or fungi, both in intensive farming systems and in 

companion animals. Treatment may target the individual animal, but in large groups it is often 

administered through feed. 

Alongside increasing production intensification, the prophylactic use of drugs has also become 

widespread as a preventive measure against disease onset. Some antibiotics, added to feed at sub- 
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therapeutic concentrations can modify the intestinal microbiota, thereby improving feed conversion 

efficiency. In addition, growth promoters with anabolic action exert their effects through modulation 

of animal metabolism. Finally, hormonal drugs are used in animal husbandry—for example, to 

regulate reproduction and facilitate the management of herds and poultry flocks [21]. 

1.2.2.5 Fertilizers 

The use of fertilizers must be carefully regulated, both to prevent excessive quantities from entering 

the food chain and to avoid damage to aquatic ecosystems and soils. Certain products—particularly 

those originating outside Europe—have been found to contain contaminant levels, such as heavy 

metals, exceeding internationally established limits, with the risk of accumulation in food crops. For 

this reason, it is essential that farmers use only fertilizers tested and approved by the competent 

official control authorities, thereby ensuring the safety of agricultural production and the protection 

of the environment [22]. 

1.2.2.6 Lubricants and Detergents 

Lubricants are used to reduce friction between mechanical surfaces, decrease wear and ensure 

smoother and quieter operation of equipment. Detergents, by contrast, are intended to remove organic 

and inorganic residues—such as food particles, fats, and dirt—and to keep surfaces visibly clean. It 

is important to distinguish detergents from sanitizers: the latter do not remove soil but reduce the 

microbial load to acceptable levels, acting only on already clean surfaces; they do not sterilize nor 

guarantee the total absence of microorganisms. 

All these products are widely used in the food industry and, if improperly applied, may constitute a 

source of accidental contamination. For this reason, lubricants and detergents must be used strictly 

according to the manufacturer’s instructions, in appropriate quantities (neither excessive nor 

insufficient), and, where necessary, be of food-grade quality [23]. 

Control and prevention of chemical risk in foods require complex procedures, which include: 

• Separation of production lines to reduce the risk of cross-contamination, particularly from 

allergens; 

• Careful monitoring of raw materials to avoid the presence of pesticides, fertilizers, or heavy 

metal substances that can accumulate in plant matrices; 

• Regular cleaning and disinfection of equipment, indispensable for consumer safety. In this 

context, maintenance operations—such as lubrication of mechanical parts—and sanitation 
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activities must be carried out when there is no direct exposure to food and in full compliance 

with the manufacturer’s instructions. 

 

1.2.3 Biological Risk 

Among the various factors that can compromise food safety, biological hazards are undoubtedly those 

that most capture public attention. Unlike chemical or physical hazards, which are often less 

immediately perceptible, microbial contamination tends to involve large numbers of consumers and 

presents with acute, recognizable symptoms such as nausea, fever, or abdominal pain. These features 

make such episodes particularly visible and concerning, not only for individuals but for the broader 

community, with a direct socio-economic and public health impact. 

From a definitional standpoint, any living organism capable of colonizing a food, surviving or 

multiplying within it, can be considered a potential biological hazard. According to estimates by the 

Centers for Disease Control and Prevention (CDC), approximately 9.4 million cases of foodborne 

illness and over 1,300 deaths occur each year in the United States, attributable to 31 major foodborne 

pathogens. These figures underscore that the microbiological quality of foods is a priority aspect of 

food safety, placing the prevention of microbial contamination at the center of control strategies along 

the entire production chain. 

The microorganisms most frequently responsible for foodborne illness include noroviruses, 

Salmonella spp., Clostridium spp., and Campylobacter spp., which account for most reported cases. 

The most severe clinical forms, with potential fatal outcomes, are mainly associated with Listeria 

monocytogenes and Escherichia coli O157:H7—pathogens particularly insidious for vulnerable 

populations such as children, the elderly, or immunocompromised individuals [24]. 

Beyond pathogenic microorganisms, the concept of biological risk also encompasses other categories: 

 

• Macrobiological hazards, such as the accidental presence of insects or small rodents in foods. 

Although undesirable and repellent to consumers, these are unlikely to pose a concrete health 

risk, as they can generally be detected and removed with relative ease. 

• Parasites are often underestimated or excluded from HACCP assessments, partly due to the 

belief that they represent a problem confined to specific geographic areas, particularly in 

developing countries. However, even in industrialized contexts, certain parasitic species can 

pose significant threats, especially in raw or insufficiently heat-treated foods. 

In sum, biological risks represent one of the most significant challenges in food safety, combining 

high frequency with potentially severe public health consequences. Their management requires a 
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systematic approach, ranging from strict adherence to hygienic standards during production and 

processing, to epidemiological surveillance and consumer education. 

1.2.3.1 Food Poisoning vs. Food Infection 

It is essential to distinguish between food poisoning and food infection, as the pathogenic mechanisms 

and health consequences differ markedly. 

Food poisoning is caused by ingestion of foods contaminated with toxins, produced by 

microorganisms or naturally present in certain foods (e.g., specific mushroom species). These 

substances directly interfere with biological processes and, once they reach high concentrations, 

provoke acute effects within a few hours of consumption. Typical symptoms include nausea, 

vomiting, and general malaise. Some bacterial toxins—such as those produced by Staphylococcus 

aureus and Clostridium botulinum—are particularly dangerous, whereas others, such as mycotoxins, 

may exert chronic effects even at low doses, with carcinogenic, immunotoxin, or teratogenic 

properties. A critical feature is their heat resistance: common thermal treatments, including cooking, 

cannot completely inactivate them. 

Food infections, by contrast, result from ingestion of viable microorganisms that colonize the 

intestine, where they multiply and—in some cases—release toxins capable of damaging epithelial 

cells. Symptoms—abdominal pain and fever—may appear within hours or days after ingestion of the 

contaminated food. In many cases, symptoms resolve spontaneously, but the infected individual may 

continue to shed the microorganism in feces, becoming an asymptomatic carrier able to transmit the 

pathogen to others through poor hygiene or cross-contamination. Frequently implicated bacteria 

include Salmonella spp., Campylobacter jejuni, and Escherichia coli; enteric viruses are also an 

important cause of foodborne infection. Adequate cooking (temperatures above 70 °C) is sufficient 

to inactivate the vast majority of non-spore-forming bacteria. 

Effective management of microbiological risk therefore requires thorough knowledge of pathogen 

biology, contamination mechanisms, and critical control points (CCPs) along the food chain [25]. 

1.2.3.2 Bacteria 

Bacteria are the most well-known agents of microbiological risk and represent the leading cause of 

foodborne diseases. Their proliferation is favored by poor hygiene, inadequate control of temperature 

and humidity, and improper handling practices. 

Clinical manifestations associated with bacterial foodborne illness vary according to the responsible 

species and the ingested microbial load. Under favorable conditions, bacterial populations can 
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double approximately every 20–30 minutes, making the risk of contamination and cross- 

contamination particularly high. 

The species most relevant to food safety include: 

• Salmonella spp., among the principal agents of foodborne illness worldwide; 

• Campylobacter spp., a common cause of enteritis; 

• Listeria monocytogenes, associated with severe forms such as listeriosis, particularly 

dangerous for pregnant women and immunocompromised individuals; 

• Escherichia coli (especially serotype O157:H7), capable of causing hemolytic–uremic 

syndromes; 

• Staphylococcus aureus, known for producing heat-stable enterotoxins; 

• Clostridium botulinum, responsible for botulism, one of the most severe food intoxications. 

 

1.2.3.3 Molds 

Fungi may occur as yeasts or molds, with distinct roles in the food domain. Yeasts are frequently 

present on the surface of fruits and may reduce shelf-life, although they generally do not pose a health 

risk. Molds, by contrast, have a dual nature: on the one hand, they are indispensable in certain 

technological processes (e.g., soy fermentation; ripening of blue and bloomy-rind cheeses); on the 

other, they can produce toxic secondary metabolites—mycotoxins. 

Mycotoxins—including aflatoxins, fumonisins, and ochratoxins—are highly toxic, carcinogenic, and 

immunotoxin compounds, resistant to thermal treatments and digestive processes. A historical 

example of contamination is ergotism, caused by ergot (Claviceps purpurea) in rye, whose alkaloids 

led to severe mass intoxication episodes. 

To reduce the risk of mycotoxin contamination, controlled use of fungicides can be beneficial, though 

it must be balanced against broader plant protection considerations. Since the discovery of aflatoxins 

in the 1960s, many countries have adopted specific regulations. 

1.2.3.4 Protozoa 

Foodborne protozoan infections are relatively rare in industrialized countries but represent a 

significant issue in developing regions. Notable protozoa include: 

• Toxoplasma gondii, the agent of toxoplasmosis, transmitted through contact with cat feces, 

raw milk, or undercooked meat; 

• Cryptosporidium spp., responsible for gastroenteritis characterized by watery diarrhea; it is 

resistant to chlorination and can contaminate water and foods irrigated with wastewater; 
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• Giardia lamblia, widespread in humans and animals, causing giardiasis with persistent 

intestinal symptoms; it has been isolated in crops irrigated with contaminated water (root 

vegetables, lettuces, strawberries). 

1.2.3.5 Viruses and Prions 

In recent decades, foodborne viral infections have gained increasing importance, also due to changes 

in dietary habits and production systems. Viruses—particularly noroviruses and hepatitis A—are 

transmitted primarily via the fecal–oral route through contaminated foods or water. 

An additional group of biological hazards is represented by prions, unconventional infectious agents 

responsible for transmissible spongiform encephalopathies (TSEs), such as bovine spongiform 

encephalopathy (BSE) and Creutzfeldt–Jakob disease (CJD). These diseases, characterized by long 

incubation periods and irreversible neurodegenerative progression, raised significant public health 

concern in the 1990s [26]. 

1.2.3.6 Conventional Techniques for Detecting Biological Hazards 

Identifying biological contaminants in foods is a complex challenge. The difficulty stems not only 

from the need to distinguish pathogenic microorganisms from harmless ones, but also from the 

requirement to employ analytical methodologies that are sensitive, specific, and internationally 

validated. 

The principal methods include: 

• Traditional culture-based methods, both quantitative (e.g., MPN, plate count) and qualitative 

(presence/absence); 

• Rapid automated methods, such as ATP bioluminescence; 

• Microscopic techniques, including DEFT (Direct Epifluorescence Filter Technique), flow 

cytometry (FC), and solid-phase cytometry (SPC); 

• Immunological methods, such as ELISA, ELFA, and lateral-flow devices; 

• Molecular methods, including FISH and PCR. 

Method selection depends on criteria such as accuracy, sensitivity, turnaround time, degree of 

automation, costs, and ease of use [27]. 

Within the context of this thesis, particular attention will be devoted to the development and 

application of electronic devices based on arrays of metal oxide (MOX) gas sensors. These systems 

enable analysis of the sampled headspace composition, offering a rapid and non-destructive solution 
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for food quality monitoring. The potential and applications of this technology will be explored in 

subsequent chapters. 

In particular, the following topics will be addressed: 

• The electronic nose, including a description of operating principles, architectures, and signal 

processing strategies. 

• Application case studies, comprising: 

o Analysis of the volatilome of table grapes using traditional (GC–MS) and innovative 

approaches (S3+ electronic nose), with the aim of assessing grape freshness and 

identifying the most suitable storage atmosphere to extend shelf-life; 

o Characterization of chicken meat from animals fed different diets (traditional and 

sustainable), to verify whether a sustainable diet based on insect meal can complement 

or replace conventional feed; 

o Study of sourdough using an electronic nose different from the S3+ system, with the 

goal of identifying the optimal sourdough stage for artisanal bread production; 

o Analysis of doughs for baked products to determine the optimal proofing point and 

ensure final product quality. 

o The study of extra virgin olive oil adulteration with lower-quality oils through the 

combined use of traditional and innovative analytical techniques. 

Although each case has been developed with specific purposes, they share a common thread: the use 

of innovative techniques to support and improve quality, traceability, and sustainability in the agri- 

food sector. 
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2 

DEVICE EQUIPPED WITH TAILORED METAL 

OXIDE SENSORS 

2.1 Smart sensing for agri-food supply chain control 

Quality control has traditionally relied on well-established analytical techniques of chemical, 

physical, and microbiological nature, which represent the reference standard for accuracy and 

sensitivity and are essential for regulatory validation. However, they present structural constraints: 

they often require destructive sampling, well-equipped laboratories, highly trained personnel, and 

analysis times that are incompatible with in-line or large-scale monitoring. These limitations hinder 

the adoption of continuous and pervasive control strategies, which are particularly necessary at critical 

stages of the supply chain (storage, processing, distribution) [1]. 

To address these challenges, in recent years smart sensing technologies have emerged as 

complementary tools to conventional analytical methods. Three families are particularly relevant: the 

electronic nose (e-nose), the electronic tongue (e-tongue), and visual systems (VSs) [2]. E-noses 

analyze the volatile fraction (VOCs) emitted by products, e-tongues operate in the liquid phase to 

discriminate between tastes and dissolved species, while VSs quantify optical and morphological 

parameters—such as color, texture, and surface homogeneity—through advanced imaging and 

photometric systems. These instruments are rapid, non- or minimally destructive, easily automated, 

and suitable for real-time monitoring [3]. 

Within this landscape, semiconductor metal oxides (MOX) play a central role, especially in 

electronic-nose architecture. Their response is based on changes in electrical resistance as the gas 

composition varies, yielding signals that are easily acquired by low-power electronics and integrable 

on miniaturized platforms. Although they do not achieve the molecular specificity of GC-MS, MOX 

sensors enable rapid, wide-coverage, low-cost screening—ideal for frequent checks and broad 

deployment [4]. 

This chapter provides: (i) a treatment of the physical and technological principles of MOX sensors; 

(ii) their use in multisensor arrays for e-nose implementation; (iii) major applications; and (iv) 

development prospects in terms of materials, algorithms, and integration with the Internet of Things 

(IoT). This framework underpins the subsequent experimental chapters, which present protocols, 

analysis pipelines, and results on real-world use cases. 
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2.2 Metal Oxide (MOX) Sensors and operating principles 

MOX sensors belong to the category of chemoresistive devices, as their output signal is the electrical 

resistance, which varies in response to interactions between the sensing material and the gas 

molecules present in the environment [4]. Under ambient conditions (air), oxygen molecules are 

adsorbed onto the semiconductor surface, capturing electrons from the conduction band in n-type 

semiconductors, or interacting with holes in p-type semiconductors. This process leads to the 

formation of oxygen species (O₂⁻, O⁻, O²⁻), whose distribution depends on the temperature and 

surface state of the material (Figure 1). These interactions create depletion or accumulation regions 

of charge carriers within a few nanometers of the surface, thereby altering the potential barrier at the 

grain boundaries and consequently the overall resistance of the sensing film [5]. 

 

 
Figure 1. Behavior of the sensitive materials under standard conditions during exposure to air. 

 

When the sensor is exposed to a reducing gas (e.g., CO, H₂, CH₄, or C₂H₅OH), the reaction with 

adsorbed oxygen releases electrons that repopulate the conduction band in n-type materials, resulting 

in a decrease in resistance (Figure 2). Conversely, exposure to oxidizing gases (such as NO₂, O₃, or 

Cl₂) causes an increase in resistance. In p-type semiconductors (e.g., NiO or Co₃O₄), the effect is 

reversed: reducing gases increase resistance, while oxidizing gases lead to its reduction [6]. 

 

 
Figure 2. Behavior of the sensitive materials upon exposure to analytes in air 
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To characterize a MOX sensor, the following parameters are typically considered: sensitivity (ratio 

or difference between R_air and R_gas), limit of detection (LOD), response time (t₉₀) and recovery 

time, selectivity, stability (long-term drift), repeatability, and robustness against environmental 

variables (temperature, humidity). Relative humidity competes with VOCs for adsorption sites and 

may either block active sites or generate hydroxyl species; thus, humidity compensation—through 

auxiliary sensors and multivariate models—is crucial to reduce systematic errors. The operating 

temperature (200–500 °C) governs adsorption/desorption kinetics and the speciation of adsorbed 

oxygen; the optimal set-point is specific to each material–analyte pair (e.g., in SnO₂, maximum 

response to CH₄ is typically observed at higher temperatures than for CO). 

The most employed oxides include SnO₂, ZnO, WO₃, In₂O₃ (n-type) and NiO, Co₃O₄, CuO (p-type). 

Performance depends on morphology (thin films, nanowires, nanorods, aerogels, porous layers), grain 

size, and catalytic doping with metals (Pt, Pd, Au, Ag) or mixed oxides to selectively activate surface 

reactions. Functional layers with MOFs or zeolites can act as selective filters or pre-concentrators, 

modulating VOC access to active sites [1]. 

A typical MOX device comprises: a dielectric substrate (often Si/SiO₂ or alumina), interdigitated 

electrodes, the sensitive film, and an integrated micro-heater. The front-end electronics employ 

voltage dividers or Wheatstone bridge configurations to linearize the response and improve the signal- 

to-noise ratio. Signal digitization (ADC) is followed by digital filtering (low-pass, median) and by 

normalization and drift correction procedures (baseline tracking, detrending, T/RH-related 

compensation) [7]. 

Since the response of a single MOX sensor is not uniquely selective, several strategies are pursued: 

(i) thermal modulation to extract dynamic signatures sensitive to reaction kinetics; (ii) targeted 

catalytic functionalization; (iii) arrays with diverse materials and operating conditions; (iv) sample 

pre-treatment (filters, pre-concentrators, humidity control); and (v) multivariate models capable of 

separating variability sources and compensating for interferences [8]. 

2.3 Architecture and data pipeline 

A sensor-based analytical system consists of a sampling module, a sensor array, a signal conditioning 

unit (including filters and amplifiers), a data acquisition system, and analysis software. The operation 

alternates between measurement phases, during which the device is exposed to the sample, and 

recovery phases, in which filtered air or a reference gas is used. Exposure times and flow rates are 

optimized to ensure an appropriate balance between adsorption kinetics and analytical throughput. 
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In the food sector, headspace analysis is common. Pump flow rate, conditioning, exposure, and 

flushing times determine reproducibility and cycle speed. For humid or fatty matrices, moisture traps 

or heated sampling lines are employed to avoid condensation. For VOCs at low concentration, thermal 

pre-concentrators or selective adsorbent materials are often used. 

Beyond steady-state measures (resistance plateau), dynamic features are highly informative, 

including temporal derivatives, areas under the curve, overshoot, rise and decay times, and frequency- 

domain parameters extracted from modulated signals. Features are normalized, scaled, and 

subsequently subjected to dimensionality reduction techniques—such as Principal Component 

Analysis (PCA), t-distributed Stochastic Neighbor Embedding (t-SNE), and Uniform Manifold 

Approximation and Projection (UMAP)—to reduce collinearity and improve class separability. 

For classification tasks (e.g., discrimination between fresh and spoiled samples, geographical origin, 

or species/variety identification), commonly adopted models include Linear Discriminant Analysis 

(LDA), Quadratic Discriminant Analysis (QDA), Support Vector Machines (SVM), Random Forest 

classifiers, k-Nearest Neighbors (k-NN), and lightweight Artificial Neural Networks (ANNs). For 

regression tasks (e.g., freshness indices, estimated microbial load, or surrogate concentration 

prediction), methods such as Partial Least Squares regression (PLS), Ridge and Least Absolute 

Shrinkage and Selection Operator (Lasso) regression, Support Vector Regression (SVR), and 

Gradient Boosting algorithms are commonly employed. 

Model validation strategies include stratified k-fold cross-validation, bootstrapping, or temporal hold- 

out validation, depending on the data structure and experimental design. Typical performance metrics 

include accuracy, F1-score, and Area Under the Receiver Operating Characteristic Curve (AUC) for 

classification tasks, and Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the 

coefficient of determination (R²) for regression tasks. Probabilistic calibration methods, such as Platt 

scaling and isotonic regression, enable the definition of interpretable decision thresholds in 

operational systems [9]. 

MOX sensors are subject to drift due to aging, surface contamination, or environmental variations. 

Mitigation strategies include periodic calibration, quality control with reference gases, drift 

compensation techniques (detrending, filtered-air anchoring, domain adaptation), and transfer 

learning to enable model portability across devices or sensor batches. In-service monitoring logics 

(control charts, novelty indices) help identify out-of-domain conditions and prevent incorrect 

decisions [10]. 
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2.4 MOX sensors in the agri-food sector 

2.4.1 Freshness and shelf-life monitoring 

In the agri-food sector, MOX sensors play a strategic role in monitoring food freshness. During the 

degradation of meat, fish, and dairy products, characteristic volatile organic compounds are formed— 

such as biogenic amines, aldehydes, and organic acids—whose presence and concentration vary 

depending on storage time and cold chain conditions [11]. Devices equipped with MOX sensors can 

recognize specific patterns associated with refrigeration or freezing processes, storage duration, and 

potential operational anomalies. Their integration with predictive shelf-life models enables the 

estimation of the remaining consumption time, thereby contributing to waste reduction and a more 

efficient inventory management [12]. 

From a chemical standpoint, specific volatile markers are highly informative: in fish, trimethylamine 

(TMA), derived from TMAO degradation, increases with spoilage; MoO₃-based MOX sensors— 

sometimes in composites with MXene Ti₃C₂Tx—have demonstrated high sensitivity to TMA and 

rapid response times, in some cases already at room temperature [13]. In animal products, H₂S 

increases with protein degradation; nanostructured architectures (e.g., nanorods, decorated 

nanofibers) and catalytic functionalization enhance selectivity and detection limits [14]. In fruits and 

vegetables, ethylene (C₂H₄), the ripening hormone, drives senescence: MOX sensors based on SnO₂, 

WO₃, or CuO, sometimes combined with oxidative filters to reduce interferences, enable ripening 

monitoring and cold-chain optimization [15]. 

2.4.2 Rapid screening of microbiological and chemical contamination 

Microbiological or chemical contamination produces volatile fingerprints before reaching human 

sensory thresholds. E-noses enable rapid screening at raw material intake and process control, with 

response times shorter than culture-based methods [16]. Typical microbial growth markers include 

NH₃, alcohols (e.g., ethanol), aldehydes (e.g., hexanal), ketones (e.g., acetone), organic acids (e.g., 

acetic acid), and H₂S [17]. Studies combining GC-MS, microbiological analyses, and MOX-based e- 

noses (pure SnO₂ and Pd/Au-doped, 350–500 °C) have demonstrated: (i) early discrimination between 

contaminated and healthy samples via PCA; (ii) tracking of microbial growth phases (e.g., coliform 

log-phase); (iii) applicability in real matrices (e.g., maize contaminated with Fusarium verticillioides, 

with toxigenic strain recognition within 48 h). In high-water-activity products such as jams and jellies, 

differentiated sensor configurations combined with multivariate analysis allow mold detection from 

the first day, though discrimination is reduced in the presence of antimicrobial ingredients (e.g., 

ginger) [18]. 
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2.4.3 Traceability and protection of quality labels 

Regarding authenticity verification and fraud prevention, a significant contribution arises from the 

integration of MOX sensor arrays with classification and regression models. The VOC fingerprints 

generated by products make it possible to discriminate among different animal species (e.g., in meat), 

varieties and processing types (such as in cheese), as well as geographical origins and farming or 

cultivation practices. The use of these tools during raw material acceptance or pre-labelling phases 

provides valuable support for strengthening traceability along the production chain and protecting 

quality labels [19]. 

During processing stages, such as fermentation, ripening, roasting, or cooking, the chemical changes 

occurring within the product are reflected in the profiles of volatile compounds. In this context, MOX-

based systems enable in-line monitoring, ensuring uniformity and sensory quality of the final product 

while promoting the implementation of statistical process control and production optimization 

strategies. 

In modified atmosphere packaging (MAP), miniaturized MOX platforms can detect micro-leaks or 

variations in internal gas composition, estimate film permeability, and predict product evolution. 

Their integration with smart labels and temperature/humidity data loggers enables the development 

of quality monitoring dashboards throughout the supply chain. 

Compared with reference methods alone, devices equipped with MOX sensors provide broader 

analytical coverage and faster response times across multiple samples, making them ideal for high- 

frequency screening. While targeted analytical confirmations remain essential for quantification and 

speciation-level identification, the combination of MOX arrays, chemometric or machine learning 

models, and IoT integration represents a practical and scalable solution for freshness monitoring, 

early contamination detection, and authenticity protection at the industrial scale. 

Figure 3 provides a graphical summary of the concepts discussed in this section, highlighting the 

remarkable potential of MOX sensors in the agri-food sector, particularly for freshness evaluation, 

contaminant detection, and the prevention and identification of food fraud and adulteration. 
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Figure 3. Graphical overview highlights the key role that MOX sensors can play in the agri-food sector. 

 

2.5 MOX Sensors for Environmental Monitoring 

Metal oxide sensors also represent a rapidly evolving technology for real-time environmental 

monitoring, with targeted applications for detecting atmospheric pollutants such as carbon monoxide 

(CO), nitrogen dioxide (NO₂), and ozone (O₃). Compared with traditional methods, they offer more 

compact, low-cost solutions suitable for distributed systems. Nonetheless, intrinsic challenges remain 

low chemical selectivity, signal drift over time, and sensitivity to environmental conditions [20]. To 

ensure metrological reliability, MOX sensors are often complemented by established reference 

techniques for VOC identification/quantification and by dynamic olfactometry (UNI EN 13725:2004) 

for sensory assessment of odor intensity, especially in industrial contexts [6]. In numerous studies, 

GC–MS and olfactometric data have been integrated with MOX sensor responses to improve 

calibration and the characterization of odor profiles; emerging spectroscopic techniques (UV–vis, 

FTIR) provide additional validation tools. Integrating these measurements with advanced data- 

analysis algorithms is fostering the development of increasingly accurate and “intelligent” monitoring 

systems [21]. 

2.5.1 Carbon Monoxide Detection: Challenges and Advances in MOX Sensors 

Carbon monoxide (CO) is a colorless, odorless, and highly toxic gas that binds to hemoglobin with a 

much higher affinity than oxygen, leading to hypoxia and severe health effects. It is produced by the 

incomplete combustion of fossil fuels and originates from both natural and anthropogenic 



26  

sources, including vehicular traffic, heating systems, and industrial processes. Its detection requires 

highly sensitive and selective sensors capable of providing rapid responses in residential, urban, and 

industrial environments [22]. 

Among n-type semiconductors, SnO₂, TiO₂, and ZnO are the most extensively investigated, along 

with In₂O₃, CeO₂, and WO₃, which have also attracted attention for their performance potential. SnO₂ 

is widely employed due to its high sensitivity, which can be further enhanced by doping with Cu, Pd, 

or Pt, promoting oxygen adsorption and accelerating response dynamics. The use of nanostructures 

(nanowires, nanoparticles, thin films) optimizes surface activity and reaction kinetics; for instance, 

nanowires with diameters of about 60 nm and thin films of approximately 2–6 nm exhibit excellent 

performance at 300–325 °C. The addition of PdO or Au nanoparticles improves sensitivity and 

response time, while Ca modification or heterostructure formation (e.g., ZnO coupled with other 

oxides) enhances linearity and selectivity at low CO concentrations. 

Hybrid approaches have shown additional improvements: CuO–SnO₂ composites enriched with 

graphene and Ag nanoparticles display higher sensitivity to 100 ppm CO at 400 °C compared with 

pure SnO₂. In the case of TiO₂, electrospun nanofibers and hollow hemispherical structures exhibit 

optimal responses at low concentrations and moderate temperatures due to their high porosity. 

MEMS-based sensors with integrated Mo micro-heaters and active TiO₂ layers achieve high 

sensitivity around 500 °C, while the integration of multi-walled carbon nanotubes (MWCNTs) 

enhances response up to sevenfold, with fast reaction times (4 s at 50 ppm) and excellent stability. 

For ZnO and its derivatives, Al-doped films exhibit optimal performance near 400 °C, with faster 

responses for thinner layers. Al nanoparticles show high sensitivity in the 0–80 ppm range even at 

300 °C. Doping with Cu, Pd, In, or Ga further improves sensitivity and selectivity depending on 

concentration and operating temperature, while coupling with CeO₂ maximizes response at high 

concentrations (up to 10,000 ppm at 380 °C) with fast response and recovery times. 

Among p-type semiconductors, Co₃O₄, NiO, and CuO demonstrate rapid responses at low CO 

concentrations. Although generally less sensitive than n-type materials, Co₃O₄ is widely used thanks 

to its high surface-to-volume ratio. Multimetallic doping (e.g., AuPdPt–CoO) improves selectivity, 

while n–p heterojunctions (e.g., SnO₂–Co₃O₄) achieve optimal performance at 1–10 ppm around 350 

°C. NiO supported on activated carbon benefits from increased surface area, and CuO nanowires 

obtained by thermal oxidation exhibit stability even under humid conditions. CeO₂–CuO composites 

(1:1) show enhanced sensitivity compared with individual oxides, in some cases even at room 

temperature. 
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Recent advancements in nanostructured and hybrid materials, combined with targeted doping and 

multiphase architectures, are enabling the development of MOX-based CO sensors with improved 

sensitivity, selectivity, response speed, and adaptability across a wide range of operating conditions 

[23]. 

2.5.2 MOX and FET Sensors for Nitrogen Dioxide Detection 

Nitrogen dioxide (NO₂) is a major air pollutant, harmful to respiratory health and involved in smog 

and acid-rain formation; principal sources include traffic, industrial processes, and combustion. 

Although it lacks a distinctive odor at low concentrations, NO₂ can influence odor perception in 

polluted environments through secondary reactions (e.g., with O₃) that generate pungent compounds 

such as acrolein [24]. 

Reference quantification of NO₂ in monitoring networks relies on chemiluminescence: NO reacts 

with O₃ to produce light proportional to concentration; NO₂ is first catalytically reduced to NO, 

enabling highly sensitive and precise indirect measurements. To increase spatial coverage and 

temporal resolution, such systems can be complemented by low-cost, easily deployable MOX 

sensors, provided appropriate calibration strategies are adopted [25]. Field calibration (under real 

conditions) has been shown to outperform laboratory calibration. Materials such as TiO₂, SnO₂, and 

ZnO exhibit improved performance via dopants (e.g., V or Ca on SnO₂) and nanostructured 

architectures (nanowires, mesoporous films) that enhance adsorption; however, environmental 

variability necessitates robust calibration algorithms and, at times, hydrophobic materials for greater 

operational stability [26]. 

Beyond SnO₂ doping, modifying ZnO with self-assembled monolayers (SAMs) has proven effective 

for increasing sensitivity and selectivity toward NO₂. Organic molecules such as THMA and 

dodecanethiol (DT) improve performance: three configurations have been tested (pristine ZnO 

nanowires; SAM-coated nanowires; nanowires coated with ZnO nanoparticles functionalized with 

SAMs). Measurements at 0.2 V and 190 °C (temperature determined by TGA, stable up to ~225 °C) 

show a twofold increase in ΔR/R with THMA–ZnO nanoparticles relative to pristine nanowires, 

attributable to modulation of the depletion-region width induced by THMA ligands bound to 

nanoparticle surfaces [27]. XPS and FTIR analyses confirm the formation of Zn–S (DT) and N–Zn 

(THMA) bonds and the presence of functional groups; functionalization increases baseline 

conductivity and NO₂ sensitivity without evidence of poisoning, opening prospects for high- 

efficiency, low-power devices [24]. 
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In parallel, FET sensors have been compared with MOX for NO₂ detection. Thanks to lower operating 

temperatures and reduced power consumption, FETs offer advantages in energy-constrained 

scenarios. In particular, In₂O₃ films modified with hydroxyl groups exhibit superior performance at 

low temperatures (~100 °C). DRIFTS measurements indicate that NO₂ initially adsorbs as nitrite 

(NO₂⁻) and, with increasing temperature, converts to nitrate (NO₃⁻); maximum efficiency is observed 

when the nitrite species predominates. These devices combine low power (~1.03 mW) with high 

responses (~2460% at 500 ppb), making them a promising alternative where high sensitivity and low 

power are required [28]. 

2.5.3 Tropospheric Ozone Detection with MOX Sensors 

Tropospheric ozone (O₃) is a secondary pollutant harmful to health and ecosystems. Reference 

monitoring techniques (chemiluminescence and/or UV spectrophotometry) are accurate but costly 

and impractical for large-scale networks, spurring interest in innovative low-cost solutions. 

Commercial MOX sensors (e.g., MiCS-2610/2614, O₃ Sens 3000, Oz-47, SP-61) and WO₃-based 

prototypes have been evaluated under various operating conditions. These devices, typically 

operating at 300–400 °C, exhibit ppb-level sensitivity but show strong dependencies on 

temperature/humidity and temporal drift (up to ~30 ppb over 150 days). Response times range from 

5–10 min (MiCS-2610 and WO₃-IMN2P) to ~90 min for other models; calibration curves are often 

sigmoidal, with some prototypes showing more linear behavior. 

Experimental networks in Spain, Italy, and Austria have underscored the importance of continuous 

calibration and accurate conversion from electrical resistance to concentration. Urban-environment 

comparisons using different methodologies (laboratory calibration, field calibration, and the EASE 

approach) show that field or EASE calibrations correlate better with reference instruments (R² ≈ 0.93– 

0.96) than laboratory calibration alone (R² ≈ 0.82). Persistent issues include inter-device variability, 

fragility of certain chips, and low temperatures (<0 °C), which can alter thermal cycling. In summary, 

MOX sensors are effective for O₃ detection but require frequent calibration and environmental 

compensation. 

2.5.4 Detection of Environmental VOCs with MOX Sensors and Electronic Noses 

Odor analysis in environmental contexts has traditionally been performed using olfactometric tests 

with trained panelists, capable of providing reliable measurements of odor intensity and quality. As a 

complementary approach, calibrated sensor systems (including MOX) enable continuous, real-time 

monitoring, contributing to a more complete characterization of emitting environments. MOX sensors 
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have been widely studied for VOC monitoring, including methane (CH₄) and hydrogen sulphide 

(H₂S). 

 

Methane is a greenhouse gas with a global warming potential 25–34 times higher than CO₂ over 100 

years; it originates from natural sources (wetlands) and anthropogenic activities (agriculture, waste). 

In livestock farming, enteric fermentation of ruminants is a primary source, making the development 

of effective measurement techniques crucial. In addition to traditional methods (respiration chambers, 

masks/portable devices, SF₆ tracers, instrumented boluses), chemoresistive MOX sensors for CH₄ 

have shown limits of detection down to 5 ppm at 210–220 °C, with response/recovery times of ~250 

s; porous, rough surfaces (AFM/SEM) improve adsorption, and CoO-based configurations have 

shown stability for at least six months [29; 30; 31]. 

For H₂S—a toxic gas with impacts on health and ecosystems—sensor performance depends on 

morphology, composition, and operating conditions [32]. CuO microspheres enriched with CuFe₂O₄ 

nanoparticles provide advantageous porous surfaces; an operating optimum (~240 °C) balances 

sensitivity and timing (response 31 s, recovery 40 s). Mesoporous materials such as Co₃O₄ nanorod 

chains treated at 600 °C show high efficiency, with response/recovery (46 s/24 s for 1–100 ppm) and 

good selectivity [33]. In parallel, MOF-type materials (e.g., Zr(TBAPy)₅(TCPP)) have demonstrated 

potential for optical sensing of H₂S: FTIR shifts in N–H and C=N bands and fluorescence changes 

proportional to concentration indicate specific interactions with S²⁻. In general, microstructure (active 

sites, specific surface area, heterophase interactions) is decisive for sensitivity, selectivity, and 

response dynamics [34]. A critical aspect remains the operational stability of MOX sensors: 

prolonged exposure to reducing gases (such as H₂S) can cause aging and performance degradation; 

future development directions include surface functionalization and hybrid architectures to improve 

selectivity and resistance to poisoning [35]. Figure 4 summarizes the contents of this section, 

emphasizing the importance of MOX sensors in environmental applications, with reference to 

monitoring volatile compounds. 
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Figure 4. Volatile compounds targeted for monitoring by MOX sensors. 

 

2.6 Biomedical Applications of MOX Sensors: Breath Analysis for Disease 

Diagnosis 

Metal-oxide (MOX) sensors, originally developed for agri-food and environmental monitoring, are 

increasingly finding application in the medical field, particularly in the analysis of exhaled breath. 

The so-called breathomics aims to identify endogenous volatile organic compounds (VOCs) 

associated with pathological conditions such as infections, metabolic disorders, or neoplasms [36]. 

Interest in MOX sensors stems from their low cost, compactness, and real-time measurement 

capability. The main challenge is the extremely low concentration of breath biomarkers (ppb–ppt), 

which imposes stringent requirements in terms of sensitivity and selectivity [37]. For this reason, 

MOX sensors are often employed as rapid screening tools, integrated with high-resolution analytical 

techniques for target identification and confirmation. Spectroscopic methods (FTIR, Raman, NMR) 

can provide further interpretative support [38]. The integration of sensor platforms with machine 

learning and pattern recognition algorithms is enabling the development of non-invasive, rapid, and 

potentially scalable diagnostic devices in clinical settings [39]. 

2.6.1 MOX Sensors for Acetone as a Breath Biomarker 

Acetone in exhaled air is considered a potential biomarker for diabetes monitoring, as its 

concentration correlates with metabolic status [40]. In healthy individuals, typical values are in the 
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ppm range but can increase significantly under ketosis; the exact range, however, depends on 

individual and methodological factors. In MOX sensors, the detection mechanism is based on the 

chemisorption of surface oxygen: interaction with acetone modulates semiconductor conductivity and 

thus electrical resistance. Sensitivity is critically dependent on operating temperature and material 

composition [41]. 

• SnO₂ is one of the most widely used materials; composites with NiO or graphene oxide 

enhance the response and lower the operating temperature. Ternary nanocomposites have 

shown rapid responses in the 0.25–30 ppm range around 200 °C [42]. 

• TiO₂ in pure form is poorly sensitive to VOCs, but heterojunctions (TiO₂/Ag₂V₄O₁₁, TiO₂– 

Fe₂O₃, TiO₂–SnO₂) improve selectivity, stability, and response times (up to ~15 s) [43]. 

• WO₃ (n-type with catalytic activity) achieves sub-ppm limits of detection; decoration with Au 

or Pt nanoparticles enables ppb-level detection at ~410 °C [44]. 

• Fe₂O₃ typically requires high temperatures, but sol–gel processes and doping (e.g., 

gadolinium) have enabled ~1 ppm detection at ~200 °C with good stability [45]. 

• In₂O₃ nanowires offer very rapid responses (1–7 s) and good selectivity, although the impact 

of humidity—typical of breath—must be carefully managed [46]. 

• CuO (p-type) shows intrinsically low sensitivity, but performance can be improved with 

Cu₂O–CuO composites decorated with Ag: responses from sub-ppb up to 1000 ppm have been 

demonstrated at ~350 °C, albeit still at relatively high temperatures for portable applications 

[47]. 

Dedicated breath-analysis prototypes have also been presented: compact multi-gas devices, ketone- 

measurement tools with pre-concentration/humidity management modules, and ultrasensitive 

heterojunction sensors (e.g., p-Rh₂O₃–n-ZnO) tested in simulated diabetic breath scenarios. Most of 

these systems are still undergoing laboratory or clinical validation. 

2.6.2 Exhaled Ammonia: Sensors and E-Nose for Clinical Monitoring 

The presence of ammonia in exhaled air is linked to systemic accumulation due to impaired urea 

excretion; NH₃ and NH₄⁺ cross the blood–lung barrier and become detectable in breath, making them 

useful for patient monitoring, particularly in haemodialysis [48]. Highly sensitive instrumental 

techniques (PTR-MS, SIFT-MS, PAS, SAW, QCM) are available but costly and complex. In parallel, 

devices based on conductive nanomaterials (polyaniline nanofibers, polymer nanojunctions, 
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polypyrrole nanowires) and MOX sensors are showing promising performance [49; 50]. Examples 

include nanoporous semiconductor polymer sensors (e.g., PTB7) with a range of 50–8000 ppb, ~30 

s response times, and humidity management; PANI nanojunctions with gold electrodes and anti- 

humidity filters; and doped MOX sensors (e.g., Si-doped MoO₃) with high selectivity and stability 

under high humidity [51; 52]. In studies on dialysis patients, commercial MOX arrays (TGS/MQ) 

enabled classification of samples with accuracies up to ~88%, as well as monitoring of NH₃ reduction 

post-treatment [53]. Portable prototypes have also been proposed, such as Si-doped WO₃ films and 

porous-film QCM devices, with LODs <20 ppb at ~350 °C. E-nose systems using quartz crystals 

coated with synthetic peptides have demonstrated the ability to recognize volatile biomarkers 

(uremia-related amines) correlated with uremic status [54]. 

2.6.3 Detection of Colorectal Cancer via Exhaled VOCs and MOX Sensors 

For colorectal cancer, analysis of exhaled VOCs represents a non-invasive strategy based on the 

identification of biomarkers (aldehydes, ketones, hydrocarbons) linked to oxidative stress and tumor- 

related metabolic pathways [55]. MOX sensors have been developed using various semiconducting 

oxides (SnO₂, TiO₂, WO₃, Nb₂O₅, V₂O₅), often decorated with Au nanoparticles to enhance sensitivity, 

and typically operating between 350 and 450 °C. An example is the multi-sensor device SCENT B2, 

which combines four elements with complementary sensitivities; comparison of VOC profiles from 

pre- and post-surgical samples showed a significant reduction in sensor response after tumor removal. 

Multivariate analysis (PCA) and ROC curves highlighted high discriminative ability (AUC > 0.9) 

[56]. Studies on exhaled breath using high-temperature MOX (200–400 °C), combined with machine 

learning algorithms (e.g., C4.5), have reported ~77% accuracy, ~63% sensitivity, and 

~84% specificity. Comparative analyses indicate particularly strong performance for Au-decorated 

SnO₂ and TiO₂, with sensitivity up to ~80% and specificity ~70% at ~450 °C, underscoring the 

importance of optimizing sensor materials and architecture. Once refined and clinically validated, 

these devices could be integrated into non-invasive screening pathways [57]. 

Figure 5 provides a graphical synthesis of the concepts discussed in this section, highlighting the 

central role of MOX sensors in the medical field, owing to their ability to detect or prevent diseases 

through the analysis of volatile compounds emitted by the human body. 
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Figure 5. Graphical overview highlighting the key role that MOX sensors can play in the medical field. 

 

2.7 Integration with IoT, Edge AI, and Operational Considerations 

Modern systems combine local (edge) acquisition with analysis performed on embedded devices 

(microcontrollers/SoCs) or in the cloud. Edge AI reduces latency and dependence on connectivity, 

whereas the cloud facilitates model updates, federated learning, and multi-plant management. The 

choice depends on constraints related to power, bandwidth, privacy, and response time criticality. 

Data quality is crucial: standardized sampling protocols, reference materials, and calibration routines 

(standard gases or certified samples) are required. The metrology of sensor data involves control 

charts for baseline and noise, repeatability/reproducibility tests, robustness studies (controlled 

variations of T/RH), and inter-calibration plan across instruments. 

In IoT solutions, cybersecurity is a baseline requirement: data encryption, device authentication, 

signed updates, and segregation of industrial networks. Data governance (ownership, retention, audit 

trail) must be defined in compliance with regulatory and contractual supply chain requirements. 

The most promising trajectories include: (i) high-surface-area nanostructures (nanowires, nanosheets, 

aerogels) to maximize gas–solid interactions; (ii) n–p heterojunctions and core–shell architectures to 

modulate internal barriers; (iii) catalytic doping and metallic decoration to lower activation energies; 

(iv) MOF/zeolite interfaces to selectively filter and pre-concentrate VOCs. 
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The use of multi-parametric modulations (temperature, polarization, light/UV for photocatalysis) and 

dynamic signature spectra increases discriminant information. Integration with on-chip micro- 

chromatography or selective membranes can provide a lightweight physical pre-separator. 

Hybrid models (physics-informed and data-driven) promise greater interpretability and robustness. 

Techniques such as domain adaptation, transfer learning, and incremental learning address drift and 

domain shifts. Explainability (SHAP, saliency on dynamic features) facilitates auditing and 

regulatory acceptance. 

The convergence of microfabrication, low-cost packaging, and ultra-low-power electronics enables 

portable, edge-ready devices. Simplified user interfaces (mobile apps, traffic-light indicators) could 

support prosumer use cases (rapid freshness verification at home), while maintaining a confirmation 

channel with reference methods when required. In the perspective of integration with traditional 

analytical methods, MOX sensors can bridge the gap between the need for rigorous controls and the 

demand for rapid, widespread, and sustainable solutions, thereby contributing to food chain quality, 

safety, and transparency [58]. 

2.8 Comparison of MOX, Electrochemical, and Optical Sensors: Performance 

and Applications 

Compared to electrochemical sensors, known for their high sensitivity and selectivity but limited by 

shorter lifespan and higher susceptibility to operational conditions, MOX sensors provide superior 

stability [59]. 

In the agri-food sector, this feature allows rapid and low-cost assessment of freshness, ripening, and 

product quality, as an alternative to optical systems which, although accurate, are more complex and 

costly. In the environmental field, MOX sensors represent a reliable and low-cost solution for air 

quality monitoring and gas leak detection, demonstrating robustness even under variable operating 

conditions. In the medical domain, although optical sensors are often preferred for their accuracy and 

non-invasive operation, MOX sensors offer a more economically accessible alternative that is easily 

integrable into compact devices, making them promising for breath analysis and early diagnosis 

applications. 

Overall, despite the specific strengths of electrochemical and optical technologies, MOX sensors 

stand out for their versatility, stability, and cost-effectiveness, establishing themselves as a cross- 

cutting solution with broad application prospects in all three domains considered [21]. 
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QUALITY MONITORING OF TABLE GRAPES 

STORED IN CONTROLLED ATMOSPHERE USING 

AN S3 + MOS NANOSENSOR DEVICE 
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3.1 INTRODUCTION 

Table grapes (Vitis vinifera L.) are among the most widely consumed and appreciated fruits 

worldwide, owing to their versatility, nutritional benefits, and the broad diversity of varieties and 

aromas [1]. Traditional preservation through sulphur dioxide fumigation combined with refrigeration 

helps maintain quality but entails risks for both food safety and the environment [2]. This has 

stimulated the search for safer alternative solutions [3]. 

A well-established approach to prolong the postharvest life of table grapes is the use of modified 

(MA) or controlled atmospheres (CA), which regulate the concentrations of oxygen (O₂) and carbon 

dioxide (CO₂). These methods, which reduce O₂ levels and/or increase CO₂ levels, avoid the use of 

synthetic chemicals and do not leave toxic residues on the product. Furthermore, thanks to their 

simplicity and cost-effectiveness, they have been widely adopted at the commercial scale [4]. 

Maintaining an appropriate O₂/CO₂ balance reduces fruit respiration and slows down metabolic 

processes, while also limiting microbial growth by interfering with cellular metabolism [4]. It is well 

established that high CO₂ concentrations (≥ 15 kPa) delay softening and senescence and help control 

fungal development during grape storage [5; 6; 7; 8; 9; 10]. However, concentrations above 20 kPa 

may induce undesirable fermentation and sensory alterations, associated with ethanol and 

acetaldehyde accumulation [11]. Moreover, suboptimal storage conditions can stimulate the activity 

of key enzymes such as polyphenol oxidase (PPO) and peroxidase (PDO), responsible for enzymatic 

browning. Susceptibility to this phenomenon varies according to cultivar: some varieties are more 

resistant, while others are more prone to accelerated degradation [12]. 

Since aroma is a key determinant of consumer acceptance, monitoring volatile organic compounds 

(VOCs) released during storage under modified atmospheres is essential. Changes in VOC profiles, 

in terms of increases or decreases in emitted molecules, represent reliable indicators of freshness 

status or the onset of spoilage processes, and are therefore valuable for assessing product quality and 

shelf life [13; 14; 15]. 

Traditionally, VOC analysis in fresh fruit has relied on solid-phase microextraction coupled with gas 

chromatography–mass spectrometry (SPME-GC-MS), a technique that provides detailed molecular 

identification but is complex, destructive, expensive, and unsuitable for rapid monitoring. In recent 

years, the development of innovative, miniaturized, and low-cost sensors—particularly metal oxide 

semiconductor (MOS) sensors—has paved the way for new tools in food quality monitoring. The 

electronic nose, based on arrays of MOS sensors, enables rapid and non-destructive detection of 

volatile emissions, providing timely information on product freshness and storage status [16; 17]. 
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In this context, SPME-GC-MS enables a comprehensive chemical characterization of volatile organic 

compounds (VOCs), while the S3+ device, based on MOS sensors, provides a global and comparative 

assessment of the volatile profiles of the same samples, allowing their differentiation without the need 

to identify individual compounds. The system can detect variations in emissions relative to a reference 

sample, offering an early indication of potential changes in storage conditions. 

This study explores the innovative use of the S3+ system for monitoring table grapes during storage 

and assesses its reliability through parallel analyses using SPME-GC-MS, which serves as a reference 

method. The latter provided detailed chemical information useful for validating the effectiveness of 

the S3+ as an early warning tool. 

The large-scale implementation of this technology could enable real-time and non-invasive 

monitoring of grapes throughout storage, representing a rapid, sustainable, and cost-effective 

alternative to conventional methods. Such an approach would support a more efficient supply chain 

management, allowing timely interventions in the regulation of storage atmospheres, optimization of 

market availability for international and off-season distribution, and contributing to waste reduction 

and lower environmental impact [18]. 

3.2 MATERIALS AND METHODS 

3.2.1 Plant Material and Storage Conditions 

Table grapes (Vitis vinifera L., cv. Italia) were provided by a farm located in Foggia (Southern Italy). 

Vineyards were cultivated under uniform agronomic conditions with standardized practices, and 

clusters were harvested at full maturity (total soluble solids of approximately 16 °Brix). Immediately 

after harvest, samples were transported to the postharvest laboratory of the Institute of Sciences of 

Food Production of the National Research Council (ISPA-CNR). 

Clusters were selected for the absence of defects or disease symptoms and then randomly divided into 

three groups corresponding to different storage treatments. Two controlled atmosphere (CA) mixtures 

were applied by varying CO₂ concentration (10 or 30 kPa) in combination with 3 kPa O₂ in nitrogen. 

The two treatments were designated as: 

• CA-1: 3.0/10.0 kPa (O₂/CO₂) 

• CA-2: 3.0/30.0 kPa (O₂/CO₂) 

As a control (Ctrl), samples stored in air were used. All samples were kept at 2 ± 1.0 °C. CA-1 and 

CA-2 treatments were carried out using Milano 2 equipment, equipped with independent cells (Fruit 

Control Equipment srl, Locate di Triulzi, Italy). 
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For each treatment (CA-1, CA-2, and Ctrl), 16 samples were prepared (4 replicates × 4 storage times), 

each consisting of approximately 1 kg of grapes (3 clusters of 350–400 g) placed in PET trays (model 

CL1/135, Carton Pack, Rutigliano, Italy). 

Analyses were performed at harvest (0 days) and after 10, 20, 30, and 40 days of refrigerated storage. 

At each sampling time, qualitative parameters, sensory descriptors, and volatile organic compounds 

(VOCs) were evaluated using SPME-GC-MS and the innovative S3+ device, based on customized 

IoT nanosensors (Figure 1). 

 

 
Figure 1. Schematic representation of the experimental design for the analysis of volatile organic compounds. 

 

3.2.2 Chemicals and Reagents 

For enzymatic activity assays, polyvinylpyrrolidone and monosodium phosphate monohydrate were 

purchased from Sigma Aldrich (Milan, Italy); disodium phosphate heptahydrate and hydrogen 

peroxide from Honeywell Fluka (New Jersey, USA). Chlorogenic acid was provided by Alfa Aesar 

Co. Inc., while 2-mercaptoethanol (99% purity) was purchased from Alfa Aesar (New Jersey, USA). 

Finally, helium, carbon dioxide, and nitrogen (99.99% purity) were supplied by Sapio s.r.l. (Bari, 

Italy). 
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3.2.3 Quality and Sensory Attributes of Table Grapes Evaluated at Harvest and 

During Storage 

3.2.3.1 Respiration Rate, Sensory Analysis, Relative Water Content, Decay 

Incidence, and Image Analysis 

The respiration rate of table grape clusters was measured at harvest and at each sampling time using 

a closed system, as reported by Cefola et al. (2018) [19]. For each treatment and replicate (n = 4), 

approximately 400 g of fruit were removed from CA chambers and held for up to 24 h at 2 °C. 

Samples were then placed in sealed 3.6 L plastic jars (one per replicate), allowing CO₂ accumulation 

until 0.1 kPa (standard CO₂ concentration). The time required to reach this value was determined by 

measuring CO₂ at regular intervals with a gas chromatograph (p200 microGC, Agilent, Santa Clara, 

CA, USA) equipped with a dual column and thermal conductivity detector [20]. The respiration rate 

was expressed as mg CO₂ kg⁻¹ h⁻¹. 

The relative water content (RWC) of the rachis was measured on fresh and stored samples using 

rachis portions of approximately 1 cm (total 2.5 g per replicate), cut with a knife [19]. Weights were 

determined as fresh weight (Fw), after 24 h of rehydration (Rw) in distilled water at room temperature, 

and after drying (Dw) at 65 °C until constant weight. RWC was calculated as a percentage using the 

following formula [21]: 

RWC (%) = (Fw − Dw)/(Rw − Dw) × 100 

 

Sensory analysis of table grapes was carried out by a selected panel of seven assessors (four women 

and three men), using descriptors reported by Cefola et al. (2018) [19]. Visual quality (VQ) was 

assessed on fresh and stored clusters using a 5–1 scale (5 = excellent; 4 = good; 3 = acceptable, 

sensory limit; 2 = poor; 1 = very poor). 

For each treatment and sampling day, decay incidence was visually evaluated and assigned a sensory 

score on a 1–5 scale, where: 1 = no decay; 2 = slight decay, product still marketable, < 2% affected; 

3 = moderate decay, product usable but not marketable, < 5% affected; 4 = moderately severe decay, 

< 15% affected; 5 = severe decay, product not usable [22]. 

 

The incidence of mold was calculated according to the formula proposed by Youssef and Roberto 

(2014) [23]: 

 

Mold incidence (%) = (Number of decayed clusters / Total number of clusters) × 100 
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Colorimetric parameters of grape clusters were measured through image analysis. The acquisition 

system included an RGB digital camera AP3200TPGE (JAI Ltd., Yokohama, Japan), with spatial 

resolution of 3.2 MP at 2 fps and 24-bit/pixel color depth, equipped with a 12 mm focal length F1.8 

lens (KOWA Lens mod. LM12NC3 1/2), providing a field of view of 35 × 30 cm. The camera was 

placed inside a photographic box HPB60D (HAVOX, Vendôme, France), equipped with two LED 

light sources (60 diodes each). A reference color target (X-Rite ColorChecker Passport, 24 patches) 

was placed within the camera field of view. 

Images were processed with Matlab® R2021b (MathWorks Inc., Natick, MA, USA). Following 

Gonzalez et al. (2004) [24], raw images were segmented from the background to create binary images, 

removing unwanted edges and extracting RGB components (red, green, blue). RGB data were then 

converted into L*, a*, b* color space and used to calculate deltaE, according to Pathare et al. (2013) 

[25]. 

3.2.3.2 Polyphenol Oxidase (PPO) and Peroxidase (POD) 

PPO and POD enzymatic activity was determined following the method described by Palumbo et al. 

(2024) [26]. Briefly, table grape berries were cut into small pieces, and, for each replicate, 10 g of 

sample were homogenized for 1 min on ice with 20 mL of chilled phosphate buffer (0.05 M, pH 6.2) 

containing 30 g L⁻¹ polyvinylpyrrolidone (PVPP). The mixture was filtered through two layers of 

Miracloth and centrifuged at 15,000 × g for 15 min at 4 °C. The supernatant was collected and kept 

on ice until analysis (within 5 h). 

For PPO assay, enzymatic activity was determined using 15 mM chlorogenic acid in 0.05 M 

potassium phosphate buffer (pH 6.2), monitoring substrate oxidation at 410 nm for 2 min with a 

spectrophotometer (UV-1800, Shimadzu, Kyoto, Japan). One unit of PPO activity was defined as an 

absorbance change (Abs) of 0.001 per minute per gram of fresh weight under the described conditions. 

POD activity was determined in the supernatant using 15 mM chlorogenic acid as reducing substrate 

in a reaction mixture containing 0.1 M potassium phosphate buffer (pH 5.0) and 30 mM H₂O₂. 

Chlorogenic acid oxidation was monitored by absorbance increase at 470 nm for 2 min. Similarly, 

one unit of POD activity was defined as an absorbance change of 0.001 per minute per gram of fresh 

weight under the specified conditions. 
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3.2.4 Volatile Organic Compounds (VOCs) 

Samples were taken from the freezer (−22 °C), and three berries without pedicels (5 g each) were 

placed in sterile containers at room temperature (25 °C) for 3 h to allow volatile release and 

equilibration between gas and solid phases. For each sample, duplicate values were obtained in 

separate containers to ensure statistical validity. 

A SPME DVB/CAR/PDMS 50/30 μm fibre (Supelco Co., Bellefonte, PA, USA) was exposed to the 

headspace at 25 °C for 10 min to adsorb VOCs. Separation of extracted compounds was carried out 

using a GC 2020 gas chromatograph (Shimadzu, Kyoto, Japan) coupled to an MS-QP2020 mass 

spectrometer (Shimadzu, Kyoto, Japan). The SPME fiber was thermally desorbed in the GC injector 

in splitless mode for 6 min at 240 °C. A MEGA-5MS column (25 m × 0.25 mm × 0.25 μm, Agilent 

Technologies, Santa Clara, CA, USA) was used for separation. 

The mass spectrometer operated in EI (Electron Ionization) mode at 70 eV, with ion source 

maintained at 240 °C. Data acquisition was performed in TIC (Total Ion Current) mode with a scan 

range of 35–500 m/z and scan time of 0.3 s. Hydrogen (99.99% purity, GENius PF500, FullTech 

Instruments Srl, Rome, Italy) was used as carrier gas under the following conditions: 35.7 kPa, flow 

2.2 mL/min, linear velocity 87.4 cm/s, purge flow 4.0 mL/min. Detector temperature was set at 240 

°C. 

 

The GC oven program was as follows: initial temperature 40 °C for 3 min, ramp 4 °C/min to 120 °C, 

then 7 °C/min to 220 °C, total run 40 min. Peak integration was performed automatically based on 

peak area, considering at least 70 chromatographic peaks with an integrated signal area ≥ 500 arbitrary 

units (a.u), corresponding to the summed mass spectral ion intensities. Additional integration 

parameters included: slope 100/min, peak width 2 s, drift rate 0/min, doubling time 1000 min, without 

smoothing. 

Peak identification was carried out using Nist11, Nist11b, and FFNSC2 libraries, assigning 

compounds based on semi-quantitative analysis with a similarity index ≥ 90% as the main criterion. 

Quantification of VOCs was expressed as relative abundance (percentage of GC area) and reported 

as mean value ± standard deviation (SD). 

3.2.5 Analysis with MOX Sensors 

Following the same procedure as GC-MS analysis, 5 g of table grape berries were thawed at 25 °C 

for 3 h prior to analysis with the S3+ device. Samples were placed in polypropylene (PP) containers, 

with two openings in the lid for insertion of suction tubes. 
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3.2.5.1 Calibration of MOX Sensor Arrays 

The S3+ system and its sensor arrays used in this study were developed in collaboration with Nano 

Sensor Systems Srl, a spin-off of the University of Brescia (Italy). The device is equipped with an 

array of metal oxide (MOX) sensors, fabricated with specialized materials and designed for the 

recognition of specific target compounds [27]. 

Calibration of the S3+ MOX sensor array followed a structured procedure to ensure stability, 

reproducibility, and accuracy in detecting volatile organic compounds (VOCs). Initially, each sensor 

underwent high-temperature annealing (500–800 °C, for 1–10 h) to stabilize the sensitive layer and 

remove potential contaminants that could interfere with sensor response. Subsequently, sensors were 

subjected to an aging period in continuous filtered air flow to reduce baseline resistance variability 

and ensure stable operating conditions before experimental use [28]. 

Calibration was performed in a controlled chamber with a gas flow regulation system, allowing 

exposure of sensors to mixtures of VOCs at known concentrations. Uniform distribution of gaseous 

compounds across sensors was ensured by a mass flow controller. 

The electronic board played a crucial role in the calibration process, regulating sensor operating 

conditions, monitoring real-time changes in electrical resistance, and controlling temperature settings. 

Resistance signals were transmitted to a cloud platform for continuous validation of sensor responses 

[29]. 

The S3+ device includes a dedicated sensing chamber, a fluid-dynamic system for uniform 

distribution of volatile compounds, and an electronic control unit. The apparatus housed six custom- 

designed MOX sensors, based on SnO₂, SnO₂/Pd, and SnO₂/Au, arranged in a steel chamber 

maintained at 500 °C (Table 1), a condition ensuring high environmental differentiation capability 

[18]. 

Table 1. Description of the setup for the different sensing elements. 
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The chamber dimensions were 11 × 6.5 × 1.3 cm, and the sensors were selected based on their 

performance. MOX sensors responded to volatile compounds through variations in electrical 

resistance, which affected conductivity [30]. 

The fluidic circuit included a pump, connecting tubes, a solenoid valve, and an activated carbon 

cylinder for air filtration. The solenoid valve regulated the pump flow, with a maximum flow rate of 

250 cm³/min (standard). 

The electronic board detected resistance variations, controlled sensor temperature—a critical 

parameter for volatile detection—and transmitted data to the S3+ web application, thereby 

demonstrating the IoT functionality of the system [31]. 

3.2.5.2 S3+ Device Setup 

The sample was connected to two activated carbon filters: one for air purification in the headspace 

and the other connected to the S3+ device. Each analysis lasted a total of 13 minutes, divided into 

three phases: 100 s for sensor stabilization, 200 s for sample measurement, and 500 s for sensor 

recovery. 

For each sample, 10 replicates were performed, analyzing the sensor outputs, in particular electrical 

resistance, normalized to the initial acquisition value (R₀). For each sensor, the difference between 

the initial resistance value and the minimum value recorded during analysis was calculated. 

Subsequently, the R/R₀ parameter and its standard deviation were determined across the 10 replicates. 

The data collected from the sensors were transmitted to the Microsoft Azure platform, equipped with 

two web tools: a management portal and a mixture classification service. Sensor outputs were 

processed and interpreted through multivariate statistical analysis. 

3.2.5.3 Post-run Analysis 

Linear Discriminant Analysis (LDA) is a statistical method commonly used in pattern recognition 

and machine learning to identify a linear combination of variables that optimally discriminates 

between two or more classes of events [32]. In this study, LDA was applied using MOX sensor data 

as predictive variables and different gas classes as target variables. 

3.2.6 Statistical Analysis 

To evaluate the effect of storage atmosphere (CA-1, CA-2, and control) and storage time on the 

measured parameters, data were subjected to two-way analysis of variance (ANOVA); means were 
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separated using Tukey’s test at P < 0.05 (5% significance level), employing the StatGraphics 

Centurion XVI.I software (Stat Point Technologies, Inc., Warrenton, VA, USA). 

 

For each storage time, a one-way ANOVA was also performed to determine the effect of storage 

conditions on the qualitative characteristics considered. 

Finally, a selection of VOCs from stored table grapes, together with respiration rate, visual quality 

score, and decay incidence, was analyzed through principal component analysis (PCA) to establish 

relationships among the studied parameters. 

3.3 RESULTS AND DISCUSSION 

 

3.3.1 Qualitative and Sensory Parameters of Table Grapes Stored under 

Controlled Atmosphere 

To better understand the effects of controlled atmosphere (CA) storage on table grapes, several 

qualitative parameters were evaluated, including visual quality (VQ), enzymatic activity, and 

respiration rate. Visual quality is a key indicator of freshness and commercial appeal, as external 

appearance directly influences consumer choice. Enzymatic activity and respiration rate, in turn, 

reflect the metabolic status of the fruit, determining ripening and decay processes as well as the onset 

of color alterations. 

Controlled atmosphere conditions, characterized by low oxygen levels and high CO₂ concentrations 

(CA-1 or CA-2), contributed to improving the visual quality of grapes by limiting oxidation and berry 

browning phenomena and reducing mold development. 

Specifically, VQ progressively decreased in all samples during storage, but values remained 

consistently higher in grapes stored under CA-1, followed by CA-2, and lowest in controls (Figure 

2A). The VQ scores assigned by the sensory panel were based on the observation of clusters and 

rachis. 

To complement sensory evaluation, a comparative instrumental analysis was performed, based on the 

measurement of berry browning (color parameter b*) and relative water content (RWC) (Figure 2C– 

D). 
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Figure 2. Effects of controlled atmosphere storage (CA-1: 3/10 O₂/CO₂%, CA-2: 3/30 O₂/CO₂%; CTRL: 

storage in air) on: A) visual quality, B) decay incidence, C) b* value, D) relative water content (RWC) of the 

rachis, E) PPO activity, and F) POD activity of Vitis vinifera L. cv. Italia table grapes during the storage period. 

Bars represent standard deviations. Means marked with different letters within the same storage time are 

significantly different according to Tukey’s test (P ≤ 0.05). 

With respect to the b* parameter, significantly higher values were measured at the end of storage in 

the Ctrl samples compared with those stored under CA, indicating the development of browning in 

the control berries. This trend was further confirmed by the behavior of PPO and POD, the two main 

enzymes involved in oxidative processes, which showed higher activity throughout the storage period 

in Ctrl samples compared with those stored under CA (Figure 2E–F). 

During storage, both CA conditions maintained the relative water content (RWC) of the rachis at 

values like those of fresh grapes (Figure 2D). In contrast, a marked reduction in RWC was observed 

in the Ctrl samples, in agreement with previous reports [19; 33]. 

Moreover, the high CO₂ concentration in CA conditions delayed mold development compared with 

Ctrl samples (Figure 2B). These results suggest a positive effect of elevated CO₂ in controlling decay, 

as already documented in the literature [11; 34; 35; 36]. Similarly, Crisosto et al. (2002b) [37] 
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observed that treatment with 10 kPa CO₂ in combination with 3, 6, or 12 kPa O₂ in the Red Globe 

cultivar limited the development of Botrytis decay during 12 weeks of cold storage. 

 

On the other hand, although low O₂ and high CO₂ CA conditions improved the visual appearance of 

table grapes, a negative effect was observed on respiration rate and volatile profile. While Ctrl 

samples did not show significant variations during storage, grapes stored under CA-1 and CA-2 

exhibited a marked increase in respiration rate, reaching a peak of approximately 6 and 12 mL CO₂ 

kg⁻¹ h⁻¹, respectively, after 20 days. Subsequently, a decrease in respiration rate was observed in both 

CA treatments (Figure 3). 

 

 

 
Figure 3. Effects of controlled atmosphere storage (CA-1: 3/10 O₂/CO₂%; CA-2: 3/30 O₂/CO₂%; CTRL: 

storage in air) on: A) respiration rate and B) weight loss of Vitis vinifera L. cv. Italia table grapes during the 

storage period. Bars represent standard deviations. Means marked with different letters within the same storage 

time are significantly different according to Tukey’s test (P ≤ 0.05). 

A similar trend was reported by Cefola et al. (2018) [19] in Italia table grapes stored under modified 

atmosphere with high CO₂ concentrations (20–30%), a condition that confirmed the stress state 

induced by the gas. In our case, this effect was already detected with the application of 10% CO₂ 

under low O₂ concentrations, under nearly constant gas conditions. The increase in respiration rate 

indeed represents a physiological response of damaged grapes, leading to the onset of fermentative 

metabolism with negative repercussions on both sensory and overall product quality [11]. 

These results confirm that the application of high CO₂ concentrations (≥ 10%) under low-oxygen 

conditions in Italia table grapes can cause physiological damage due to CO₂-mediated inhibition of 

several Krebs cycle enzymes, including succinate dehydrogenase. This may result in the activation of 

anaerobic respiration or the accumulation of succinic acid, potentially toxic to cells [20; 38]. The 

subsequent in-depth analysis of volatile organic compounds (VOCs) confirmed this hypothesis, as 

described below. Regarding weight loss (Figure 3B), a significantly higher increase was observed in 
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Ctrl samples compared with CA-stored grapes, a phenomenon attributable to senescence development 

in samples stored in air [20]. 

3.3.2 VOCs Detected in Table Grapes Stored under Controlled Atmosphere 

The regulation and optimization of O₂ and CO₂ levels in controlled atmosphere storage allow the 

preservation of the aromatic profiles of table grapes, maintaining freshness for longer without the use 

of chemical preservatives. VOCs play a crucial role in defining grape aroma quality. 

In our samples subjected to different storage conditions, GC-MS analysis identified 113 volatile 

compounds, of which 33 metabolites were consistently detected across all samples. These belonged 

to different chemical classes, including aldehydes, alcohols, alkanes, alkenes, carboxylic acids, 

ketones, terpenes, and ethers, each contributing specifically to the perceived aroma and sensory 

profile [39]. Alkanes were the most abundant group, followed by alcohols, in line with the typical 

volatile composition of grapes [40]. In the Italia cultivar, characterized by a neutral aromatic nature, 

the presence of terpenes was limited, as typically observed in non-muscat compared to aromatic or 

muscat varieties [41]. 

In agreement with our findings, some of the same volatile compounds were identified and quantified 

by Yang et al. (2011) [42] and Kaya et al. (2022) [43] using chemical standards. The most 

representative compounds were subjected to two-way ANOVA, which showed significant effects of 

storage conditions (CA-1, CA-2, or control), time, and their interactions on most molecules (including 

ethanol, hexanal, 1-hexanol, 2,4-dimethyl-1-decene, D-limonene, anethole, 4-methyl-benzaldehyde, 

2,6,6-trimethyl-octane, 2-butyl-1-octanol, 2-isopropyl-5-methyl-1-heptanol, 3,8-dimethyl-undecane, 

pentadecane). However, after 40 days of storage, most compounds did not show significant 

differences, confirming the variability of volatile profiles over time. 

The evolution of VOCs under CA conditions is shown in Figure 4. Some compounds exhibited 

specific trends: for instance, ethanol markedly increased in CA-2 samples up to 30 days, indicating a 

higher predisposition to fermentative metabolism; conversely, other compounds (e.g., 2-butyl-1- 

octanol, 3,8-dimethyl-undecane, 4-methyl-benzaldehyde) maintained relatively stable levels. Other 

volatiles, such as D-limonene and pentadecane, showed pronounced variations under specific 

conditions (Ctrl and CA-1, respectively), suggesting differences in metabolic processes or selective 

volatilization, although not statistically significant due to variability among replicates. 
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Figure 4. Trends of positive and negative markers in table grapes stored under different atmospheric 

conditions: CA-1 (3% O2 – 10% CO2); CA (3% O2 – 30% CO2), CTRL (20% O2 – 0% CO2). 

The concentration of hexanal, 1-hexanol, 2,4-dimethyl-1-decene, anethole, and 2-isopropyl-5- 

methyl-1-heptanol was generally higher in CA-1 samples, with fluctuating trends attributable to 

differences among replicates. Overall, comparison of volatile profiles suggests that the CA-2 

condition was the least favorable, showing the greatest presence of senescence and fermentation 

markers (particularly ethanol), followed by the control, whereas CA-1 ensured the best preservation 

by reducing degradation and maintaining greater stability of volatile compounds. 

3.3.3 Relationship between VOCs and Qualitative Parameters 

Datasets comprising a representative selection of VOCs, respiration rate, and two sensory parameters 

(visual quality score and mold incidence) were collected at harvest and after 10, 20, 30, and 40 days 

of cold storage, both in air and under the two controlled atmosphere conditions and were subjected to 

principal component analysis (PCA). 

Application of PCA to the final dataset explained 65.3% of the total variance, with the first three 

components (PC1, PC2, PC3) accounting for 31.4%, 21%, and 13%, respectively. The score plot of 

the first three components (Figure 5) clearly discriminated between fresh samples at harvest and those 

stored in air (Ctrl), CA-1, and CA-2. The plot highlighted the impact of different treatments on VOC 

evolution during storage, showing how the applied gas mixture influenced product quality. 

The sample distribution indicated: 

• Ctrl samples clustered on the left side of the plot; 
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• CA-1 and CA-2 samples separated into distinct clusters, with subgroups according to storage 

time (e.g., CA-1_10, CA-2_30); 

• Fresh samples (FRESH) positioned as outliers compared to the others. 

CA-1 and CA-2 samples were more closely associated with VOCs such as hexanal and ethanol, 

whereas Ctrl samples showed lower values for these volatiles. 

 

 

 
Figure 5. PCA plots of table grapes analyzed at harvest (Fresh, 0 d) and after 10, 20, 30, and 40 days of storage 

at 5 °C in: air (control, CTRL_10, CTRL_20, CTRL_30, CTRL_40), controlled atmosphere with 3% O₂ / 10% 

CO₂ (CA-1_10, CA-1_20, CA-1_30, CA-1_40), and controlled atmosphere with 3% O₂ / 30% CO₂ (CA-2_10, 

CA-2_20, CA-2_30, CA-2_40). 

The plot suggests differences in physiological responses and VOC composition among treatments 

during storage, with CA-stored grapes showing more pronounced metabolic changes. Grapes stored 

in air (Ctrl) were positively correlated with mold incidence as a physical parameter, highlighting the 

positive effect of CA in delaying the onset of decay. Consequently, visual quality (VQ) was 

positioned opposite to mold percentage, instead showing a positive correlation with CA-stored 

samples (both conditions). 

Although the cold chain slows down metabolic processes, including respiration rate and enzymatic 

reactions, grapes continue to respire and gradually ripen, leading to senescence and deterioration. 

Specifically, respiration rate, ethanol, pentadecane, and 2,4-dimethyl-1-decene were correlated with 

CA-2 samples, confirming the development of fermentative metabolism under stressful storage 

conditions. Ethanol, produced through alcoholic fermentation of sugars by yeasts, is a clear indicator 

of ongoing fermentative or degradative processes. Ethanol and 1-hexanol are indeed characteristic 

compounds of grapes stored under high CO₂ concentrations [44]. An increase in ethanol has also been 



56  

reported during the storage of apples and strawberries in CO₂-rich atmospheres, following the 

activation of fermentative metabolism [19]. 

Phenylpropenes, such as anethole, are compounds found in fresh fruits including apples, strawberries, 

and grapes [45]. For table grape storage, anethole was found to be predominantly correlated with CA- 

1 samples. This compound is typically present during fruit ripening and reaches its maximum 

concentration at full maturity. 

Therefore, selected volatile compounds can serve as alternative indicators to assess table grape 

quality. Some volatile metabolites, such as ethanol and 1-hexanol, may act as markers of suboptimal 

storage conditions (e.g., high CO₂ concentrations). Conversely, hexanal and anethole may represent 

potential freshness markers for Italia table grapes. Hexanal, in particular, is associated with 

herbaceous characteristics typical of many table grape cultivars and is considered a freshness 

indicator for cv. Italia, as it is one of the main contributors to the characteristic berry flavour and 

varies according to the ripening process [19]. 

3.3.4 Application of Customized IoT Nanosensors for Estimating Table Grape 

Quality 

To further investigate the impact of controlled atmosphere (CA) storage on table grape quality, an 

innovative IoT system based on nanosensors was employed to monitor the volatilome, providing 

valuable insights into the chemical changes occurring during storage. 

In Figure 6, the x-axis represents time (minutes), while the y-axis shows normalized resistance. The 

use of normalized parameters allows the analysis of a dimensionless dataset, characterized by a mean 

value equal to 0 and standardized variability of 1. This approach is particularly useful for comparing 

samples expressed in different units or scales, which would otherwise make the analysis less accurate 

[46]. 

 

 
Figure 6. Graphical representation of the output from a single sensor, where the y-axis reports resistance (Ω) 

and the x-axis time (s). 
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The graph clearly shows how resistance starts at a high value and subsequently decreases. Sample 

analysis was divided into two phases. The first, dedicated to volatilome assessment, consisted of the 

contact between emitted volatile substances and the sensor, which caused a reduction in electrical 

resistance. The second phase, called recovery, involved the injection of filtered ambient air to return 

the sensor to its baseline value, reflecting its electrical resistance under standardized environmental 

conditions (humidity, temperature, and oxygen) [47]. 

In this study, the process included an initial stabilization phase of 100 s, followed by 200 s of sample 

analysis and 500 s of recovery, for a total duration of 13 minutes per analysis. Each sample was 

subjected to 10 replicates, for an overall analysis time of approximately 4 hours. 

The quality and consumer acceptability of table grapes depend on several parameters, including 

aesthetic and aromatic aspects. The volatilome comprises the full set of volatile metabolites, as well 

as other volatile organic and inorganic compounds, originating from an organism, a super-organism, 

or an ecosystem. Although often considered a subset of the metabolome, the volatilome also includes 

exogenous compounds not generated by metabolic processes, such as environmental pollutants, 

thereby constituting a distinct entity. 

In the specific case of grapes, the volatilome consists of several hundred VOCs with varying volatility 

and polarity, which may originate from raw materials or form during storage. The analysis performed 

with the S3+ device provided useful data to discriminate groups of samples stored under different 

conditions, based on the VOCs produced. During storage, chemical processes occurred that led to the 

release of VOCs, detected by the sensor array used in this trial. From a practical perspective, the 

results indicate that characterization of the grape volatilome requires at least three sensors with 

complementary sensitivities, capable of providing a reliable and discriminant analysis of volatile 

profiles. 

To support the data obtained with GC-MS, a Linear Discriminant Analysis (LDA) was performed on 

the data collected with the S3+ system. The analysis (Figure 7) clearly shows that the red cluster, 

corresponding to fresh samples, is distinctly separated from all others. In the factorial plane, fresh 

samples were located near the CTRL and CA-1 samples, which were positioned very close to each 

other. This proximity suggests that grapes stored in air and in CA-1 shared a similar volatile 

composition, despite the different storage conditions. In contrast, CA-2 samples were significantly 

distant from both fresh samples and those stored in air or CA-1. This indicates that CA-2 was the 

least favorable condition among those tested, as it generated the greatest deviation from the profile of 

fresh grapes. 
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Figure 7. 3D representation by LDA of table grape samples stored under different conditions: controlled 

atmospheres (CA-1 and CA-2) and air (CTRL) at different storage intervals (10, 20, 30, and 40 days), including 

fresh samples for comparison. 

The three MOX sensors in the S3+ device were neither analyzed individually nor averaged; instead, 

their combined signals were processed using a multivariate statistical approach to enhance pattern 

recognition capability. Each sensor exhibits different sensitivities to specific volatile organic 

compounds, thereby enabling a more comprehensive characterization of the grape volatilome. 

Linear Discriminant Analysis (LDA) was applied to classify storage conditions by integrating the 

unique contributions of each sensor. Sensor responses were normalized to baseline resistance (R/R₀) 

and subsequently incorporated into the LDA model. This approach enabled the detection of subtle 

variations in VOC composition that individual sensors, when considered separately, would not have 

captured. 

The LDA plot revealed a clear clustering of samples based on the combined sensor responses, 

allowing discrimination of both storage conditions and storage times. This method increased 

classification robustness, ensuring that no critical information was lost. The results demonstrate that 

the S3+ device can effectively detect variations in volatile profiles over time, distinguishing, for 

example, between grapes stored for 10 and 40 days. This ability to monitor storage duration 

underscores the effectiveness of the sensor array in evaluating postharvest quality and providing real- 

time information for controlled atmosphere storage management. 
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These findings are consistent with GC-MS results: the sum of the mean percentages of senescence- 

and fermentation-related molecules confirms that CA-2 (3/30 kPa O₂/CO₂) was the least favorable 

condition. 

3.4 CONCLUSIONS 

This study demonstrates that controlled atmospheres with high CO₂ concentrations and low O₂ levels 

improve the visual quality of table grapes and reduce mold development by preventing oxidative 

phenomena. However, such conditions also lead to an increased respiration rate and the production 

of undesirable volatile compounds, with negative consequences for freshness and aroma over time. 

Statistical analysis revealed significant effects of storage conditions and time on volatile compounds, 

but most did not show significant differences after 40 days, indicating a certain instability of volatile 

profiles. Some markers, such as anethole and hexanal, were associated with CA-1 (3% O₂ / 10% CO₂) 

and may therefore be considered freshness indicators. Conversely, ethanol and other fermentation- 

related VOCs were associated with CA-2 (30% CO₂), identified as the least favorable condition. 

Further studies are needed to optimize the CO₂/O₂ balance to improve storage strategies. The S3+ 

electronic nose confirmed the results obtained by GC-MS, proving to be an effective tool for grape 

quality monitoring, offering a non-destructive, rapid, and cost-effective method to prolong freshness, 

reduce waste, and enhance supply chain sustainability. 

Large-scale application of these sensors throughout the distribution chain—from producers to 

consumers, including transport, international trade, and long-term storage for off-season demand— 

could help improve the final product quality. However, sensor calibration must be tailored to different 

cultivars and storage conditions, as a single universal model cannot be applied to all situations. 
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4.1 INTRODUCTION 

Population growth, urbanization, and the expansion of the middle class have driven a significant 

increase in global food demand, especially for animal protein sources. In Europe, as in many other 

regions of the world, poultry meat consumption constitutes a substantial share of dietary protein 

intake and is deeply rooted in culinary traditions. Traditional production of protein-rich ingredients 

for animal feed, such as fishmeal, soy, and cereals, now requires further intensification in resource- 

use efficiency and integration with alternative sources [1; 2]. By 2030, it will be necessary to feed 

more than 9 billion people [3], in addition to the billions of animals reared annually for food or 

recreational purposes. At the same time, issues such as water and soil pollution from intensive 

livestock farming and deforestation driven by overgrazing contribute decisively to climate change 

and other negative environmental impacts. 

In recent years, the link between agricultural practices, animal health, human health, and the 

environment has been more clearly recognized and formalized within the “One Health” paradigm, 

which encourages integrated solutions to contemporary challenges [4]. Within this framework, insect 

farming emerges as a tangible opportunity for addressing food security and protein availability issues. 

Insects are highly nutritious—rich in protein, lipids, and minerals—they can be reared on food waste 

and can be transformed into various forms: consumed whole, processed into meals or pastes, or 

incorporated into feeds or foods [5]. 

The use of insects in nutrition and animal husbandry offers numerous advantages: high feed 

conversion efficiency, the ability to convert organic waste into high-value proteins, and lower 

environmental impact. This approach aligns closely with principles of sustainability, circular 

economy, and resource optimization, making it a promising solution for poultry feed [6]. Insects are 

ubiquitous, reproduce rapidly, exhibit high growth and feed conversion rates, and require minimal 

resources throughout their lifecycle. Moreover, their use can bring benefits to the environment, human 

health, and socioeconomic conditions in many communities [7]. 

From a nutritional standpoint, insect meals present favorable amino acid profiles compared to 

conventional feeds, reducing the need for synthetic additives and production costs, with positive 

effects on poultry welfare—in terms of growth and development—and on meat quality [8]. From an 

environmental perspective, insects demand fewer resources and emit lower greenhouse gas quantities 

relative to conventional protein sources, thereby promoting more sustainable farming practices [9]. 

Additionally, the ability of insects to consume organic waste—such as food leftovers, compost, and 

manure—allows the transformation of low-value materials into quality proteins for feed production. 
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In light of this evidence, it is crucial to address the challenges posed by food security and the rising 

global demand for proteins. Insect meals offer a scalable and nutritionally dense solution 

complementary to conventional protein sources. On these foundations, our research examined 

chicken samples fed with different dietary regimes (traditional, sustainable, live larvae, and dried 

larvae) to identify related volatile patterns and characterize associated volatile organic compounds 

(VOCs). 

For this purpose, both established analytical techniques, such as solid-phase microextraction coupled 

with gas chromatography–mass spectrometry (SPME-GC-MS), and advanced sensing approaches 

based on MOX sensor devices were employed. Although different in nature, these methodologies are 

complementary: SPME-GC-MS provides a detailed chemical characterization of volatile organic 

compounds (VOCs), allowing the identification and quantification of specific molecular classes 

(amines, aldehydes, alcohols, esters, ketones, etc.), while sensor-based systems enable a rapid, non- 

destructive, and cost-effective evaluation of complex aromatic profiles, offering an overall 

assessment of the sample’s condition [10]. 

In this study, VOCs were investigated to assess the impact of different dietary formulations used in 

animal feeding. Variations in feed composition can influence the chemical properties and sensory 

traits of meat, leading to distinctive volatile patterns [11]. 

With the aim of combining environmental sustainability, animal welfare, production efficiency, and 

food safety, the research presented here adopts an integrated approach combining an innovative 

device (S3+) equipped with an array of six MOX sensors and SPME-GC-MS analysis. This strategy 

made it possible to highlight both the nutritional potential of insect-based flour as alternative protein 

sources and the capability of sensor technology to monitor the effects of diet and thermal processing 

(raw/cooked) on the volatile profile of poultry products. 

Overall, the combination of reference analytical methods and innovative sensing technologies 

represents an effective decision-support tool for the agri-food industry, enhancing sustainability, 

quality, and safety within production systems, while promoting circular economy principles and 

reducing environmental impact. 

4.2 MATERIALS AND METHODS 

4.2.1 Animals, Management, and Diets 

The in vivo trial was carried out at the poultry facility of the University of Turin (Italy) and followed 

experimental protocol no. 814715, approved by the University Bioethics Committee. All animals 
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were managed in accordance with European regulations on organic farming (Regulation EC No. 

834/2007), maintaining uniform rearing and environmental conditions across groups. 

On day 39 of life, chicks were individually wing-tagged and selected based on a live body weight 

(LW) average of 316.8 ± 1.4 g. A total of 192 subjects were allocated in the experimental facility, 

distributed among 18 pens (8 animals per pen; size: 2.0 × 3.2 m), with rice hull bedding and free 

access to an outdoor area of the same size. 

Animals were divided into three groups, each comprising 6 pens (considered replicates). The control 

group (CONTROL) received a basal diet containing conventional ingredients such as soybean meals. 

The ST group received an experimental diet where soybean meal was fully replaced by alternative 

ingredients. Two additional experimental groups received the same basal diet as ST supplemented 

with Hermetia illucens larvae (Black Soldier Fly Larvae, BSFL), administered either in dehydrated 

(DL) or live (LL) form, at 5% of the expected daily dry matter (DM) intake. Actual feed intake was 

measured weekly, and the larvae allocation was adjusted to keep the 5% DM proportion constant. 

The diets were formulated to be isonitrogenous and isoenergetic, following INRA nutritional values 

for chicken (metabolizable energy, AME 11.8–11.9 MJ/kg; crude protein 18.1%; ether extract 3.59– 

3.63%; crude fibre 3.28–4.80%). Details of the feeding regimens are reported in Fiorilla et al. (2024) 

[12]. Dehydrated larvae were supplied by Entomo Agroindustrial (Murcia, Spain), while live larvae 

were obtained from Inagro (Rumbeke-Beitem, Belgium), shipped weekly and maintained in diapause 

state, then reactivated before administration as per the procedure described by Bellezza Oddon et al. 

(2021) [13]. 

The trial lasted a total of 135 days, from 39 days until slaughter at 174 days. After a 12-hour fasting, 

chickens were stunned electrically following European regulations (Regulation EC No. 1099/2009 of 

24 September 2009) [14]. The pectoralis major fillet of the right cranial side was weighed, vacuum-

packed, and frozen at –20 °C. 

For volatile profiling of poultry samples, two analytical methods were applied in parallel on the same 

sample: solid-phase microextraction coupled with gas chromatography–mass spectrometry (SPME- 

GC-MS) and electronic nose (E-nose) analysis via the S3+ device. 

4.2.2 Sample Storage and Cooking 

Samples were stored at –20 °C until analysis. For raw samples, thawing was performed overnight at 

4 °C; cooked samples were immersed directly in hot water (85 °C) within glass containers. Vacuum- 
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packed cooking lasted 25 minutes, followed by cooling, sectioning, and insertion into analysis 

chambers. 

To prevent contamination and formation of undesirable metabolites, all handling was conducted 

under sterile conditions, using sterilized materials, Bunsen burners or laminar flow hoods, and 

disinfected surfaces. 

A total of 48 samples were analyzed across two slaughter sessions, each including the 4 dietary 

treatments: 

• Conventional diet (CONTROL) 

• Diet with live larvae (LL) 

• Diet with dehydrated larvae (LD) 

• Sustainable diet (ST) 

For each treatment, 3 samples were analyzed as raw and 3 as cooked. Each sample underwent three 

replicate GC-MS analyses and ten measurements with the S3+ device, for a total of 624 analyses as 

shown in Table 1. 

Table 1. Experimental design, sample allocation, and analytical replication for each dietary treatment. 

 

 

Group 

 

Diet description 

 

Supplementation 

Pens 

(biological 

replicates) 

Total 

animals 

Analyzed 

samples 

*Sample 

state 

GC-MS 

replicates 

S3+ 

measurements 

 

CONTROL 

Conventional 

basal diet 

(including 

soybean meal) 

 

None 

 

6 

 

48 

 

6 

 

3 raw + 3 

cooked 

 

3 per 

sample 

 

10 per sample 

 

ST 

Experimental 

diet (soybean 

meal fully 

replaced) 

 

None 

 

6 

 

48 

 

6 

 

3 raw + 3 

cooked 

 

3 per 

sample 

 

10 per sample 

 

DL 

 

ST diet + BSFL 
Dried BSFL (5% 

DM) 

 

6 

 

48 

 

6 
3 raw + 3 

cooked 

3 per 

sample 

 

10 per sample 

LL ST diet + BSFL 
Live BSFL (5% 

DM) 
6 48 6 

3 raw + 3 

cooked 

3 per 

sample 
10 per sample 

Total - - 18 192 24 
12 raw + 

12 cooked 
- - 

* For each treatment, six breast fillet samples were analyzed (three raw and three cooked). Three analytical replicates were performed 

per sample using SPME-GC-MS, and ten consecutive measurements were carried out using the S3+ electronic nose. 
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4.2.3 Sample Preparation for GC-MS 

From each sample, 3 g were taken using corers and transferred into 20 mL chromatography vials with 

aluminum caps and PTFE/silicone septa. To ensure representativeness, each vial was filled with three 

aliquots from different sample points. After sealing, vials were held at 4 °C until analysis. 

4.2.3.1 GC-MS Analytical Conditions 

The sampling and chromatographic analysis were carried out using the same GC-MS system 

employed for the study on table grapes described in Chapter 3 “Quality monitoring of table grapes 

stored in controlled atmosphere using an s3 + mos nanosensor device”. The technical specifications 

of the SPME fiber, along with the operating conditions and instrumental parameters, are provided in 

detail in Section 3.2.4. 

The oven program was: 40 °C for 1 min, ramp to 50 °C at 4.5 °C/min, then to 80 °C at 6.5 °C/min, 

and finally to 180 °C at 15 °C/min; total run 17 min; overall analysis time (including sampling) 107 

min. Compound identification was based on Nist11, Nist11b, and FFNSC2 libraries. At least 70 peaks 

with area ≥ 500 AMU were considered. Integration was automated (slope 100/min, width 2 s, drift 0, 

doubling time 1000 min). Results were expressed as relative abundance (% of GC area, mean ± SD). 

4.2.4 Sample Preparation for S3+ 

Residual samples (~6 g) were used for S3+ analyses. These were placed in polypropylene (PP) 

containers with perforated caps for insertion of aspiration tubes, then refrigerated until testing. 

4.2.4.1 Calibration of MOX Sensors 

The S3+ device and sensor arrays were developed in collaboration with Nano Sensor Systems Srl 

(spin-off of the University of Brescia). The array comprises six MOX sensors based on SnO₂ and 

doped SnO₂ (Pd, Au), operating at 500 °C. Calibration included a high-temperature annealing phase 

(500–800 °C, 1–10 h) and subsequent aging in air to stabilize baseline resistance [15]. Validation was 

carried out in a standardized system with controlled flow chamber, mass flow controller, solenoid 

valves, and activated carbon filters. 

4.2.4.2 Configuration of the S3+ System 

For S3+ analysis, samples were placed in a thermostatic bath at 30 °C, using a heating plate with 

thermal probe properly insulated to prevent water infiltration. Samples were connected to the 
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instrument and activated carbon filters via PP tubing sealed with Parafilm®. Two carbon filters were 

employed: one purifying the headspace air, the other directly connected to the S3+ device. 

Each analysis lasted 13 minutes, divided into three phases: 100 s sensor stabilization, 200 s sample 

measurement, and 500 s recovery. Ten replicates were run per sample, for a total duration of about 

130 minutes. A schematic of the experimental configuration is shown in Figure 1. 

 

 
Figure 1. Representation of the S3+ setup. 

 

During each replicate, the sensor output (Figure 2), expressed in terms of electrical resistance, was 

normalized to the initial value (R₀). For each sensor, the difference between the initial value and the 

minimum value recorded during the analysis was calculated. Subsequently, the R/R₀ parameter and 

the corresponding standard deviation were determined by considering all ten measurements for each 

sensor. 

 

 
Figure 2. Graphical representation of the signal obtained from a single sensor. 

 

The y-axis shows the resistance value (Ω), while the x-axis represents time (s). The data generated 

by the sensors were transmitted to the Microsoft Azure platform, which integrates 
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two web applications: a management portal and a mixture classification service. The interpretation of 

the acquired information was carried out using multivariate statistical analysis. 

4.2.5 Post-Run Analysis 

In this study, Linear Discriminant Analysis (LDA) was applied to reduce the dimensionality of the 

dataset, thereby facilitating the interpretation of the results without compromising the discriminant 

capability of the model (Table 2) [16; 17]. 

Table 2. Features extracted from the recorded tracks of each sensor. 

 

 

 

 

4.3 RESULTS AND DISCUSSION 

4.3.1 Poultry Samples 

In the present study, both raw and cooked poultry meat samples were analyzed, obtained from animals 

fed with different experimental diets (CONTROL, LL, LD, and ST). For the characterization of the 

volatile profile, both traditional and innovative analytical techniques were employed. It is well 

established that raw meat exhibits a mild aroma, generally lacking distinctive odor notes; however, it 

contains numerous aroma precursors that, upon heat treatment, give rise to volatile compounds 

responsible for the characteristic sensory attributes of cooked meat [18]. 

4.3.2 GC-MS Analysis Results 

The SPME-GC-MS analysis enabled the identification of a wide spectrum of volatile compounds 

belonging to various chemical classes, including aldehydes, alcohols, ketones, alkanes, esters, 
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alkenes, carboxylic acids, and ethers. Among these, aldehydes, alcohols, alkenes, and carboxylic 

acids were the most abundant in both raw and cooked samples, regardless of the dietary treatment 

(Figure 3 A–B). 

 

 
Figure 3 (A, B). Chemical classes in cooked and raw samples from poultry fed with different diets. 

 

The comparison between raw and cooked meat revealed significant quantitative variations: in cooked 

samples, a general decrease in aldehydes, alcohols, and ketones was observed (with some exceptions 

related to specific diets), accompanied by an increase in esters, carboxylic acids, and ethers. 

Conversely, alkanes and alkenes showed nearly constant values [19]. 

These differences are mainly attributable to the chemical transformations induced by cooking, which 

include: 

• Protein denaturation, leading to the formation of new volatile compounds; 

• Lipid oxidation, which initially generates aldehydes, alcohols, and ketones, later converted 

into organic acids; 

• Maillard reactions, occurring between amino acids and reducing sugars at high temperatures, 

resulting in a wide range of aromatic molecules; 
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• Strecker degradation, closely related to the Maillard reaction, responsible for the formation of 

aromatic aldehydes with low odor thresholds that play a key role in the sensory profile of 

meat. 

From a chemical perspective, aldehydes, alcohols, and ketones tend to undergo further oxidation, 

producing carboxylic acids. Esters are formed through interactions between alcohols and acids, 

whereas ethers may originate from the condensation of alcohols under high-temperature conditions. 

Alkanes and alkenes, being relatively stable hydrocarbons, are less involved in heat-induced reactive 

processes. 

A representative example is hexanal, an aliphatic aldehyde detected in all samples (Figure 4 A–B), 

which plays a crucial role in the aroma profile of cooked chicken due to its low odor threshold and 

its characteristic green, fresh note [20]. 

 

A 
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Figure 4 (A, B). Aldehydes in both cooked and raw samples. 

 

Similarly, among alcohols (Figure 5 A–B), the most representative compound was 1-octen-3-ol, 

associated with mushroom-like notes, which can be considered an indicator of lipid oxidation [21]. 

 

B 

A 
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Figure 5 (A, B). Alcohols in both cooked and raw samples. 

 

The analysis also revealed the presence of specific compounds associated with individual dietary 

regimens, suggesting that diet may selectively influence certain metabolic pathways and thus 

contribute to the diversification of the volatile profile [22]. Particular attention was given to 

carboxylic acids: while in cooked samples some of them (e.g., nonanoic acid and octanoic acid) 

appeared reduced due to oxidation, thermal degradation, and evaporation processes, in raw samples— 

particularly those from the LD diet—an increase was observed, likely related to enzymatic lipolysis 

occurring in the absence of heat treatment (Figure 6 A–B). 

 

B 

A 
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Figure 6 (A, B). Carboxylic acids in both cooked and raw samples. 

 

Finally, although hydrocarbons such as alkanes and alkenes are not the primary contributors to aroma 

perception, they can nonetheless play a role in defining a complex and distinctive volatile profile, 

contributing to the overall organoleptic characteristics of poultry meat. 

At the same time, esters, ethers, and ketones were detected in all types of samples analyzed, though 

in very low amounts, with an average abundance below 1%. This indicates that their overall impact 

on the meat’s aromatic profile is limited. However, some ketones—particularly 2-heptanone, 3- 

octanone, and 2-nonanone—showed higher mean abundances in cooked samples from the ST group, 

reaching approximately 1.5%, 4.5%, and 2.3%, respectively. These compounds are of specific interest 

as they are associated with spoilage phenomena, being metabolic by-products of several 

microorganisms commonly involved in meat deterioration, including Pseudomonas spp., 

Carnobacterium spp., and Enterobacteriaceae. 

4.3.3 Results of the S3+ Analysis 

After performing GC–MS analysis to highlight differences in the volatile profiles of poultry samples, 

the S3+ sensor system was also applied to further investigate the olfactory fingerprints. The device 

proved effective in analyzing volatile compounds, enabling clear differentiation of samples based on 

dietary regimen. The collected data were processed using Linear Discriminant Analysis (LDA), a 

technique aimed at maximizing class separation while minimizing within-class variance. In this case, 

LDA was employed both as a dimensionality reduction method and as a graphical representation of 

differences among dietary groups (Figure 7). 

B 
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Figure 7. 3D LDA plot representing cooked samples from different dietary groups: CONTROL diet (blue 

points), ST (red points), LD diet (green points), and LL diet (purple points). 

The resulting plot shows a clear distinction among the groups: 

• Blue points represent the control samples (CK_CONTROL), clustered within a well-defined 

area, indicating a consistent olfactory profile. 

• Red points correspond to samples from the sustainable diet group (CK_ST), positioned in a 

region clearly separated from the controls, confirming significant differences in volatile 

profiles associated with this diet. 

• Green points represent samples from the diet containing dehydrated larvae (CK_LD), 

distributed mainly in the central area of the plot. 

• Purple points identify samples from the live larvae diet group (CK_LL), located in a distinct 

region of the LDA space, suggesting a complex and characteristic volatilome associated with 

this feeding regimen. 

The performance evaluation of the LDA model showed an accuracy of 86.53%, confirming the 

capability of the S3+ system to effectively discriminate samples based on diet. 

Figure 8 presents the three-dimensional representation of the LDA analysis applied to raw chicken 

samples from different dietary treatments. 
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Figure 8. 3D LDA plot representing raw samples from different dietary groups: CONTROL diet (blue points), 

ST diet (red points), LD diet (green points), and LL diet (purple points). 

The blue points represent control samples (RAW_CONTROL), mostly located in the central region 

of the plot. Red points, corresponding to samples from the sustainable diet (RAW_ST), are also 

concentrated near the center, partially overlapping with the control group. Green points, representing 

samples from the dehydrated larvae diet (RAW_LD), are mainly distributed in the lower-right portion 

of the plot. Finally, purple points, corresponding to samples from the live larvae diet (RAW_LL), are 

positioned in the upper-right area. 

The distribution pattern shows that RAW_LD and RAW_LL samples (green and purple) exhibit good 

spatial separation from the other two groups (blue and red), indicating that the LDA successfully 

distinguished these samples based on the features identified by the S3+ system. Conversely, the 

control and sustainable diet samples display a high degree of overlap, suggesting very similar 

olfactory profiles. In this case, the LDA achieved a classification accuracy of 81.78%. 

4.3.4 Confusion Matrix and ROC Curve 

To evaluate the classifier’s performance, the data obtained from the S3+ device were divided into a 

training set (80%) and a test set (20%). For raw samples, the test set consisted of 46 samples (20% of 

a total of 228), whereas for cooked samples, it included 42 samples (20% of a total of 209). 

4.3.4.1 Confusion Matrix 

Figure 9 shows the confusion matrix for cooked samples, classified into four categories: 

COOKED_LD, COOKED_LL, COOKED_ST, and COOKED_CONTROL. 
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Figure 9. Confusion Matrix on cooked samples. 

 

For the COOKED_LD class, the classifier correctly recognized 62% of the samples, while 25% were 

misclassified as COOKED_LL and 12% as COOKED_CONTROL, indicating some degree of 

overlap between categories. 

The COOKED_LL class, on the other hand, showed 100% accuracy, with all samples correctly 

identified, confirming a high level of precision. 

For the COOKED_ST class, the system achieved an accuracy of 78%; however, 22% of the samples 

were incorrectly classified as COOKED_LD. 

Finally, the COOKED_CONTROL class showed an accuracy of 92%, with only 8% misclassified as 

COOKED_LD. 

Figure 10 presents the confusion matrix results for raw samples, also divided into four categories: 

RAW_CONTROL, RAW_LD, RAW_ST, and RAW_LL. 
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Figure 10. Confusion Matrix on raw samples. 

 

The RAW_CONTROL class was correctly identified in 79% of the cases, with 7% of 

misclassifications distributed among RAW_LD, RAW_ST, and RAW_LL. The RAW_LD class 

showed lower accuracy (67%), with 25% of samples incorrectly classified as RAW_CONTROL and 

8% as RAW_ST. 

The RAW_ST class exhibited the best performance, with 92% of samples correctly identified and 

only 8% misclassified as RAW_CONTROL. 

Finally, the RAW_LL class was correctly classified in 88% of the cases, with 12% of errors mainly 

toward RAW_LD. 

Overall, the confusion matrix results demonstrate a good accuracy of the classifier, particularly for 

the RAW_ST and RAW_LL groups, while the RAW_LD samples showed a higher degree of 

confusion, especially with the control class. 

4.3.4.2 ROC Curve 

Figures 11 and 12 show the Receiver Operating Characteristic (ROC) curves for the different classes, 

along with the Area Under the Curve (AUC) values. The black dashed line represents the Random 

Classifier, i.e., a baseline model that produces aggregated predictions through an ensemble of decision 

trees trained using the bootstrap method and an additional degree of randomness in variable selection. 
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Figure 11. ROC Curve of cooked samples. 
 

 

Figure 12. ROC Curve of raw samples. 

 

The analysis of the ROC curves provided significant insights into the classifier’s performance. For 

the cooked samples, the micro-average ROC curve showed an AUC value of 0.90, reflecting the 

model’s average performance across all classes. Similarly, the macro-average curve, with an AUC of 

0.89, confirmed a strong discriminative ability when classes were evaluated individually. Specifically: 

• The COOKED_LD class exhibited an AUC of 0.77, indicating moderate performance, lower 

than the other categories; 

• The COOKED_LL class achieved a very high AUC of 0.97, corresponding to excellent 

discrimination capability; 
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• The COOKED_ST class showed an AUC of 0.89, indicative of good performance; 

 

• The COOKED_CONTROL class reached an AUC of 0.94, confirming outstanding 

classification accuracy. 

Overall, for cooked samples, the classifier performed particularly well for the COOKED_LL and 

COOKED_CONTROL classes, while discrimination was less effective for COOKED_LD. 

For raw samples, both the micro-average and macro-average ROC curves showed AUC values of 

0.87, confirming a good overall discriminative capacity of the model. Specifically: 

• The RAW_CONTROL class obtained an AUC of 0.83, corresponding to moderate 

performance; 

• The RAW_LD class displayed a slightly lower value (AUC = 0.80), still within a moderate 

accuracy range; 

• The RAW_ST class stood out with an AUC of 0.93, indicating excellent discriminative 

ability; 

• The RAW_LL class achieved an AUC of 0.92, also reflecting very good performance. 

 

The ROC curves for the raw samples thus confirm that the classifier performs best for RAW_ST and 

RAW_LL, while showing lower accuracy in distinguishing RAW_LD and RAW_CONTROL. 

In summary, both confusion matrix and ROC curve analyses converge on the same conclusion: the 

model exhibits excellent precision for the COOKED_LL, COOKED_CONTROL, RAW_ST, and 

RAW_LL classes, while performance is less satisfactory for COOKED_LD and RAW_LD. These 

findings are crucial for understanding the model’s strengths and identifying areas for improvement. 

4.4 CONCLUSIONS 

This study highlights the importance of exploring alternative feed sources for poultry intended for 

human consumption. The research focused on the volatile compound profiles of both raw and cooked 

chicken meat obtained from animals fed with different diets: traditional, sustainable, and diets 

supplemented with live or dehydrated larvae. 

The analysis combined traditional analytical methods (GC–MS) with innovative sensor-based 

techniques (S3+), enabling not only the classification and quantification of volatile compounds but 

also the demonstration of the S3+ device’s effectiveness as a standalone tool for discriminating 

between raw and cooked samples and among different dietary treatments. 
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The results suggest that the introduction of innovative insect-based feeds may represent a sustainable 

and potentially advantageous strategy to enhance the quality and resilience of poultry production 

systems, contributing to a more efficient and environmentally friendly supply chain. 

Moreover, the application of Linear Discriminant Analysis (LDA) confirmed its usefulness as an 

advanced analytical approach for distinguishing complex gas mixtures, underscoring its relevance for 

both volatilome studies and the development of next-generation sensor technologies. In perspective, 

the implementation of continuous, non-destructive monitoring systems integrated with IoT 

technologies could enable real-time management of the entire production process, fostering 

innovative and high-impact applications in the agri-food sector. 
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5.1 INTRODUCTION 

 
In recent decades, technological progress—particularly in the fields of sensors, the Internet of Things 

(IoT), and artificial intelligence (AI)—has revolutionized food quality management [1], leading to 

the emergence of the Food Processing 4.0 paradigm. This approach relies on the integration of 

robotics, smart sensors, AI, IoT, and Big Data into modern food production processes, with the aim 

of improving quality control, safety, production efficiency, and sustainability while reducing waste 

and optimizing resource use [2; 3; 4]. 

The implementation of IoT sensors in household appliances and industrial equipment—such as 

kitchen robots and ovens—enables real-time monitoring of critical parameters including temperature, 

humidity, volatile compound emissions, gas levels, and pH. This development has been driven by 

advances in nanotechnology and biotechnology, which have accelerated sensor miniaturization [5; 6]. 

The integration of sensors, IoT, AI, and machine learning techniques has become particularly relevant 

for real-time monitoring and optimization of leavening and fermentation processes [7; 8]. In bakery 

production, these phases are fundamental, as they determine the macroscopic structure of the final 

product and influence its appearance, texture, taste, and aroma [9; 10]. Leavening allows the dough 

to increase in volume, resulting in softness and a tender crumb—key attributes of high-quality bakery 

products [11]. This process is mainly driven by the activity of yeast or sourdough-based starters [12], 

which are responsible for fermentation that not only causes volume expansion but also contributes to 

the development of aroma, flavor, and sensory complexity [13]. 

During fermentation, yeasts metabolize flour sugars, producing carbon dioxide and alcohol [14]. 

Carbon dioxide induces dough expansion, while alcohol evaporates during baking, leaving behind a 

wide array of volatile organic compounds (VOCs)—including aldehydes, alcohols, esters, and 

organic acids—that define the characteristic aroma of fresh bread [15; 16]. VOC production is 

influenced by multiple factors, such as the type of leavening agent [17; 18], humidity conditions, 

fermentation time and temperature, and flour properties [19]. Among these, temperature and humidity 

play a crucial role in modulating fermentation kinetics and quality [20; 21]. 

Flour strength is a key parameter, as it affects gluten formation and, consequently, the dough’s 

elasticity and extensibility [22]. The protein content—particularly glutenin and gliadin fractions— 

determines the flour’s ability to develop a strong gluten network. The alveographic parameters W and 
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P/L provide a quantitative description of the dough’s mechanical properties and its technological 

suitability. 

 

Traditional methods for monitoring leavening, based on sensory observation (touch, sight, smell), are 

subjective and often inaccurate, leading to potential errors and quality loss [23]. These limitations 

have stimulated the development of objective, accurate, and non-invasive tools. Metal-oxide 

semiconductor (MOS) sensors, developed in the second half of the 20th century, are now widely used 

for food quality, safety, and traceability assessment due to their sensitivity, rapid response, and 

compatibility with digital technologies [24; 25]. Multi-sensor systems—or electronic noses (e- 

noses)—combined with machine learning algorithms have been employed to monitor VOCs in 

various applications, including fermentation and baking of dough-based products [26; 27]. 

The objective of this study is to evaluate the use of the S3+ device (Nano Sensor Systems S.r.l., 

Reggio Emilia, Italy), equipped with MOS nanosensors (e-nose), for real-time monitoring of dough 

leavening through VOC analysis. The innovative aspect lies in the integration of a miniaturized sensor 

array inside a planetary mixer, enabling continuous feedback and reducing the need for manual 

intervention. Using Saccharomyces cerevisiae as the leavening agent, the effects of flours with 

different strength indices (W200, W250, W390) on VOC profiles were studied over 1.5 h of 

fermentation, as well as during pre-leavening (PRE) and post-leavening (POST) phases. 

To validate sensor-based data, SPME-GC-MS analyses were conducted on PRE and POST samples. 

The results demonstrate that sensor systems integrated with IoT and AI techniques represent a 

promising solution for process automation, requiring specialized expertise mainly during the initial 

training phase. Such systems provide a precise, non-destructive, and real-time method for leaving 

control, ensuring consistent quality, reducing waste, and enabling applicability in both artisanal and 

industrial baking contexts. 

5.2 MATERIALS AND METHODS 

5.2.1 Dough Preparation and Experimental Setup 

 
Three different types of wheat flour, characterized by distinct strength values (W200, W250, and 

W390), were used for dough preparation. All ingredients were purchased from a local supplier. The 

recipe used for the experimental preparation of the doughs is reported in Table 1. 
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Table 1. Ingredients used for the preparation of dough samples with W200, W250, and W390 flours. 

 

 

Flours with a protein content between 10 and 12% (10–12 g of protein per 100 g of flour) and a 

strength index (W) ranging from 220 to 300, with a P/L ratio ≤ 0.7, are classified as medium-strength 

flours, suitable for most bakery applications. Flours with a protein content higher than 12%, W ≥ 300, 

and P/L ≤ 1 are considered strong flours, particularly appropriate for products requiring a robust 

structure, such as bread and pizza. Conversely, flours with a protein content below 10%, W between 

160 and 200, and P/L ≤ 0.6 are categorized as weak flours, more suitable for the preparation of pastries 

and confectionery products. 

For each dough sample, water, dehydrated Saccharomyces cerevisiae yeast, and sugar were first 

added to a Kenwood planetary mixer (Kenwood Ltd., Havant, UK; model KCL95.424SI) to initiate 

the mixing phase. Subsequently, the corresponding flour type and salt were incorporated, and mixing 

continued until a homogeneous dough was obtained. The doughs were then left to rise at room 

temperature (22 ± 1 °C) for 1.5 h. In this study, only ambient temperature was monitored; future 

developments could include the integration of sensors for humidity and mixing speed, which are also 

critical parameters affecting fermentation dynamics. 

To analyze the volatile compounds released during leavening, two complementary techniques were 

employed: a custom-designed electronic nose (e-nose) based on metal oxide semiconductor (MOS) 

sensors, used for real-time monitoring of gaseous emissions, and solid-phase microextraction 

followed by gas chromatography–mass spectrometry (SPME-GC-MS), used for a detailed 

characterization of the volatile profile. The combined approach allowed the monitoring of both the 

overall evolution of the aroma profile and the identification of specific volatile compounds associated 

with dough fermentation. The experimental setup adopted for both techniques is illustrated in Figure 

1. 
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Figure 1. Schematic representation of the experimental setup used to monitor volatile compounds during 

dough leavening. The upper panel shows the real-time analysis performed with a custom-made electronic nose 

(e-nose) based on MOS gas sensors, enabling wireless data acquisition and classification of aroma profiles. 

The lower panel illustrates the complementary solid-phase microextraction followed by gas chromatography– 

mass spectrometry (SPME-GC-MS) approach. 

5.2.2 S3+ Electronic Nose and Gas Sensor Technology 

 
The S3+ device (designed by Nano Sensor Systems S.r.l., Reggio Emilia, Italy) was equipped with 

two sets of triple metal oxide semiconductor (MOS) sensors, specifically developed for the detection 

of volatile organic compounds (VOCs). Each set included sensors based on pure SnO₂ and SnO₂ 

doped with Au nanoparticles, to enhance selectivity and sensitivity. The sensors were housed inside 

a sealed stainless-steel sampling chamber, where air samples collected from the dough headspace 

were analyzed. 

The core of the S3+ system consists of a sensor array chamber, a fluidic circuit, an electronic control 

system, and a data processing unit. The sensor chamber contains a total of six MOS sensors: two 

based on pure SnO₂, two on SnO₂ doped with Pd, and two on SnO₂ doped with Au, all operating at a 

working temperature of 500 °C (Table 2). The chamber dimensions (11 × 6.5 × 1.3 cm) were 

optimized to allow a controlled airflow across the sensing elements, thus ensuring consistent and 

reproducible exposure to the headspace samples. 
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Table 2. Working temperatures of MOS sensors with different dopants. 
 

 

5.2.3 Sensor Integration with the Planetary Mixer 

 
The S3+ device was connected to a planetary mixer via a polyurethane tube inserted through a 

custom-made opening in the machine’s closure system (Figure 2). This configuration allowed the 

internal pump of the device to continuously draw the volatile compounds released from the dough 

throughout the entire leavening process and direct them into the sensor chamber. The integration of 

the sampling system enabled non-invasive and real-time monitoring of the aromatic evolution of the 

dough. 

 

 
Figure 2. Details of the upper closure of the planetary mixer showing the perforated section used for gas 

sampling during VOC monitoring. 

The integration of MOS sensors into kitchen appliances represents an initial step toward real-time 

food monitoring [28; 29]. Future developments will focus on the direct incorporation of sensors into 

the mixer’s structure to improve response times, minimize sampling losses, and further optimize the 

automation of leavening monitoring. 

The device’s fluidic system includes a diaphragm pump (KNF Neuberger GmbH, Freiburg, Germany; 

model: NMP05B), a solenoid valve (Camozzi Group S.p.A., Brescia, Italy; model: K000-303- 

K11M), and a metal cylinder filled with activated carbon for ambient air filtration. This configuration 

ensures that only the sampled volatile compounds reach the sensors, preventing external 
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contamination. The inlet solenoid valve regulates the airflow—set to a maximum of 250 standard 

cubic centimeters per minute (sccm)—by controlling the sampling and purging phases. 

The electronic control system continuously monitors and regulates sensor temperature, records 

resistance variations, and transmits real-time data via an IoT cloud platform. A dedicated algorithm 

processes the collected signals, extracting the main features for subsequent statistical analyses. 

5.2.4 Sensor Calibration and Data Acquisition 

 
Before analysis, the sensors underwent a multi-stage calibration process. An annealing phase (500– 

800 °C for 1–10 h) was performed to stabilize the sensitive layers, followed by an “aging” process in 

clean air to optimize baseline resistance. 

Validation involved controlled exposure to gas mixtures containing ethanol, acetone, and other 

fermentation-related volatiles at known concentrations. Sensor responses were recorded and analyzed 

to construct reference curves. This calibration ensured signal reproducibility and minimized baseline 

drift during prolonged operation. 

For each measurement, the S3+ device operated in 13-minute cycles: 100 s for sensor stabilization, 

200 s for sample exposure, and 500 s for recovery. Each dough type was analyzed in triplicate, with 

10 replicates per sample. Data were acquired at a frequency of 1 Hz and normalized with respect to 

the baseline resistance (R/R₀) to ensure comparability among sensors [30]. 

Before interpretation, raw signals were pre-processed to reduce noise and enhance comparability. 

Each response was initially normalized to the baseline resistance (R₀) to align the signals to a common 

value. A Savitzky–Golay filter was then applied to attenuate high-frequency noise while preserving 

signal trends. This preprocessing step was essential to minimize the effects of external variables such 

as temperature and humidity fluctuations, system noise, and residual odors from previous samples. 

5.2.5 Gas Chromatography–Mass Spectrometry (GC–MS) Analysis 

 
To validate the MOS sensor responses, volatile profiles were analyzed using solid-phase 

microextraction coupled with gas chromatography–mass spectrometry (SPME-GC-MS). 

Approximately 20 g of dough were transferred into sterile 120 mL glass jars perforated to allow 

insertion of the SPME fiber into the headspace. Extraction was performed using a DVB/CAR/PDMS 

fiber for 90 min at 30 °C. 
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Analytes were thermally desorbed and injected into a Shimadzu GCMS-QP2020 system (Shimadzu 

Corporation, Kyoto, Japan) equipped with a MEGA-5MS column (25 m × 0.25 mm × 0.25 μm). 

Hydrogen was used as the carrier gas at a flow rate of 2.2 mL/min. The oven temperature program 

was as follows: 40 °C (1 min), ramped at 4.5 °C/min to 50 °C, 6.5 °C/min to 80 °C, and finally 15 

°C/min to 180 °C, for a total run time of 17 min. 

 

Peak identification was carried out using three spectral libraries (Nist11, Nist11b, and FFNSC2), 

applying a similarity threshold > 90% for compound attribution. The results provided a detailed VOC 

profile released from the dough samples, allowing a direct comparison with the MOS sensor data. 

5.2.6 Data Analysis and Statistical Processing 

 
To distinguish between different flour types and leavening phases, multivariate statistical techniques 

were applied. Linear Discriminant Analysis (LDA) was performed using normalized sensor responses 

as input variables [31]. The goal of the model was to maximize variance between classes (PRE- and 

POST-leavening) while minimizing within-class variance. 

Sensor response data, expressed as resistance variations, were transmitted to the Microsoft Azure 

cloud platform and subsequently processed. Figures 3A–C show the dynamic profiles of the three 

sensors composing the array: sensor 1 (SnO₂), sensor 2 (SnO₂ + Pd), and sensor 3 (SnO₂ + Au). This 

separation allowed a clearer visualization of the individual sensor behavior over time. 

The pre-processed data were then analyzed through LDA, a technique capable of highlighting group 

separation by emphasizing inter-class differences and reducing intra-class variability. Statistical 

processing was carried out in MATLAB R2019b (MathWorks, Natick, MA, USA). To ensure 

consistency, raw responses were normalized to the initial value (R₀). For each sensor, the change 

between the initial resistance and the minimum value recorded during measurement was calculated. 

The R/R₀ ratio and corresponding standard deviation were computed across all 10 measurement 

cycles, with a maximum accepted uncertainty of 10%. 
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Figure 3. Response curves of the three sensing elements included in the MOS sensor array: (A) SnO₂ (sensor 

1), (B) SnO₂ + Pd (sensor 2), and (C) SnO₂ + Au (sensor 3). Each graph shows the electrical resistance (Ω) on 

the y-axis as a function of time (s) on the x-axis. This curve represents the response to 100 ppm ethanol, a 

typical fermentation byproduct. The signal profiles illustrate the sensor behavior during exposure to clean air 

followed by ethanol, highlighting the sensitivity and dynamic response of each material. 

Feature extraction from the sensor signals (Table 3) included parameters such as minimum and 

maximum derivative, integral of the response curve, peak response intensity (ΔR), and signal-to-noise 

ratio. A supervised feature selection process identified the most relevant variables for each sensor 

using a random forest classifier. 

The selected features comprised: the meaning of the last 60 recorded values, the overall mean, the 

minimum response value, the integral of the signal (calculated using Simpson’s rule), the difference 

between the mean of the first five and last five recorded values, the maximum response value, and 

ΔR (the difference between maximum and minimum resistance). These variables were used to 

enhance class discrimination, improving the model’s performance in distinguishing between flour 

types and leavening stages. 

Table 3. Overview of the extracted statistical and dynamic features used to characterize the sensor signals. 

LDA classification models were trained using leave-one-out cross-validation, and 2D/3D scatter plots were 
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generated to visualize group separation. These analyses demonstrated the effectiveness of the S3+ device in 

discriminating between dough types and leavening stages based on VOC profiles. To manage potential outliers, 

a threshold was set at three times the standard deviation (corresponding to a 99.7% confidence level). 

 

 

5.3 RESULTS AND DISCUSSION 

 

5.3.1 Evaluation of the Leavening Process through the Volatile Profiles of 

Different Doughs 

Bakery products, characterized by a wide variety of types and regional variations, represent a key 

element in meeting diverse dietary preferences worldwide [32]. Product quality and consumer 

satisfaction largely depend on taste, aroma, and fragrance, which are strongly influenced by the 

leavening process—crucial to ensuring consistency in the final product. A mixture of more than 500 

volatile organic compounds (VOCs), including alcohols, aldehydes, esters, fatty acids, ketones, 

lactones, phenols, and sulphur-containing compounds [33; 34], contributes to the formation of the 

aroma profile. These compounds originate both from the raw materials and as metabolic byproducts 

produced during leavening by microorganisms (e.g., yeasts and fungi) through catabolic processes 

such as glycolysis, proteolysis, and lipolysis [35]. 

Fermentation is therefore closely linked to the formation of volatile compounds, whose 

concentrations vary according to the stage of the process. As a result, the dough exhibits significant 

differences between the pre-leavening (PRE) phase—before fermentation—and the post-leavening 

(POST) phase, considered a critical stage for the development of sensory attributes [36]. Literature 

reports that the total amount of VOCs tends to progressively increase as leavening proceeds [37; 38]. 

An optimal fermentation time promotes gas retention and the expansion of the gluten network, 

improving dough elasticity and texture—key factors in achieving high-quality baked products. 
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In this study, the leavening time was set at 1.5 h, corresponding to the average duration used in 

household mixers. The results are consistent with those reported by Cao et al. (2020) [39], who 

observed that steamed breads fermented for 60–75 minutes exhibited higher specific volume and 

softer texture. 

The leavening process is strongly influenced by environmental factors such as temperature, humidity, 

and the type and amount of leavening agent. In the present experimental setup, fermentation was 

carried out at room temperature (~22 °C) without active humidity regulation or heating. Despite these 

uncontrolled conditions, the system reliably monitored dough evolution through VOC analysis. The 

integration of the S3+ device with artificial intelligence algorithms enables assessment of the 

leavening state even in the absence of active environmental control. Properly trained machine learning 

models, based on large and heterogeneous datasets, can distinguish between fluctuations caused by 

external factors and real variations related to fermentation, thereby improving predictive robustness 

and assessment reliability. 

A dynamic approach—based on the temporal evolution of volatile profiles rather than static 

PRE/POST measurements—further enhanced system reliability. Continuous VOC analysis enables 

real-time monitoring of the dough’s chemical evolution: although absolute values may be affected by 

temperature and humidity, the shape and rate of change of the signal curves provide more robust 

information on the leavening state. 

From a biological and compositional perspective, VOC production is closely linked to yeast 

(Saccharomyces cerevisiae) activity, which metabolizes dough sugars to produce ethanol and carbon 

dioxide through alcoholic fermentation [40]. This process not only contributes to the formation of the 

gluten structure but also leads to the synthesis of secondary aromatic compounds [41]. To ensure 

reproducibility and reduce testing time, commercial dehydrated yeast was used in the quantities 

specified by the recipe, depending on the flour type. 

The quality of bakery products largely depends on the type of flour used [42]. Chemical, physical, 

and sensory properties—such as texture, volume, and aroma—are influenced by flour characteristics, 

with a direct impact on product recognizability and consumer acceptance [43]. Previous studies have 

shown that flour plays a more decisive role than other factors, such as fermentation temperature or 

starter origin, in determining acidity and overall bread characteristics [44]. Differences in flour 

composition involve not only starch but also proteins (gluten), non-starch polysaccharides, and lipids, 

which indirectly influence aroma development through their interactions with microbial fermentation 

processes [45; 46]. 
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5.3.1.1 VOCs Analysis by MOS-Sensors (e-Nose) 

To evaluate the capability of the S3+ device equipped with MOS gas sensors in discriminating dough 

samples based on their volatile organic compound (VOC) emission during fermentation, Linear 

Discriminant Analysis was employed. The analysis was performed both continuously over the entire 

leavening process and in discrete PRE and POST phases. In the continuous monitoring (2D LDA), 

doughs made from flours of different strength levels (W200, W250, and W390) were compared, while 

the 3D LDA models were applied to investigate the separation between PRE- and POST-leavening 

conditions within each flour type. The 2D LDA plot for the continuous analysis (Figure 4) 

demonstrates a clear separation among the three flour types during the leavening process. The clusters 

corresponding to CONTINUOUS_W200, CONTINUOUS_W250, and CONTINUOUS_W390 are 

distinctly located in separate regions of the LDA space, confirming the ability of the sensor array to 

differentiate between doughs of varying rheological properties based on their VOC emission 

dynamics over time. In particular, the W200 and W250 doughs form tightly clustered and non- 

overlapping groups, suggesting consistent and distinguishable VOC profiles over time. Notably, the 

CONTINUOUS_W390 cluster occupies a well-separated area in the LDA space, indicating that the 

sensor system is sensitive enough to detect differences in fermentation kinetics and metabolite release 

attributable to the increased gluten strength and higher gas-retention properties of stronger flours. 

These findings are consistent with previous studies indicating that flour strength significantly 

influences the release of VOCs during fermentation due to variations in water absorption, gluten 

network development, and sugar availability. 
 

Figure 4. Two-dimensional Linear Discriminant Analysis (LDA) of continuously monitored dough 

samples during leavening, prepared with W200 (red), W250 (green), and W390 (blue) flours. 
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The 3D LDA analysis of PRE and POST conditions confirmed the discriminating power of the MOS 

sensor array in identifying the leavening progress within each flour type. 

In the case of the W390 flour (Figure 5), the separation between PRE_W390 and POST_W390 is 

particularly evident along the first two discriminant components. The two groups form compact and 

distinct clusters, indicating significant differences in VOC composition before and after fermentation. 

This behavior reflects the high gas-retention capacity and slower fermentation kinetics of strong 

flours, leading to the development of well-defined metabolic profiles as fermentation progresses. 

For the W250 flour (Figure 6), the separation is also clear, although the clusters appear slightly more 

dispersed compared to W390. The two phases remain non-overlapping, indicating a marked evolution 

of the volatile fingerprint during fermentation but with greater heterogeneity. This is consistent with 

the intermediate strength of this flour, which provides a good balance between elasticity and 

extensibility, resulting in adequate structural development but a less tightly controlled VOC dynamic 

compared to W390. 

The W200 flour sample (Figure 7) shows the highest intra-class variance, with a wider distribution 

of PRE and POST clusters. This dispersion can be attributed to the intrinsic variability of weak flours, 

characterized by a lower gluten content and reduced gas-retention capacity. Such conditions lead to 

less uniform fermentation and a more variable VOC emission. Nonetheless, the distinction between 

the two phases remains evident. The higher heterogeneity aligns with previous literature reports, 

which describe weak flours as exhibiting a faster fermentation onset but a less stable leavening 

behavior, with VOC production particularly sensitive to environmental factors such as humidity and 

temperature [47]. 

The clusters observed in the LDA plots reflect differences in the overall composition of VOCs emitted 

during fermentation. Although MOS sensors are not compound-specific, they generate distinct 

response patterns depending on the concentration and mixture of volatile compounds. Processing 

these response patterns through LDA enables the spatial separation of flour types and leavening 

stages. Data obtained through GC-MS confirmed that variations in VOC classes—such as alkanes, 

alcohols, esters, and acids—contribute to this discrimination, thereby reinforcing the robustness of 

the sensor–LDA system in describing the complex aromatic evolution occurring during fermentation. 

Overall, the 3D LDA results validate the sensitivity of the MOS-based e-nose system in detecting 

phase transitions (from PRE- to POST-leavening) and in discriminating between different flour 

types—not only based on their intrinsic chemical profiles but also through the temporal evolution of 

their VOC emissions. The combination of real-time monitoring and multivariate analysis confirms 

that electronic noses, when properly trained and integrated into household appliances, represent 

robust tools for quality control and process automation in the food industry. Moreover, the non- 
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invasive nature of the system enables continuous monitoring without compromising dough 

integrity—an essential feature for real-time applications in both domestic and industrial settings. 

Figure 5. Three-dimensional Linear Discriminant Analysis (LDA) of dough samples prepared with W390 

flour in PRE (purple)- and POST (blue)-leavening phases. 

 

Figure 6. Three-dimensional Linear Discriminant Analysis (LDA) of dough samples prepared with W250 

flour in PRE (cyan)- and POST (green)-leavening phases. 
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Figure 7. Three-dimensional Linear Discriminant Analysis (LDA) of dough samples prepared with W200 

flour in PRE (orange)- and POST (red)-leavening phases. LDA clustering reflects VOC mixture variations; 

each cluster position correlates specific patterns of VOCs, as confirmed by the GC-MS analysis. 

5.3.1.2 VOC Detection by SPME-GC-MS 

In this study, the conventional SPME-GC-MS method was employed for the qualitative and 

quantitative analysis of the volatile profiles of three types of dough, prepared with flours of different 

strength levels, before and after leavening. This analysis enabled the determination of VOC 

concentrations and the identification of individual compounds, with the aim of providing a 

comparative assessment against the S3+ device. 

Across all analyzed dough samples, a total of 108 different volatile compounds were identified, 

primarily belonging to the following chemical classes (in decreasing order of abundance): alkanes, 

alcohols, esters, carboxylic acids, alkenes, and aldehydes. Compounds such as ketones, ethers, 

amines, alkynes, and nitriles were detected only in trace amounts. Specifically, 72 VOCs were 

identified in the pre-leavening phase and 70 in the post-leavening phase, with 34 compounds common 

to both stages, 38 unique to the PRE phase, and 36 unique to the POST phase. 

These results indicate that, while the total number of VOCs remained similar between the two 

conditions, significant qualitative differences were observed in their composition before and after 

leavening. Figure 8 illustrates the main chemical classes of VOCs detected in the three different 

doughs during the two analyzed phases. 

Among the identified classes, alkanes (hydrocarbons) were the most abundant volatiles, representing 

the largest group compared to other chemical compounds. Notably, the number of alkanes remained 

constant in the PRE-leavening samples of W250 and in the POST-leavening samples of W250 and 
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W390. Conversely, the dough made with W390 flour exhibited alkanes only in the PRE phase, 

whereas the W200 dough showed a variable number of alkanes under both conditions (14, 17, and 

12, respectively). 

Figure 8. Number of compounds (y-axis) divided into chemical classes (x-axis) present in PRE- and POST- 

leavening doughs made with flours W200, W250, and W390. 

Our results (Figures 9, 10, and 11) revealed significant differences not only between the pre- and 

post-leavening phases but also among the three types of dough analyzed (W200, W250, and W390). 

Specifically, several compounds were detected exclusively in one of the two phases or in specific 

flour types. For instance, in W200 samples, compounds such as 2,3,5-trimethyl-decane, 4-methyl- 

dodecane, and 2,6-dimethyl-octane were identified only in the PRE phase, whereas tetracosane was 

found exclusively in W390. Conversely, in the POST phase, 5,5-diethyl-heptadecane, 6-methyl- 

tridecane, and 5-butyl-nonane were detected in W200, 3-methyl-5-propyl-nonane in W250, and 3,8- 

dimethyl-decane and 7-methyl-heptadecane in W390, among others. 

Some compounds, such as decane, were detected exclusively in the PRE phase across all analyzed 

conditions. The presence of decane only during the initial stage suggests that this compound 

originates from primary chemical reactions occurring before the onset of active fermentation; later, 

the chemical and enzymatic transformations characteristic of fermentation no longer favor its 

production or persistence. 

The GC-MS data therefore confirms the ability to discriminate doughs based on both fermentation 

phase (PRE vs. POST) and flour strength, supporting the results obtained through e-nose analysis. It 

was observed that flour strength influences not only the structural properties of the dough but also its 

volatile composition, modulating fermentation dynamics and the formation of aromatic precursors. 
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In agreement with the literature, alkanes represent the most abundant chemical class detected during 

sourdough fermentation, followed by esters, alcohols, ketones, aldehydes, and sulphur compounds 

[48]. Hydrocarbons also constitute the most common volatiles in traditional cereal-based fermented 

foods, such as the Kurdish Tarkhineh—a product derived from bulgur and doogh [49; 50] and are 

generally predominant in the cereal raw materials themselves, formed mainly through 

decarboxylation and carbon–carbon bond cleavage of long-chain fatty acids. 

Although alkanes exhibit high odor thresholds and contribute minimally to the direct aroma profile 

[51; 52], previous studies indicate that they may still influence the overall aromatic characteristics, 

particularly when combined with more odor-active compounds such as aldehydes, esters, and 

alcohols [53]. Therefore, while not considered primary sensory markers, hydrocarbons can indirectly 

modulate the final aroma of baked goods, acting as background components within a more complex 

volatile bouquet. 

Figure 9. Alkane Compounds in dough samples made with flour of W200, PRE- (blue bars) and POST- 

leavening (orange bars). 
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Figure 10. Alkane Compounds in dough samples made with flour of W250, PRE- (blue bars) and POST- 

leavening (orange bars). 

 

Figure 11. Alkane Compounds in dough samples made with flour of W390, PRE- (blue bars) and POST- 

leavening (orange bars). 

Alcohols, aldehydes, ketones, and carboxylic acids are fermented metabolites derived from catabolic 

reactions such as deamination, decarboxylation, and transamination, and they play a crucial role in 

shaping the sensory characteristics of bakery products [54]. In our samples, alcohols 
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represented the second most abundant chemical class. An increase in the number of alcohols was 

observed between the PRE- and POST-leavening phases in doughs made with W200 and W390 

flours, whereas no variation was detected for W250. 

During fermentation, the yeast Saccharomyces cerevisiae degrades dough sugars and carbohydrates, 

primarily producing carbon dioxide (CO₂) and ethanol [55], which are responsible, respectively, for 

dough leavening and gluten network expansion [56]. Although ethanol is a volatile compound, its 

sensory impact is less pronounced compared to secondary aromatic molecules formed as byproducts. 

Nevertheless, it significantly contributes to the texture and porosity of the final product, as it 

evaporates during baking (boiling point ≈ 78 °C). In our samples, at the end of fermentation, ethanol 

concentration was higher than at the beginning for all three doughs (W200, W250, and W390). 

Other alcohol compounds, such as 1-hexanol, 2-isopropyl-5-methyl-1-heptanol, and 1-dodecanol, 

3,7,11-trimethyl, showed similar or lower concentrations in the POST phase, likely due to combined 

effects of microbial metabolism, volatilization, oxidation, or entrapment within the expanding gluten 

matrix. As reported in the literature [57], differential alcohol production may be linked to amino acid 

catabolism through the Ehrlich pathway, which leads to the formation of aldehydes or their 

corresponding alcohols. Fermentation temperature also affects the VOC profile: at 35 °C, an increase 

in aldehydes and esters and a relative decrease in alcohols were observed compared to fermentations 

conducted at 28 °C [58]. 

Like alkanes, certain alcohols were detected only under specific conditions. For example, 1-nonanol, 

4,8-dimethyl was present in the PRE phase of W200 and W250 but not in W390; 1-nonanol and 2- 

decanol appeared in POST-W200; 1-undecanol in POST-W250; and 1-hexadecanol, 3,7,11,15- 

tetramethyl was detected exclusively in POST-W390. These alcohols generally contribute to fresh 

and fruity notes, except for the latter, which is associated with waxy and fatty nuances. 

Regarding aldehydes, their presence was limited and slightly higher in PRE samples compared to 

POST, consistent with their conversion into alcohols and acids during fermentation [59]. Previous 

studies have confirmed the relative stability of aldehyde content in S. cerevisiae-based doughs [60]. 

The low concentrations observed are responsible for fresh and slightly grassy notes. 

Ketones were detected at very low levels, present only in two PRE samples, except for 2,3- 

butanedione, which has been previously reported as a key fermentation metabolite. Acids showed low 

and constant levels before leaving but increased during the POST phase, except in the W250 dough. 

Eicosanoic acid was more abundant or exclusive in PRE samples, while stearic acid increased 
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in POST. These results are consistent with findings by Tasan (2003) [61], who reported that dough 

fermentation does not substantially alter fatty acid composition, which instead undergoes more 

significant changes after baking. 

Finally, esters, while showing a numerical decrease after fermentation, exhibited selective increases 

in certain compounds (e.g., propyl octadecanoate, hexyl octyl sulphite), which were found at higher 

concentrations at the end of leavening. In agreement with literature reports, acids and esters tend to 

emerge mainly in the final stages of the process, contributing decisively to the aromatic differences 

between fermented and unfermented doughs. 

5.4 CONCLUSIONS 

 
In recent years, the food industry has increasingly embraced the Food Processing 4.0 paradigm, based 

on the integration of robotics, smart sensors, AI, IoT, and Big Data into production processes. In this 

context, the S3+ device, equipped with MOS nanosensors, proved to be highly effective for 

monitoring dough leavening. The system successfully discriminated against both fermentation stages 

(PRE vs. POST) and different flour types (W200, W250, W390), with LDA analysis confirming clear 

clustering of volatile profiles. Validation through GC-MS supported these findings, identifying over 

100 volatile compounds and confirming the system’s ability to detect key differences. 

The integration of real-time monitoring with multivariate analysis demonstrates that electronic noses, 

once trained and embedded in kitchen appliances, can serve as intelligent tools for leavening control 

and quality assurance. Looking ahead, devices like S3+ could evolve into closed-loop systems, 

capable not only of monitoring but also of managing the process through integrated artificial 

intelligence modules and classification models. This would enable dynamic regulation of parameters 

such as time and temperature based on sensor feedback, ensuring consistent results, reducing waste, 

and supporting sustainable and reproducible baking, both in domestic and industrial contexts. 
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MONITORING THE OLFACTORY EVOLUTION OF 

COLD-FERMENTED SOURDOUGH USING AN 

ELECTRONIC NOSE 
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6.1 INTRODUCTION 

As discussed in the previous chapter, fermentation represents a crucial stage in the production of 

baked goods, as it largely determines the structural, aromatic, and sensory characteristics of bread. 

Among the various types of fermentation, sourdough fermentation has attracted renewed scientific 

and industrial interest due to its complex microbial community and its ability to impart a distinctive 

aromatic profile, improved digestibility, and extended shelf life to the final product. In particular, 

cold fermentation is gaining attention as a slow process that enhances the development of complex 

aromas, reduces undesirable compounds such as FODMAPs and Phytic Acid, and promotes the 

formation of bioactive peptides with potential health benefits. 

In this context, scientific research is increasingly moving toward multidisciplinary approaches that 

integrate microbiological, chemical, and engineering expertise to better understand and optimize 

fermentation dynamics. In continuity with the previous chapter, which explored the use of intelligent 

sensors and monitoring techniques based on the analysis of volatile compounds, this chapter focuses 

on the application of an electronic nose (E-nose) as an innovative tool for monitoring sourdough 

fermentation. Based on MOS sensor technology, the device enables real-time detection of volatile 

organic compounds (VOCs) released during the process, providing a rapid, non-invasive, and 

complementary analysis to conventional techniques such as SPME-GC-MS. 

The integration of chemical, microbiological, and sensory data allows for a comprehensive 

understanding of the fermentation process, facilitating the identification of the optimal fermentation 

point and supporting the standardization and automation of quality control in baking. This approach 

represents a further step toward the Food Processing 4.0 paradigm, in which technological innovation 

is combined with the valorization of traditional practices to ensure high-quality, sustainable, and safe 

food products [1]. 

6.2 MATERIALS AND METHODS 

To further investigate the specific characteristics of the samples, data obtained from the E-nose, gas 

chromatography, and microbiological analyses were compared. This integrated approach made it 

possible to assess the reliability and effectiveness of each technique in identifying chemical 

compounds and sensory attributes. The combination of the three methods provided a comprehensive 

understanding of the chemical and biological processes shaping the sensory properties of the samples, 

particularly regarding the formation and evolution of aromatic notes. Moreover, the integration of 

microbiological, chemical, and olfactory data clarified the interactions between microflora and 

volatile compounds during fermentation, highlighting their impact on the final aromatic profile. This 
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interdisciplinary strategy is applicable to several sectors—including breadmaking, fermented 

beverage production, and the broader food industry—where understanding sensory dynamics is 

fundamental to improving quality and standardization [2]. 

6.2.1 Experimental Design 

All ingredients for dough preparation were provided by the artisanal bakery PanContigo S.L. 

(Badajoz, Spain). The formulation included a flour–water mixture (80%) inoculated with sourdough 

starter (20%, PIE). The flour–water mixture consisted of 50% flour and 50% water, using a blend of 

25% whole meal flour and 25% high-protein flour, ensuring a balanced base suitable for fermentation. 

The dough underwent cold fermentation at 5 °C. All samples were prepared using the same batch of 

sourdough and processed under identical conditions. Fermentations were conducted in parallel, and 

samples collected at 0 h served as the reference point for monitoring volatile compound evolution. 

To track fermentation progress, samples were collected for pH measurement, E-nose analysis, and 

microbiological evaluation. All analyses were performed under controlled laboratory conditions (20 

± 2 °C). E-nose measurements were conducted under a fume hood to avoid interference from external 

volatiles. Incubation temperatures were adjusted according to the analytical method: 25 °C for E-nose 

measurements, to simulate sensory conditions, and 37 °C for GC–MS, to promote volatile release. 

Since the study aimed to compare overall olfactory patterns rather than individual VOC behaviors, 

this temperature difference did not affect result validity. 

For pH and microbiological analyses, at each fermentation time (0 h, 4 h, 20 h, and 24 h), 20 g samples 

were collected and analyzed in triplicate. For E-nose analysis, three 20 g samples per time point were 

analyzed, each undergoing six measurements—totaling 18 measurements per time point and 72 

overall. E-nose data were randomly divided into two sets: 52 measurements for calibration and cross- 

validation, and 20 for external validation of the ANNDA model. For GC–MS analysis, at each 

selected time (0 h, 4 h, 8 h, 12 h, and 20 h), 20 g samples were taken from which three 2 g aliquots 

were placed in 20 mL vials equipped with PTFE/silicone septa. 

6.2.2 Application of the Electronic Nose in the Evaluation of Artisanal Bread 

Quality 

E-nose analysis provides an olfactory fingerprint representative of the volatile compounds emitted by 

the samples. This method excels in recognizing and differentiating aromatic features arising from the 

complex interactions among volatiles. The E-nose can detect a wide range of compounds responsible 
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for olfactory characteristics without requiring operator intervention, making it particularly suitable 

for rapid, repeatable, and non-invasive analyses. 

The device used in this study was a custom-developed prototype, characterized by portability, energy 

efficiency, and Bluetooth connectivity through a dedicated mobile application. The system integrates 

five metal oxide semiconductor (MOS) sensors sourced from different manufacturers to ensure broad 

selectivity. The sensors feature a compact design combining analog and digital electronics, a micro- 

heating plate, and detection elements on a single chip. In addition to gas detection, the device includes 

auxiliary environmental sensors for measuring temperature, relative humidity, and atmospheric 

pressure [3]. 

A detailed description of the sensors employed is provided in Table 1. 

 
Table 1. Sensors used for the E-nose device. 

 

 
1 Total volatile organic compound. 2 Pre-processed signals from sensor resistance. 3 Indoor Air Quality. 

 

The developed prototype features compact dimensions of 118 × 82 × 22.5 mm. The system is powered 

by a rechargeable lithium-ion battery (+3.7 VDC) and equipped with Bluetooth connectivity, enabling 

communication with a dedicated mobile application for device control and configuration. The 

architecture integrates a pump and a solenoid valve used for sampling the gaseous headspace of the 

analyzed specimens. 

The total power consumption of the device is 684 mW, while the sensors provide a response time of 

approximately two seconds. Figure 1 shows an image of the prototype alongside the electronic board 

of the electronic nose. 
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Figure 1. (a) Photograph of the prototype and (b) electronic board of the E-nose (sensor layer). 

 

The measurements performed with the electronic nose (E-nose) consisted of two main phases. The 

first was the desorption phase, lasting 60 s, during which the sensors were exposed exclusively to 

clean air. This step served as a reference baseline and ensured signal cleaning. The second was the 

adsorption phase, also lasting 60 s, in which the sensors analyzed the sample by drawing in its gaseous 

headspace. The transition between the two modes was managed by a solenoid valve, directly 

controlled by the microcontroller. 

6.2.3 GC-MS parameters for the analysis of sourdough under cold fermentation 

The volatile compounds of the dough samples were analyzed using gas chromatography coupled with 

mass spectrometry (GC-MS). Analyses were performed on an Agilent 6850 gas chromatograph 

coupled to a 5975C single-quadrupole mass spectrometer (Agilent Technologies, Santa Clara, CA, 

USA), equipped with a CombiPAL autosampler (CTC Analytics, Zwingen, Switzerland) for solid- 

phase microextraction (SPME) in headspace mode. 

A total of 2.0 g of dough was weighed into 20 mL headspace vials, sealed with aluminum caps and 

PTFE/silicone septa (Agilent Technologies, Santa Clara, CA, USA). Extraction was performed under 

agitated and heated conditions using a PDMS/DVB fiber (65 µm, Supelco, Bellefonte, PA, USA). 

After 5 min pre-incubation at 37 °C with constant agitation at 250 rpm, the fiber was exposed to the 

headspace for 30 min and subsequently thermally desorbed in the injector for 10 min at 270 °C in 

splitless mode. 

Separation of analytes was achieved using an Agilent HP-5 column (30 m × 250 µm × 0.25 µm, 5% 

phenyl-methyl-siloxane), with helium as carrier gas at a constant flow rate (36 cm/s). The injector 
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temperature was maintained at 270 °C, with a pressure of 6.75 psi. The total flow was 14.8 mL/min, 

with a purge flow of 10.8 mL/min starting at 1.00 min. The gas saver mode was activated at 20.0 

mL/min after 2.00 min. 

The oven temperature program was as follows: 35 °C for 10 min, ramped at 7 °C/min to 250 °C (held 

for 5 min), then at 10 °C/min to 270 °C, with a final temperature of 325 °C. The total run time was 

45.71 min. 

 

Mass spectra were acquired in full-scan mode (m/z 30–550), and volatile compounds were identified 

by comparison with the NIST library (NIST/EPA/NIH, Gaithersburg, MD, USA). All VOCs were 

tentatively identified, as no analytical standards were used for confirmation. 

Peak areas were expressed as relative percentages, reflecting the composition of the volatile profile 

rather than absolute concentrations — an approach consistent with the global response of the E-nose. 

6.2.4 Microbial groups and their role in aroma development 

Each microbial group present in the dough contributes to the formation of specific aromatic 

compounds, thereby defining the final sensory profile of the product [4]. Understanding the evolution 

of microbial communities during fermentation is essential to optimize the production of desirable 

aroma compounds and to ensure consistent product quality [5]. 

The fermentation of sourdough is a complex process involving various microbial populations [6]. The 

main groups include: 

• Mesophilic aerobes, active at moderate temperatures, responsible for producing volatile fatty 

acids and aldehydes associated with freshness and mild acidity [7]. 

• Psychrophilic aerobes, which at low temperatures synthesize alcohols and esters, contributing 

to sweet and fruity notes [8]. 

• Bacillus spp., capable of producing sulphur compounds that enrich the aroma with earthy and 

spicy nuances; their identification was facilitated using chromogenic agar [9]. 

• Yeasts, fundamental for ethanol and fruity ester production, key elements of bread’s aromatic 

complexity [10]; their growth was promoted using PDA supplemented with chloramphenicol. 

• Lactobacillus spp., responsible for lactic acid synthesis and for the characteristic fermentative 

notes [8]. 

• Acetic acid bacteria, which produce acetic acid, contributing sharp and sour sensory notes 

[10]. 
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To isolate these microbial groups, selective culture media were employed: Plate Count Agar (PCA) 

for mesophilic and psychrophilic aerobic bacteria; HiCrome™ Bacillus Agar for Bacillus spp.; Potato 

Dextrose Agar (PDA) supplemented with chloramphenicol for yeasts; de Man, Rogosa and Sharpe 

(MRS) agar for Lactobacillus spp.; and Acetobacter Selective Agar (ABS) for acetic acid bacteria 

[11]. 

Samples were analyzed at 0, 4, 20, and 24 h, allowing the monitoring of microbial population 

dynamics and their correlation with the production of volatile compounds. 

6.2.5 Statistical tools for data analysis and interpretation 

Data acquired by the E-nose were processed using multivariate analysis with PLS_Toolbox 9.5 

(Eigenvector Research Inc., Wenatchee, WA, USA) in MATLAB R2024b (The MathWorks Inc., 

Natick, MA, USA). 

Characteristic values were extracted from the original signals by calculating the difference between 

Xmax (meaning the last five readings in clean air) and Xmin (meaning the last five readings in 

headspace). Before multivariate analysis, data were autoscaled (mean-centered and normalized to unit 

standard deviation) to ensure comparability among signals and to minimize the effects of sensor drift 

and environmental variability. 

Two classification methods were employed: 

• Linear Discriminant Analysis (LDA), which reduces data dimensionality while maximizing 

separation among predefined classes, assuming normal distribution and common covariance. 

• Artificial Neural Network Discriminant Analysis (ANNDA) applied using a training set (70% 

of samples) and a test set (30%). The input layer included 16 neurons, corresponding to 

variables derived from the five MOS sensors (resistance, CO₂, ethanol, TVOC, and other 

signals). Model performance was evaluated through True Positive Rate (TPR), precision, and 

F1-score. 

For GC-MS data, differences among sourdough samples were assessed using one-way ANOVA 

followed by Tukey’s post hoc test. Statistical significance was set at p < 0.05. Results are expressed 

as mean ± standard deviation, and analyses were performed using IBM SPSS Statistics 20 (SPSS Inc., 

Chicago, IL, USA). 
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6.3 RESULTS AND DISCUSSION 

6.3.1 Evaluation of sourdough characteristics using the E-nose 

The plot shown in Figure 2 illustrates the results of a Linear Discriminant Analysis (LDA) applied to 

the olfactory evolution of the dough during fermentation. 

The LDA model was constructed using only the 52 samples of the calibration set, with the aim of 

exploring class separation within the training data and visualizing the discriminant capability of the 

signals acquired by the E-nose. 

This analysis therefore does not provide information on the model’s generalization ability, which was 

instead assessed through an Artificial Neural Network Discriminant Analysis (ANNDA) trained on 

the same calibration set and validated on an independent test set (20 measurements). 

The main axes represent the scores associated with the two most significant latent variables: LV1, 

explaining 96.31% of the variance (horizontal axis), and LV2, explaining 3.04% (vertical axis). The 

resulting scores reveal a clear separation among sourdough samples collected at different 

fermentation times: 0 h (red diamonds), 4 h (green squares), 20 h (blue triangles), and 24 h (light- 

blue inverted triangles). 

 

 
Figure 2. LDA of the olfactory evolution of dough fermentation. 

 

The distribution of the data points along LV1 and LV2 reveals a clear temporal evolution of the 

olfactory profile, with a distinct separation between the initial observations (0 h) and those collected 
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at later stages (4, 20, and 24 h). In particular, the samples at 20 and 24 h exhibit strong similarity, 

clustering closely together in the latent variable space. 

The LDA analysis thus highlights a progressive olfactory evolution throughout the dough 

fermentation process, characterized by an increasing temporal separation along LV1, which 

represents the main source of variation and explains almost the totality of the variance (96.31%). 

The 0 h dataset is clearly separated from the others, showing negative scores on both LV1 and LV2. 

This indicates a markedly different initial olfactory profile, likely associated with the absence—or 

minimal presence—of volatile metabolites derived from microbial activity, as fermentation has not 

yet started. After 4 h, the samples shift significantly along both axes, reflecting the first substantial 

changes in volatile compounds, attributable to the early production of primary metabolites such as 

organic acids and alcohols by active microorganisms. 

Samples collected at 20 and 24 h partially overlap, suggesting a strong similarity between the 

olfactory profiles at these stages. This indicates a stabilization in the production of typical 

fermentation volatiles—mainly esters and acids—and the achievement of a metabolic plateau. The 

stability observed in these later phases reflects an equilibrium among microbial populations and the 

metabolites produced, a key factor in defining the sensory quality of the final product. 

In this study, the optimal fermentation point was defined as the time when the dough exhibited both 

stable olfactory profiles—evidenced by clustering in the E-nose signals—and a plateau in microbial 

dynamics and acidification. This equilibrium, observed starting at 20 h, was considered indicative of 

the technological completion of fermentation. 

The plot therefore demonstrates that LDA is an effective tool to discriminate and monitor the olfactory 

evolution during dough fermentation. The results reveal a clear temporal progression of volatile 

profiles, with marked differentiation at early stages followed by stabilization, providing valuable 

insights for optimizing fermentation processes and improving the control of sensory properties in 

bakery production. 

Subsequently, a discriminant analysis model based on Artificial Neural Networks (ANNDA) was 

developed using the variables extracted from the E-nose system, with the aim of classifying the 

samples into four fermentation stages (0 h, 4 h, 20 h, and 24 h). 

To assess the robustness of the model beyond the training dataset, the data were divided into a 

calibration set (70%) and an independent validation set (30%). During the calibration phase, the 

model achieved 100% accuracy, correctly classifying all 52 samples (13 per class). The validation 
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phase, performed on the remaining 30% of the data (5 samples per class), produced the confusion 

matrix shown in Table 2. 

Table 2. Confusion matrix of the ANNDA model on the 30% test set. 

 

 

The model maintained a high overall accuracy of 95%, with only one sample from the 20 h class 

misclassified. In this case, the error did not result in an incorrect class assignment but rather in an 

unclassified instance. This slight reduction in performance can be attributed to the strong similarity 

between the volatile profiles of the 20 h and 24 h samples, as already highlighted by the LDA analysis. 

To provide a more comprehensive evaluation of the ANNDA model’s performance, recall (TPR), 

precision (P), and F1-score indices were calculated for each fermentation stage based on the confusion 

matrix. The results are summarized in Table 3. 

Table 3. Classification performance metrics of the ANNDA model based on the validation set. 

TPR = true positive rate (recall); P = precision. 

 

 

The values obtained indicate an excellent performance of the model across all classes, with a slightly 

lower recall observed at the 20 h fermentation stage. 

The overall reliability of the classification is confirmed by F1-score values close to or equal to 1.00. 

 

These findings support the use of electronic-nose systems combined with artificial intelligence 

models as powerful tools for olfactory discrimination and automated monitoring of fermentation 

processes. 

The results are consistent with recent studies demonstrating the effectiveness of this approach in 

complex food matrices [11; 12] thereby confirming its applicability in both artisanal and industrial 

sourdough production. 
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6.3.2 GC-MS: VOCs detected in sourdough at different fermentation stages 

The analysis of volatile organic compounds (VOCs) in dough samples collected at various 

fermentation times was carried out using gas chromatography–mass spectrometry (GC-MS). This 

approach enabled the identification of a wide range of compounds whose distribution and relative 

abundance varied throughout the process, as reported in Table 4. 

Table 4. Volatile compounds measured (mean ± standard deviation, expressed as percentage of peak area for 

n = 3) during dough fermentation. Different lowercase letters indicate statistically significant differences 

according to the experimental treatment for each volatile compound (Tukey’s test, p < 0.05). 

 

 

Peak Area (%) 

 

CAS 
Number 

Volatile 
Compound 

RT 
(min) 

Odor 
Descriptors 

 

0 h 
 

4 h 
 

8 h 
 

12 h 
 

20 h 

 

64-17-5 
 

Ethanol 
 

1.63 
Vinous odor. Pungent 

taste. 
2.73 ± 
0.53 c 

4.53 ± 
1.63 bc 

6.32 ± 
1.07 b 

7.79 ± 
0.26 b 

11.95 ± 
1.82 a 

 

141-78-6 
 

Ethyl Acetate 
 

2.34 
Fruity. Ethereal. 

Sweet. 
1.19 ± 
0.52 c 

5.73 ± 
2.34 c 

5.07 ± 
0.93 bc 

9.81 ± 
0.89 ab 

11.53 ± 
2.79 a 

 

64-19-7 
 

Acetic acid 
 

2.84 
Acidic. Vinegary. 

Pungent. 

 

nd 
2.17 ± 
0.09 b 

5.87± 
1.38 ab 

12.75 ± 
2.05 a 

12.53 ± 
2.25 a 

 

123-51-3 
1-Butanol. 3- 

methyl- 

 

4.30 
Sweet. Alcoholic. 

Fruity. 
9.24 ± 
0.48 a 

7.80 ± 
1.10 ab 

6.65 ± 
1.10 b 

 

nd 
9.62 ± 
0.52 a 

 

71-41-0 
 

1-Pentanol 
 

5.43 
Sweet. Alcoholic. 

Herbal. 
4.27 ± 
0.45 b 

3.91 ± 
1.20 b 

5.15 ± 
1.34 ab 

13.9 ± 
2.73 a 

6.08 ± 
2.07 ab 

 

513-85-9 
2.3- 

Butanediol 

 

7.68 
Sweet. Creamy. 

Buttery. 

 

nd 
 

nd 
 

nd 
 

nd 
33.33 ± 

4.7 a 

 

111-27-3 
 

1-Hexanol 
 

11.47 
 

Fruity. Sweet. Herbal. 
5.31 ± 
0.86 b 

5.95 ± 
1.01 b 

5.73 ± 
0.62 b 

10.37 ± 
3.38 a 

5.94 ± 
0.89 b 

 

123-92-2 
Isoamyl 
acetate 

 

12.02 
Banana. Fruity. 

Sweet. 

 

nd 
 

nd 
 

nd 
 

nd 
33.33 ± 
6.58 a 

7785-26- 
4 

 

1R-α-Pinene 
 

14.46 
Pine. Resinous. 

Herbal. 
22.95 ± 
4.85 a 

5.97 ± 
2.05 b 

4.40 ± 
0.09 b 

 

nd 
 

nd 

1117-61- 
9 

2-Hepten-1- 
ol. (E)- 

 

16.05 
 

Green. Herbal. Fruity. 
 

nd 
 

nd 
 

nd 
33.33 ± 
6.35 a 

30.33 ± 
4.00 a 

18172- 
67-3 

 

L-β-pinene 
 

16.08 
 

Pine. Woody. Herbal. 
25.54 ± 
5.36 a 

3.42 ± 
0.71 b 

 

nd 
 

nd 
 

nd 

 

111-70-6 
 

1-Heptanol 
 

16.13 
 

Sweet. Herbal. Citrus. 
 

nd 
6.17 ± 
1.19 b 

10.58 ± 
1.56 ab 

16.57 ± 
3.99 a 

16.00 ± 
2.60 a 

3391-86- 
4 

 

1-Octen-3-ol 
 

16.41 
Earthy. Mushroom- 

like. Herbal. 
6.12 ± 
1.19 b 

5.39 ± 
1.26 b 

4.93 ± 
0.54 b 

10.04 ± 
2.46 a 

6.83 ± 
1.27 b 

18172- 
67-3 

 

β-Pinene 
 

16.76 
Pine. Resinous. 

Herbal. 
25.78 ± 
4.69 a 

 

nd 
7.55 ± 
1.17 b 

 

nd 
 

nd 

 

123-66-0 
Ethyl 

hexanoate 

 

17.11 
 

Fruity. Sweet. Floral. 
 

nd 
 

nd 
 

nd 
 

nd 
33.33 ± 
5.86 a 
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Peak Area (%) 

 

CAS 
Number 

Volatile 
Compound 

RT 
(min) 

Odor 
Descriptors 

 

0 h 
 

4 h 
 

8 h 
 

12 h 
 

20 h 

 

142-92-7 
 

Hexyl acetate 
 

17.54 
Fruity. Sweet. Apple- 

like. 

 

nd 
 

nd 
 

nd 
 

nd 
33.33 ± 
5.07 a 

 

527-84-4 
 

o-Cymene 
 

17.76 
 

Citrus. Spicy. Herbal. 
33.33 ± 
5.78 a 

 

nd 
 

nd 
 

nd 
 

nd 

5989-27- 
5 

 

Limonene 
 

17.89 
Citrus. Orange. 

Sweet. 
28.27 ± 
4.92 a 

2.05 ± 
1.52 b 

0.78 ± 
0.11 b 

0.63 ± 
0.27 b 

1.58 ± 
0.62 b 

 

99-85-4 
 

γ-Terpinene 
 

18.78 
 

Spicy. Herbal. Citrus. 
31.46 ± 
4.42 a 

1.87 ± 
0.34 b 

 

nd 
 

nd 
 

nd 

18409- 
17-1 

trans-2- 
Octenol 

 

19.09 
 

Fatty. Metallic. Fruity. 
 

nd 
 

nd 
 

nd 
 

nd 
33.33 ± 
5.02 a 

 

464-48-2 
 

(-)-Alcanfor 
 

21.00 
Mentholated. Herbal. 

Camphoraceous. 
10.33 ± 
1.54 a 

7.49 ± 
0.51 b 

7.87 ± 
1.35 b 

7.63 ± 
1.79 b 

 

nd 

10340- 
23-5 

cis-3-Nonen- 
1-Ol 

 

21.26 
 

Green. Fruity. Floral. 
2.53 ± 
0.91 b 

4.19 ± 
1.45 ab 

5.35 ± 
0.77 ab 

11.27 ± 
2.6 a 

9.98 ± 
1.32 ab 

 

629-50-5 
 

Tridecane 
 

24.41 
 

Sweet. Waxy. Fatty. 
7.61 ± 
2.19 a 

6.07 ± 
1.10 a 

5.67 ± 
0.88 a 

8.33 ± 
1.94 a 

5.63 ± 
0.46 a 

RT: retention time. CAS number and odor descriptors from PubChem (https://pubchem.ncbi.nlm.nih.gov/, accessed on 12 March 

2025). nd: not detected. Different lowercase letters in the same row indicate statistically significant differences between fermentation 

times (p < 0.05, Tukey’s HSD test). 

 

Table 4 summarizes the evolution of volatile organic compounds (VOCs) at different fermentation 

times (0 h, 4 h, 8 h, 12 h, and 20 h), highlighting significant variations in their composition. These 

results demonstrate how fermentation dynamically modulates the aromatic profile of the dough, 

directly influencing the sensory properties of the final product [13]. 

In the initial phase (0–4 h), terpene compounds such as 1R-α-pinene (22.95%), L-β-pinene (25.54%), 

β-pinene (25.78%), o-pimene (33.33%), limonene (28.27%), and γ-terpinene (31.46%) predominated, 

contributing herbal, resinous, and citrus-like notes. At the same time, an increase in ethanol (from 

2.73% at 0 h to 4.53% at 4 h) and the appearance of acetic acid (2.17% at 4 h) were observed, 

indicating the activation of yeasts and lactic acid bacteria and the onset of alcoholic and lactic 

fermentations. 

During the intermediate stage (8 h), the production of ethanol (6.32%), acetic acid (5.87%), and 1- 

heptanol (10.58%) intensified, enriching the profile with alcoholic and green notes. The presence of 

1-octen-3-ol (4.93%), a compound associated with earthy and mushroom-like aromas, was also 

detected, suggesting enzymatic lipid degradation [12]. 

https://pubchem.ncbi.nlm.nih.gov/
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In the final stages (12–20 h), concentrations of acetic acid (12.75% at 12 h; 12.53% at 20 h) and cis- 

3-nonen-1-ol (11.27% at 12 h; 9.98% at 20 h) reached their highest levels, accentuating acidic and 

grassy notes. Concurrently, an increase in fruity and sweet compounds such as ethyl acetate (from 

1.19% at 0 h to 11.53% at 20 h) and isoamyl acetate (absent at 0 h, 33.33% at 20 h) was observed, 

consistent with the conversion of aldehydes into alcohols and esters during prolonged fermentation 

[14]. 

The progressive reduction of terpenes, such as β-pinene (from 25.78% at 0 h to undetected at 20 h) 

and limonene (from 28.27% at 0 h to 1.58% at 20 h), confirms their volatilization and the consequent 

attenuation of the bread’s fresh aromatic notes [13]. 

The evolution of VOCs during sourdough fermentation directly affects the organoleptic 

characteristics of the product, modulating its aroma, flavor, and, indirectly, the perception of texture. 

Recent studies have shown that the presence of specific volatile compounds correlates with bread 

sensory quality and consumer acceptability [14]. 

Esters and alcohols, such as ethyl acetate (11.53% at 20 h) and isoamyl acetate (33.33% at 20 h), 

contribute fruity and sweet notes that enhance the bread’s aromatic appeal [12]. A higher abundance 

of ethanol (11.95% at 20 h) and 1-pentanol (6.08% at 20 h) adds complexity to the alcoholic profile, 

evoking a sense of aromatic maturation. Conversely, elevated levels of acetic acid (12.53% at 20 h) 

and 1-octen-3-ol (6.83% at 20 h) impart acidic and earthy nuances, characteristic of artisanal baking, 

though excessive accumulation may generate undesirable notes. 

The steady decline of terpenes such as limonene (from 28.27% at 0 h to 1.58% at 20 h) and β-pinene 

(from 25.78% at 0 h to undetected at 20 h) signals a loss of aromatic freshness in prolonged 

fermentations, with potential effects on final sensory perception [13]. 

From a technological standpoint, modulating fermentation time allows optimization of VOC 

production to enhance bread’s sensory attributes. The findings suggest that balancing fruity, green, 

and acidic compounds is key to achieving a well-rounded aromatic profile. In this regard, future 

sensory studies will be crucial to correlate the identified compounds with consumer perception and 

to develop strategies aimed at improving fermentation processes in the baking sector. 

A limitation of the present study is the absence of absolute quantification, which prevents direct 

comparison with human olfactory thresholds. Future work should therefore include internal standards 

for quantification and integrating sensory validation to confirm the perceptual impact of individual 

VOCs. 
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6.3.3 Microbial diversity and its role in sourdough fermentation dynamics 

 
The microbial evolution of sourdough during fermentation at 5 °C is illustrated in Figure 3, which 

shows the temporal variations in the main microbial groups (expressed as log₁₀ colony-forming units 

per gram, cfu/g) and the corresponding changes in pH. The monitored groups included total 

mesophilic aerobes (light blue line), yeasts (light green line), Lactobacillus spp. (yellow line), total 

psychrophilic aerobes (red line), and acetic acid bacteria (purple line), while pH is plotted on the right 

axis (dark blue line). Measurements were taken at four time points: at the start of fermentation (0 h), 

after 4 h, 20 h, and beyond 24 h. 

 

 
Figure 3. Microbial evaluation of sourdough during fermentation at 5 °C. 

 

Regarding total mesophilic aerobes, the initial population (approximately 9 log₁₀ cfu/g) showed a 

gradual decrease, dropping below 6 log₁₀ cfu/g after 24 hours. This trend suggests that these 

microorganisms experience competition with other groups and that low-temperature fermentation 

conditions progressively become less favorable for their growth. In contrast, Lactobacillus spp. 

exhibited a marked increase, rising from about 8 log₁₀ cfu/g to over 9 log₁₀ cfu/g within 20 hours, 

before stabilizing. This behavior confirms the central role of these bacteria during the advanced stages 

of fermentation. 

The yeast population increased slowly but steadily throughout the process, from approximately 6 log₁₀ 

cfu/g to about 7.5 log₁₀ cfu/g after 24 hours, demonstrating their adaptability to fermentative 

conditions and their contribution to volatile metabolite production. Total psychrophilic aerobes 

maintained a stable population (around 7 log₁₀ cfu/g), indicating that the environmental conditions 

did not significantly affect their dynamics. Acetic acid bacteria, although initially present in small 
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numbers (around 3 log₁₀ cfu/g), showed slight growth, reaching approximately 4 log₁₀ cfu/g after 24 

hours. 

 

The system’s pH decreased markedly, from about 5.8 to 3.8 after 24 hours, due to the production of 

organic acids — primarily lactic and acetic acids — by the dominant microorganisms, particularly 

Lactobacillus spp. and acetic acid bacteria. These results highlight the competitive dynamics among 

microbial groups and their ability to adapt to low-temperature fermentation conditions. The increase 

in Lactobacillus and yeast populations reflects their established role in producing acidic and aromatic 

compounds, whereas the decline in mesophilic aerobes can be attributed to system acidification, 

which limits the growth of acid-sensitive microorganisms. The stability of psychrophilic aerobes 

suggests that the favorable temperature does not create significant competition with other groups. 

Finally, the increase in yeast and acetic acid bacteria emphasizes the complementary nature of 

metabolic processes in shaping the characteristics of the fermented product. 

Overall, fermentation at 5 °C promotes a balanced development of lactic acid bacteria and yeasts, 

contributing to pH control, which is a critical factor for the quality and safety of sourdough. 

6.4 CONCLUSIONS 

 
This study demonstrated the effectiveness of the electronic nose (E-nose) in rapidly and efficiently 

monitoring the olfactory evolution of dough during the different fermentation stages. Each phase was 

characterized by a distinctive volatile profile, closely correlated with changes in microbial 

populations, the overall composition of VOCs, and pH levels. Although these temporal associations 

are evident, further studies are needed to clarify the specific contributions of individual microbial 

groups to VOC production. In particular, the increase in yeast and lactic acid bacteria concentrations 

was temporally associated with the production of key compounds such as acetic acid and ethanol, 

both crucial for the sensory quality of bread. 

The integration of traditional and advanced techniques — such as microbiological analyses and 

SPME-GC-MS — made it possible to deepen the understanding of microbial interactions and their 

impact on volatile profiles. It should be noted that the identification of VOCs was tentative, based 

solely on comparison with the NIST library and without confirmation using analytical standards. 

The results suggest that the E-nose is a rapid and non-invasive tool for quality assessment, with 

significant potential for improving process control in artisanal breadmaking, ensuring consistency 

and optimization of fermentation. Although parallel trends were observed between microbials 
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evolution and VOC development, no direct statistical correlations were established in this study. 

Future work should include targeted analyses to further explore the relationships between microbial 

communities and aroma formation. 

By adopting a multidisciplinary approach, this work confirms the value of the electronic nose as an 

innovative tool for the bakery industry, capable of real-time monitoring of microbiota changes that 

directly influence volatile profiles and, consequently, the sensory quality of bread prior to baking. 

The device thus represents promising support for process standardization and improvement, laying 

the groundwork for more effective and efficient quality control systems in the food industry. 
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7.  

 

MOX Sensors for Authenticity Assessment and 

Adulteration Detection in Extra Virgin Olive Oil 

(EVOO) 
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7.1 INTRODUCTION 

 
Olive oil is a key component of the Mediterranean diet, globally appreciated for its nutritional value, 

distinctive sensory characteristics, and numerous health benefits [1]. Among the main European 

producing countries are Spain, Italy, and Greece, which together account for approximately 70% of 

global production. In Europe, the overall annual production of olive oil averages around 2 million 

tons, although it may fluctuate due to climatic conditions and agronomic factors [2]. 

 

In this study, three categories of olive oil were investigated: Extra Virgin Olive Oil (EVOO), Olive 

Oil (OO), and Olive Pomace Oil (POO). Volatile compounds were analyzed using gas 

chromatography–mass spectrometry (GC-MS) combined with headspace solid-phase microextraction 

(HS-SPME). 

 

Among the various categories, EVOO represents the highest quality class. It is obtained exclusively 

through mechanical processes conducted at low temperatures, without the use of solvents or chemical 

treatments, thus preserving the phenolic fraction, fat-soluble vitamins (particularly vitamin E), and 

the volatile compounds responsible for its unique aromatic profile. These sensory and nutritional 

characteristics make EVOO highly valued not only from a gastronomic perspective but also in the 

prevention of various chronic and degenerative diseases [3]. 

 

Numerous scientific studies support its beneficial effects, including a reduced risk of cardiovascular 

diseases, anti-inflammatory properties, and modulation of oxidative responses, thanks to its high 

content of polyphenols and natural antioxidants [4,5]. Beyond its health-promoting properties, 

certification of origin and quality is a crucial aspect. Protected Designation of Origin (PDO) oils 

represent the most authentic expression of the link between product and territory [6]. The PDO 

certification guarantees compliance with strict specifications that regulate, among other aspects, the 

cultivars used, agronomic practices, harvesting methods, and processing techniques. These oils not 

only represent a cultural and gastronomic heritage but also play an important economic role for 

producing areas, contributing to the enhancement of local traditions and the protection of biodiversity. 

However, the prestige and high market value of PDO oils make them particularly vulnerable to fraud 

and adulteration [7,8]. Common fraudulent practices include blending with lower-quality oils, the 

addition of seed oils, or the use of oils from different harvest years or regions from those indicated on 

the label [9]. According to the International Olive Council (IOC), approximately 10% of olive oil 

traded globally shows non-compliance with label claims, with negative consequences for consumers, 
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who risk purchasing inferior products at unjustified prices, and for honest producers, who suffer in 

terms of reputation and economic return [10]. 

 

Considering these critical issues, it is essential to develop authentication methods that are rapid, 

reliable, and accessible, capable of supporting official controls and providing greater guarantees to 

consumers. A thorough understanding of the compounds present in EVOO makes it possible to detect 

alterations resulting from degradation processes, as well as potential fraudulent adulterations 

[11,12,13]. The identification of the aromatic characteristics of EVOO can be performed either 

through sensory evaluation (panel test) or by analyzing its volatile compounds. Although the panel 

test is an official method, it presents several disadvantages: it is costly and time-consuming, and its 

results may be influenced by subjective factors, such as the training and individual sensitivity of the 

panelists [14]. Among instrumental techniques, gas chromatography–mass spectrometry (GC-MS) 

combined with headspace solid-phase microextraction (HS-SPME) stands out for its high accuracy 

in the qualitative and quantitative analysis of the volatile fraction. This approach enables the 

acquisition of a detailed chemical fingerprint, useful for identifying cultivar, geographical origin, and 

potential adulterations. However, GC-MS also presents certain practical limitations, including 

complex sample preparation, lengthy analysis times, high equipment costs, and the requirement for 

highly specialized technical personnel [15,16]. 

 

In addition to chromatographic approaches, optical spectroscopic techniques have also been 

successfully applied to the detection of extra virgin olive oil adulteration. Laser-Induced Breakdown 

Spectroscopy (LIBS) and UV–Vis–NIR absorption spectroscopy have demonstrated high accuracy in 

discriminating EVOO from adulterated samples by exploiting elemental and molecular spectral 

information. While these laboratory-based techniques provide excellent predictive performance, they 

typically rely on complex instrumentation and are less suited for rapid or on-site screening 

applications [17]. 

 

In this context, the electronic nose (e-nose) emerges as an innovative and complementary tool, 

capable of providing rapid, non-destructive analyses that can potentially be applied directly in the 

field [18,19]. Its operation is based on an array of chemical sensors, in this case metal oxide (MOX) 

sensors, which are sensitive to the presence of volatile compounds [20]. When these molecules 

interact with the sensitive surface of the MOX sensors, variations in electrical conductivity occur, 

which are processed to generate a characteristic olfactory fingerprint of the sample. Among the main 

advantages of MOX sensors are their rapid response, robustness, potential for miniaturization, and 

ease of integration into automated systems. Moreover, the electronic nose does not require complex 
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pre-treatment steps and can provide real-time results. However, its main limitation lies in the inability 

to identify individual volatile compounds: the system is designed primarily for discrimination and 

classification tasks rather than for detailed chemical characterization [21]. 

 

The combined use of GC-MS and the electronic nose thus represent a promising approach for olive 

oil authentication, merging the analytical precision of GC-MS with the operational speed and 

flexibility of the electronic nose. 

 

The main objectives of this study were to evaluate the discriminative capability of the electronic nose 

in classifying different types of olive oils (extra virgin olive oil, olive oil, and olive pomace oil), to 

compare the olfactory fingerprints generated by the MOX sensor system with the detailed chemical 

profiles obtained through GC-MS, and to explore the development of predictive models for rapid and 

non-destructive authentication of olive oils. 

 

Protecting authenticity and enhancing the quality of olive oil, particularly those certified as PDO 

(Protected Designation of Origin), are strategic priorities for the agri-food industry and for consumer 

protection. The adoption of integrated analytical approaches, combining established techniques such 

as GC-MS with innovative tools like MOX sensor-based electronic noses, represents a decisive step 

toward a more modern, efficient, and sustainable control system, in line with market demands and 

current challenges related to food safety and transparency [22]. 

 

7.2 MATERIALS AND METHODS 

 
In this study, three types of oils and their respective mixtures were analyzed: certified Protected 

Designation of Origin Extra Virgin Olive Oil (EVOO), Olive Oil (OO), and Olive Pomace Oil (POO). 

All samples were purchased from retail outlets in the large-scale distribution sector and stored at room 

temperature, ranging between 20 and 25 °C, outside of refrigeration. For each biological replicate, 

three independent measurements were performed for both gas chromatography–mass spectrometry 

(GC–MS) and e-nose analyses. Prior to analysis, the order of sample measurements was randomized 

using a computer-generated sequence to avoid systematic bias. In addition, the position of samples 

within the thermostatic bath and on the e-nose measurement platform was varied across replicates to 

minimize potential position effects. 
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7.2.1 Experimental Design 

 
The study was conducted using two complementary approaches. The first involved the 

characterization of volatile organic compounds (VOCs) present in EVOO, OO, and POO samples 

through GC–MS combined with solid-phase microextraction (SPME). The second approach focused 

on analyzing the volatile fraction, or olfactory fingerprint, of both pure samples and their mixtures 

using a device equipped with MOX sensors. 

 

7.2.2 Sample Preparation and Characterization of Oil Samples 

 
A total of 30 samples were analyzed using the electronic nose (e-nose), including Extra Virgin Olive 

Oil (EVOO), Olive Pomace Oil (POO), Olive Oil (OO), and their respective mixtures prepared with 

adulteration percentages of 10%, 30%, and 50%. In addition, 9 pure oil samples (EVOO, POO, OO) 

were analyzed using the GC-MS technique. For the characterization of the volatilome, 50 mL of each 

pure sample was collected, transferred into glass containers, and subsequently analyzed using the 

electronic nose (e-nose). This volume was selected to ensure a stable and representative release of 

volatile compounds under dynamic headspace conditions and to maintain signal reproducibility over 

repeated acquisition cycles. Measurements were carried out in a thermostatic bath at 30 °C, a 

condition selected to promote the release of volatile compounds while minimizing oxidation or 

degradation processes in the sample (Figure 1). 

 

 
Figure 1. Analysis of oil samples using an electronic nose. 
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In parallel, the same samples were analyzed using gas chromatography coupled with mass 

spectrometry (GC-MS), employing solid-phase microextraction (SPME) as the sampling technique. 

For this purpose, 20 mL of each sample were placed into sealed headspace vials, a volume optimized 

for the fixed vial geometry and liquid-to-headspace phase ratio required for reproducible HS-SPME 

analysis, sealed with caps featuring aluminum crimp tops and polyethylene- 

tetrafluoroethylene/silicone (PTFE/silicone) septa, ensuring tight sealing and preserving the integrity 

of the volatile profile. 

 

The combined approach, integrating the rapid and non-destructive analysis of the e-nose with the 

detailed identification and quantification capabilities of GC-MS, allowed for a comprehensive and 

complementary characterization of the volatile fraction of each oil sample analyzed. 

Several mixtures were subsequently prepared with the aim of evaluating the system’s sensitivity in 

detecting potential adulterations or combinations of different oils. 

Specifically: 

- 50% mixtures: three samples, obtained by combining 50 mL of POO with 50 mL of 

EVOO DOP; 50 mL of OO with 50 mL of EVOO DOP; and 50 mL of OO with 50 

mL of POO. 

- 30% mixtures: two samples, one consisting of 30 mL of POO and 70 mL of EVOO 

DOP, and the other of 30 mL of POO and 70 mL of OO. 

- 10% mixtures: two samples, one containing 10 mL of POO and 90 mL of EVOO DOP, 

and the other 10 mL of POO and 90 mL of OO. 

 

This experimental approach was designed to assess the ability of metal oxide sensors to detect even 

minimal variations in composition, simulating real-world adulteration scenarios and evaluating the 

system’s effectiveness in identifying fraud or quality alterations in olive oil. Table 1 provides a 

detailed description of the oil samples analyzed, including the number of replicates performed for 

each type. 
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Table 1. Schematic representation of the analyzed oil samples, indicating the number of replicates performed, 

the analytical techniques employed, and the total number of samples subjected to analysis. 

 

 

7.2.3 Volatile Organic Compounds (VOCs) 

 
The analysis of volatile organic compounds (VOCs) was conducted using two complementary 

approaches: (i) identification by gas chromatography coupled with mass spectrometry (GC-MS) using 

solid-phase microextraction (SPME), and (ii) olfactory profiling through an electronic nose system 

based on metal oxide semiconductor (MOX) sensors. 
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For the GC-MS analysis, two grams of oil were placed in hermetically sealed headspace vials and 

incubated at 40 °C for 10 min. A DVB/C-WR/PDMS SPME fiber (Supelco, Bellefonte, PA, USA) 

was then introduced into the vial and exposed in the headspace (4 cm) for 30 min under agitation. 

Subsequently, thermal desorption of volatile compounds was performed in the injector port at 240 °C 

for 5 min. Compound identification was carried out using a gas chromatograph (model 7820A; 

Agilent Technologies, Santa Clara, CA, USA) coupled to a mass spectrometer (5977E MSD; Agilent 

Technologies, Santa Clara, CA, USA). The initial oven temperature was set at 40 °C for 10 min, 

increased to 200 °C at 3 °C/min (held for 3 min), and finally raised to 240 °C at 10 °C/min, maintained 

for 5 min. Separation was achieved using an HP-5MS capillary column (30 m × 0.25 mm × 0.25 μm; 

Agilent J&W, Santa Clara, CA, USA) with helium as the carrier gas at a constant flow of 1 mL/min. 

Injections were performed in splitless mode at 240 °C, with the transfer line maintained at 250 °C and 

the ion source at 230 °C. Electron ionization energy was set at 70 eV, and data acquisition was 

performed in scan mode from 30 m/z to 300 m/z. Qualitative analysis was based on the comparison 

of the obtained mass spectra with reference spectra available in the NIST Mass Spectral Search 

Program (v2.0; National Institute of Standards and Technology (NIST), Gaithersburg, MD, USA). 

This methodology enabled the identification of representative compounds present in the oils, 

including aldehydes, alcohols, acids, and esters, allowing a precise differentiation of volatilome 

composition across pomace, virgin, and extra virgin oils, as well as the detection of potential 

adulteration. 

In parallel, a portable electronic nose system based on MOX sensors was employed. This compact 

device is designed for the rapid detection of volatile profiles by recording impedance changes in the 

sensing elements upon exposure to VOCs released by the samples. Analyses were conducted at 30 

°C using a thermostatic bath, ensuring headspace generation without inducing thermal degradation of 

the oils. The system captured subtle variations in the volatile profiles, generating characteristic 

olfactory fingerprints that allowed reliable classification of the samples. The electronic nose 

integrates a multichannel MOX sensor with four resistive sensing elements, each displaying 

differential sensitivity to specific chemical families, including alcohols, aldehydes, ketones, and fatty 

acids. Operating at a controlled working temperature of approximately 400 °C, the sensor ensured 

stable and reproducible responses. The embedded system incorporates data acquisition electronics 

and wireless connectivity, facilitating its application as a portable and compact analytical tool. The 

recorded signals, based on impedance variations of each sensing element, provided unique olfactory 

patterns for each sample, enabling a robust and non-destructive characterization of the oils. 
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7.2.4 Electronic Nose Set-Up 

The printed circuit board (PCB) of the system integrates various electronic components, as shown in 

Figure 2. The board is powered via a USB port and a 3.7 V lithium battery. The battery voltage is 

regulated by a buck–boost converter, which stabilizes the output at 3.3 V, supplying most of the 

electronic components. In addition, a linear voltage regulator further reduces this voltage to 1.8 V to 

power the ENS160 sensor (ScioSense, Eindhoven, The Netherlands). 

 

 
Figure 2. Block diagram of the device. 

 

The data acquisition system is based on three different sensors, whose characteristics and measured 

signals are summarized in Table 2. The sensor outputs are transmitted via the I2C protocol to a 32- 

bit microcontroller (STM32WB55CGU6, STMicroelectronics, Geneva, Switzerland). This 

microcontroller manages both sensor communication and wireless data transmission via Bluetooth 

Low Energy (BLE) to external devices, such as smartphones, enabled by the integrated Arm Cortex- 

M0+ core (Arm Ltd., Cambridge, United Kingdom). Similar electronic nose architectures, combining 

low-power sensor interfaces, embedded microcontrollers, and wireless communication modules, have 

been successfully employed for the detection and discrimination of volatile organic compounds, as 

reported in the literature [23]. 
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Table 2. Sensors used in the device. 

 

 

The sensor array integrated in the portable e-nose comprises an ENS160 MOX gas sensor 

(TVOC/eCO2/AQI outputs) an SHT40 (temperature/relative humidity sensor; Sensirion AG, Stäfa, 

Switzerland), and an STC31-R3 (CO2 sensor; Sensirion AG, Stäfa, Switzerland) (see Table 2 for 

details). 

Temperature and relative humidity were continuously recorded (SHT40) as quality-control/reference 

variables to confirm stable measurement conditions and were not included as input features in the 

PCA/ML models. 

On one hand, Figure 3 (left) shows the layout of the printed circuit board (PCB), designed in a 

compact circular format with a diameter of 36.4 mm. The components have been strategically placed 

to maximize space efficiency. Among the key elements are a microcontroller, responsible for 

managing sensor communication and Bluetooth Low Energy (BLE) connectivity, and an RGB LED 

used to visually indicate air quality levels. 

 

 

 

 
Figure 3. Electronic board (left) and case (right). 
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The sensing system includes three main sensors: the ENS160 gas sensor for air quality evaluation, 

the STC31 gas sensor for CO2 concentration measurement, and a dedicated temperature, along with 

a dedicated temperature and relative humidity sensor (SHT40). Communication between the sensors 

and the microcontroller is handled via the I2C protocol. A BLE antenna is also integrated to allow 

wireless data transmission to external devices such as smartphones. 

Figure 3 (right) presents the external casing that encloses the PCB. This protective structure is 

designed with radial vents that enable air to circulate freely to the terminal sensors. The enclosure is 

optimized for portability and comfortable everyday use, ensuring that environmental measurements 

can be carried out reliably while the device is worn or transported. 

7.3 RESULTS AND DISCUSSION 

7.3.1 Characterization and Comparison of the Volatile Components of Pure Oils 

Using SPME-GC-MS 

The analysis of the volatile profile of the three oils under investigation (EVOO, OO, POO), performed 

using gas chromatography–mass spectrometry (GC-MS) coupled with solid-phase microextraction 

(SPME), enabled the identification of 60 compounds. These were classified into seven main chemical 

groups: alkanes, alkenes, carboxylic acids, aldehydes, alcohols, ketones, and others (Table 3). 

Table 3. Volatile compounds detected by GC–MS SPME for each oil. Each compound is presented in terms 

of abundance (a dimensional variable) represented the average of three biological replicas. 
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The Extra Virgin Olive Oil (EVOO) samples exhibited a rich and complex aromatic profile, 

characterized by a high abundance of volatile compounds belonging to the C6 family, including 
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aldehydes (hexanal, E-2-hexenal), alcohols (1-hexanol, (Z)-3-hexen-1-ol), and their corresponding 

esters, such as (Z)-3-hexen-1-yl acetate. These compounds are primarily derived from the enzymatic 

lipoxygenase (LOX) pathway, which is activated during the processing of fresh and intact olives, 

converting polyunsaturated fatty acids into volatile metabolites with low odor thresholds. These 

molecules are responsible for the fresh, green, fruity, and herbaceous sensory notes that are typical of 

high-quality olive oils. Hexanal is one of the most abundant compounds in the volatile profile of 

EVOO and significantly contributes to green and freshly cut grass olfactory sensations, as widely 

reported in the literature [72,73,74]. E-2-hexenal, which is also frequently detected at high 

concentrations, is associated with a more intense and penetrating fruity aroma. According to García- 

Vico et al. (2017) [75], this compound is often the most abundant among the C6 volatile organic 

compounds (VOCs). C6 alcohols, such as 1-hexanol and (Z)-3-hexen-1-ol, also contribute to the 

aromatic profile by imparting sweet, floral, and slightly fruity notes. In particular, the latter serves as 

an important precursor of volatile esters such as (Z)-3-hexen-1-yl acetate, which imparts fresh and 

fruity aromatic nuances (e.g., tomato leaf, green banana), significantly enhancing the overall olfactory 

complexity of the oil [18]. Overall, aldehydes, alcohols, and their corresponding esters are the main 

contributors to the aromatic characteristics of EVOO, not only due to their abundance but also because 

of their low sensory threshold and high sensory impact (Figure 4). Their presence at high 

concentrations is commonly associated with high-quality raw material and a prompt, well-executed 

extraction process, thus representing reliable markers of the product’s freshness and integrity 

[75,76,77]. 

 

Figure 4. Chemical classes of Extra Virgin Olive Oil (EVOO), Virgin Olive Oil (OO), and Olive Pomace Oil 

(POO) samples analyzed by gas chromatography–mass spectrometry (GC–MS). 

Although Virgin Olive Oil (OO) shares many volatile compounds with Extra Virgin Olive Oil 

(EVOO), it is characterized by a less intense and less complex aromatic profile, indicative of lower 
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commercial and sensory quality (Figure 5). The reduced presence of key volatile compounds in OO 

samples suggests a weakening or partial disruption of the main biosynthetic pathways. This is often 

associated with the use of lower-grade raw materials, longer storage times, or technological 

treatments such as refining [78]. 

 

 
Figure 5. Total ion chromatograms (TICs) obtained by GC-MS analysis coupled with SPME of OO (A), 

EVOO (B), and POO (C) samples. The x-axis represents the retention time (min), while the y-axis indicates 

the relative abundance of the detected volatile compounds. 

Principal Component Analysis (PCA) was applied to the volatile compound data obtained by gas 

chromatography–mass spectrometry (GC–MS) in order to investigate differences among the various 

types of olive oil analyzed. The resulting two-dimensional projection (Figure 6) shows that the first 

two principal components account for the total variability of the dataset: PC1 alone explains 82.2% 

of the variance, while PC2 accounts for 17.8%. 
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Figure 6. Interactive 2D PCA plot based on volatile compound data, displaying the 15 most influential loading 

vectors contributing to sample separation. 

The distribution of the samples along PC1 highlights a clear separation between olive pomace oil and 

the other two groups. Pomace samples cluster at the far left of the plot, confirming a distinct aromatic 

profile characterized by the absence of key compounds and the presence of metabolites associated 

with oxidative and degradative processes. 

The second principal component allows for a clear distinction between Extra Virgin Olive Oil 

(EVOO) and virgin olive oil (VOO). EVOO samples group in the upper right quadrant of the plot, 

suggesting a greater abundance of compounds derived from the enzymatic lipoxygenase (LOX) 

pathway, typically responsible for fresh and green sensory notes. Conversely, virgin olive oil samples 

are in the lower right quadrant, showing an intermediate profile—closer to EVOO than to olive 

pomace oil—but with quantitative differences in the concentration of the most representative 

volatiles. 

The loading analysis supports these observations: alcohols (e.g., 1-pentanol, isoamyl alcohol), esters 

(ethyl butanoate, ethyl acetate, esters of butanoic acid), and terpenes (such as limonene and α-pinene) 
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are strongly associated with EVOO, contributing to its distinctive aromatic fingerprint. In contrast, 

short-chain acids (acetic acid, butanoic acid) and degradation-related molecules (octene, n-octane, 

styrene) appear more representative of pomace samples, and to a lesser extent of virgin olive oils. 

Overall, PCA effectively highlighted marked differences among the three olive oil categories, 

confirming that the volatile profile represents a reliable indicator of both product quality and 

preservation status. 

7.3.2 Measurement Setup 

 
The results obtained with GC-MS were compared with those acquired using the electronic nose, 

followed by a PCA to explore group separations and classification capabilities. Similar approaches 

are widely reported in the literature, where electronic noses, often combined with multivariate 

statistical tools, have been successfully applied to the discrimination of olive oils according to 

geographical origin, cultivar, and quality grade, yielding results comparable to those of consolidated 

analytical platforms such as GC-MS [17,18]. 

In the present study, measurements on olive oil samples were performed using a dynamic headspace 

configuration based on cyclic adsorption and desorption, specifically designed to capture the temporal 

evolution of volatile organic compounds (VOCs). The setup consisted of a cylindrical glass chamber 

with an internal volume of approximately 265 mL (75 mm diameter × 600 mm height). Pure and 

blended olive oil samples were introduced in fixed aliquots of 100 mL to ensure experimental 

reproducibility. The sensing unit was positioned directly above the headspace to maximize exposure 

to the emitted volatiles. 

Each measurement session comprised 18 automated adsorption/desorption cycles. During the 

adsorption phase (60 s), the sensor was exposed to the headspace, allowing VOCs to accumulate on 

the sensing surface; during the subsequent desorption phase (60 s), the chamber was flushed with 

ambient air to restore baseline conditions and minimize hysteresis. This cyclic protocol enabled the 

acquisition of transient response dynamics while avoiding sensor saturation, a feature that 

distinguishes it from static headspace measurements commonly adopted in other e-nose studies. 

The ENS160 gas sensor, integrated into a custom portable device, provided real-time TVOC 

measurements (ppb) over 18 consecutive cycles, generating robust time-series datasets for each 

sample. This acquisition strategy improved signal clarity and reproducibility and enabled advanced 

data processing approaches, including temporal pattern recognition and the training of machine 

learning models (e.g., neural networks). Compared with previous studies primarily based on steady- 
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state signals or averaged responses, the proposed cyclic approach provides greater analytical depth 

and supports the development of portable, cost-effective, and data-driven alternatives to conventional 

laboratory-based GC-MS analysis. 

Figure 7 displays the temporal evolution of total volatile organic compounds (TVOCs) for three pure 

olive oil categories: extra virgin (V_Extra), virgin (V_Virgin), and pomace (V_pomace). The plotted 

curves represent the TVOC response over time during alternating adsorption and desorption phases. 

Extra virgin and virgin oils exhibit distinct and reproducible peak patterns, characterized by sharp 

rises during the adsorption phases followed by gradual descents in the desorption phases. Notably, 

extra virgin oil consistently produces the highest TVOC amplitudes, while virgin oil follows a slightly 

lower profile. In contrast, olive pomace oil shows a markedly flattened response, with minimal peak 

formation and subdued VOC release. This behavior reflects the reduced content of aroma-active 

volatiles in lower-quality oils, consistent with their known sensory degradation. 

 

 
Figure 7. Temporal TVOC Response Profiles for Pure Olive Oil Samples: Extra Virgin, Virgin, and Pomace. 

 

Figure 8 extends the analysis to blended samples created by mixing virgin olive oil with 10%, 30%, 

and 50% olive pomace oil. The cyclic TVOC patterns reveal a clear gradient in signal amplitude and 

dynamics associated with the degree of adulteration. The 10% blend (blue curve) maintains a peak 

structure like that of pure virgin oil but with slightly diminished intensities. As pomace content 

increases to 30% (orange curve) and 50% (green curve), the peaks become broader and less 

pronounced, indicating significant disruption of the volatile profile. These shifts in amplitude and 

temporal shape confirm the system’s sensitivity to adulteration, even at low levels, and highlight the 

diagnostic potential of MOX sensor arrays for real-time detection of olive oil authenticity. 
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Figure 8. Temporal TVOC Response Profiles for Adulterated Olive Oils: Virgin Blends with 10%, 30%, and 

50% Pomace. 

7.3.3 Discrimination of Oil Samples Using a MOX Sensor-Based Device 

 
The use of Principal Component Analysis (PCA) proved to be a particularly effective approach for 

exploring and visualizing the discriminative capability of the electronic nose based on MOX sensors 

in recognizing different types of oil and their mixtures. Initially, all available sensor outputs were 

considered; however, channels that added noise or did not improve discrimination/model 

performance were excluded from the final feature set to avoid unnecessary dimensionality. The plot 

shown (Figure 9) displays the projection of the data obtained from the electronic nose responses along 

the first principal components, which account for most of the variability within the dataset. This MOX 

sensor-based analysis was applied to samples of extra virgin olive oil, olive pomace oil, and virgin 

olive oil, with the aim of highlighting potential differences in the volatile compound profiles among 

the various oil types. 

 

 
Figure 9. Three-dimensional Principal Component Analysis (PCA) showing the separation between extra 

virgin olive oil (green), olive pomace oil (blue), and virgin olive oil (red) samples. 
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To complement the two-dimensional projection, a three-dimensional PCA plot was also generated 

(Figure 10), offering a more detailed visualization of the clustering patterns among the oil samples. 

This 3D representation allows for a better assessment of the group separation and distribution in 

multidimensional space. 

 

 
Figure 10. 3D Principal Component Analysis (PCA) of MOX sensor responses for olive oil classification. 

 

In this case, Principal Components 1, 2 and 3 explain 97.32%, 2.25%, and 0.43% of the total variance, 

respectively, indicating that most of the variability in the dataset is captured by the first component 

alone. Despite the relatively low contribution of PC2 and PC3, their inclusion enhances the spatial 

perception of class separability and emphasizes subtle differences among samples, particularly within 

mixtures and borderline cases. 

Together, both PCA plots (Figure 8 and Figure 9) illustrate the strong discriminative power of the 

MOX-based electronic nose in differentiating olive oil categories. The high variance explained by the 

first component in both the 2D and 3D analyses demonstrates the consistency and reliability of the 

sensor responses in capturing the key features that distinguish pomace, virgin, and extra virgin oils. 

To further explore the potential of the MOX-based electronic nose to detect and classify adulterated 

olive oils, an additional Principal Component Analysis (PCA) was performed on a dataset including 

both pure samples and blends in various proportions. Figure 11 presents the two-dimensional PCA 
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projection, where each point corresponds to a sample measurement, and color-coded ellipses 

represent the different blend combinations and pure categories. 

 

 
Figure 11. Two-dimensional Principal Component Analysis (PCA) demonstrating the separation between pure 

and blended oil samples in various proportions. Colors indicate the different combinations analyzed: blue for 

10% olive pomace oil + 90% extra virgin olive oil, olive-green for 10% olive pomace oil + 90% virgin olive 

oil, red for 30% olive pomace oil + 70% extra virgin olive oil, light green for 30% olive pomace oil + 70% 

virgin olive oil, green for pure extra virgin olive oil, purple for pure olive pomace oil, brown for 50% olive 

pomace oil + 50% extra virgin olive oil, yellow for 50% olive pomace oil + 50% virgin olive oil, gray for pure 

virgin olive oil, and green for extra virgin olive oil. 

The analysis reveals a well-defined separation between pure oils (extra virgin, virgin, and pomace) 

and their respective mixtures. The distribution of the samples in the PC1-PC2 plane reflects a gradient 

in volatile profile composition according to blend ratios. Notably, Principal Component 1 (PC1) 

explains 82.04% of the total variance, while PC2 accounts for 16.15%, providing a comprehensive 

representation of the variability within the dataset. The pure extra virgin olive oil samples (green) 

appear tightly grouped and are clearly distinct from both pomace (purple) and virgin oils (gray). 

Blended samples form intermediate clusters depending on the ratio and type of oils used. For instance, 

the red cluster (30% pomace + 70% extra) and light green cluster (30% pomace + 70% virgin) are 

located closer to the extra virgin and virgin oil clusters, respectively. The blue and olive-green clusters 

(10% pomace + 90% extra / virgin) are more centrally positioned, while the light purple, orange, and 

brown clusters (50% blends) are placed further away from the pure groups, indicating greater 
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divergence in the volatile profiles. The confidence ellipses illustrate good internal consistency within 

each group and limited overlap, confirming the system’s sensitivity to subtle changes in composition. 

 

To provide a more nuanced visualization of these complex relationships, a three-dimensional PCA 

plot was constructed (Figure 12). The inclusion of Principal Component 3 (PC3), which accounts for 

1.09% of the variance, enriches the interpretation by revealing spatial patterns and separations not 

evident in the 2D representation. The 3D plot maintains the separation among pure and blended oils, 

further reinforcing the electronic nose’s capability to distinguish not only between different oil 

categories but also between subtle blend proportions. 

 

 
Figure 12. Three-dimensional Principal Component Analysis (PCA) demonstrates the separation between pure 

and blended oil samples in various proportions. Colors indicate the different combinations analyzed: blue for 

10% olive pomace oil + 90% extra virgin olive oil, olive-green for 10% olive pomace oil + 90% virgin olive 

oil, red for 30% olive pomace oil + 70% extra virgin olive oil, light green for 30% olive pomace oil + 70% 

virgin olive oil, green for pure extra virgin olive oil, purple for pure olive pomace oil, brown for 50% olive 

pomace oil + 50% extra virgin olive oil, yellow for 50% olive pomace oil + 50% virgin olive oil, gray for pure 

virgin olive oil, and green for extra virgin olive oil. 

7.3.4 Multilayer Perceptron Analysis 

 
Figure 13 shows the confusion matrix obtained for the neuronal network model trained to classify 

olive oils into three categories: pomace, virgin, and extra virgin. The model achieved an overall 
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accuracy of 84.62%, with perfect classification of olive pomace oil, partial misclassification of extra 

virgin oils as virgin, and correct classification of virgin samples. These results suggest that while the 

model robustly identifies olive pomace oil, the classification between extra virgin and virgin oils is 

more challenging due to their compositional similarity. 

 

 
Figure 13. Confusion Matrix for Classification of Pure Olive Oil Categories: Virgin, Extra Virgin, and 

Pomace. 

Figure 14 displays the evolution of loss and accuracy during training. As shown in the loss curve, both 

training and validation losses decrease significantly over the epoch, with the training loss reaching 

values near 0.2 after 500 epoch. In parallel, training and validation accuracy gradually increases, 

stabilizing above 90% in the final stages, confirming the convergence and generalization capability 

of the model. 

 

 
Figure 14. Neuronal network performance for classifying pure olive oils. 

 

To further assess the similarity among the oil samples, Figure 15 presents the hierarchical clustering 

dendrogram. A clear separation between pomace and the other two categories is observed, supporting 
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the findings from PCA and classification results. Extra virgin and virgin oils form distinct subclusters, 

but with closer proximity, reflecting their overlapping volatile profile. 

 

 
Figure 15. Hierarchical clustering of pure olive oil categories based on TVOC profiles. 

 

Figure 16 and Figure 17 report the learned connection-weight matrices of the MLP. These matrices 

are provided for transparency as a qualitative visualization of the trained parameters. Because 

multilayer neural networks are non-linear and predictors may be correlated, individual weights are 

not directly interpretable as reliable feature importance. Therefore, we do not draw feature- 

importance conclusions from these plots, and model assessment is based on the classification 

performance reported in the Results. 

 

 
Figure 16. Connection weights from input variables to the first hidden layer neurons. 
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Figure 17. Connection weights from hidden layer neurons to output classes. 

 

Figure 18 shows the confusion matrix corresponding to the classification of pure and adulterated olive 

oil samples using the MOX-based electronic nose. The model was trained with 500 epochs and 

includes 10 distinct classes: pure extra virgin, virgin, and olive pomace oil, as well as binary mixtures 

adulterated with 10%, 30%, and 50% olive pomace oil. The model achieved an overall accuracy of 

77.14%, correctly classifying most pure samples (e.g., extra virgin and pomace) and several of the 

blended classes. Misclassification primarily occurred among blends with low pomace content (e.g., 

10% or 30%), likely due to their similar volatile profiles. 

 

 
Figure 18. Confusion matrix for classification of pure and adulterated olive oils. 
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Although formal LOD/LOQ values are not directly applicable to this electronic-nose pattern- 

recognition method, the lowest adulteration level tested in this work was 10% (v/v), at which 

discrimination of pure oils was achieved under controlled conditions. Determining a formal limit of 

detection/quantification will require further experiments at levels below 10%, with greater replication 

and an explicit decision criterion. 

Figure 19 displays the evolution of the training and validation loss (left) and accuracy (right) over the 

course of 500 training epochs. As observed, both training and validation loss steadily decrease with 

increasing epochs, while the accuracy curves show a gradual increase and stabilization beyond 400 

epochs. The model converges with training accuracy close to 99% and validation accuracy stabilizing 

around 87% indicating good generalization performance despite the increased number of output 

classes. 

 

 
Figure 19. Training and validation performance of the neural network for olive oil adulteration detection. 

 

To better understand sample similarities, Figure 20 shows a hierarchical clustering dendrogram 

generated from the learned features. The pure oil samples form well-defined and coherent clusters, 

while blended samples are grouped in intermediate positions, reflecting their compositional nature. 

Notably, mixtures with 50% pomace (such as V_Pomace_Extra and V_Pomace_Virgin) are 

positioned closer to the pomace cluster, suggesting that even moderate adulteration levels 

significantly alter the volatile profile. 
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Figure 20. Hierarchical clustering of pure and adulterated olive oil samples based on sensor response. 

 

Figure 21 and Figure 22 show the weight matrices of the fully connected layers in the extended model. 

They are included as a qualitative depiction of the learned parameterization and should be interpreted 

cautiously; they do not constitute a formal measure of variable importance. More rigorous 

interpretability analyses will be considered as future work to quantify input influence under controlled 

validation conditions. 

 

 
Figure 21. Synaptic weights from input features to neurons in the first hidden layer (deep network). 
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Figure 22. Synaptic weights from hidden neurons to output classes in extended olive oil classification. 

 

7.4 CONCLUSIONS 

 
The results obtained confirm the effectiveness of the electronic nose in distinguishing between 

different types of olive oil, demonstrating its ability to detect significant variations in volatile profiles. 

The comparison with GC-MS data revealed a clear correspondence between the olfactory fingerprints 

provided by the MOX-based sensor array and the chemical composition of the samples. GC-MS 

analysis indicated that differences among oil categories were mainly associated with variations in key 

classes of volatile compounds, such as aldehydes, alcohols, esters, and ketones, which are known to 

play a major role in defining olive oil aroma and quality and are sensitive to processing conditions 

and adulteration. These compound groups, rather than individual markers, contribute collectively to 

the recognition of oil authenticity and are effectively captured by the pattern-based response of the 

electronic nose. The integration of GC-MS with multivariate chemometric analysis, including PCA, 

therefore provides complementary information, combining detailed chemical insight with rapid 

discrimination capability. This integrated approach reinforces the potential of the MOX-based 

electronic nose as a fast, non-destructive screening tool for olive oil quality control and authenticity 
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assessment, particularly for certified products such as PDO olive oils. It is important to note that 

MOX sensors exhibit cross-sensitivity, meaning that their response is not specific to a single 

compound but reflects the combined effect of different VOC families (and may also be influenced by 

temperature and humidity). However, this behavior is consistent with the electronic-nose concept, 

which aims to mimic human olfaction: similarly to a sensory panel that perceives the global aroma 

profile rather than isolated compounds (as in chromatography), the e-nose captures an overall volatile 

fingerprint of the sample. Therefore, discrimination is not based on single-sensor selectivity, but on 

correlating multichannel signals and modeling them using multivariate methods (e.g., PCA) and 

machine-learning algorithms to extract robust patterns related to authenticity and adulteration. 

Overall, the adoption of complementary analytical techniques represents a promising strategy to 

address current challenges in olive oil authentication, supporting the development of more efficient, 

sustainable, and transparent control systems. Future work will focus on expanding the dataset, 

refining predictive models, and implementing real-time and in-line monitoring solutions, with the aim 

of facilitating the integration of MOX-based sensing technologies into industrial production chains. 

Moreover, in future work, IoT integration of the system will require addressing practical 

implementation challenges: (i) ensuring robust data acquisition and transmission (e.g., BLE/Wi-Fi) 

by incorporating local storage and delayed retransmission in case of connectivity losses; (ii) 

optimizing power consumption through sleep modes and measurement duty-cycling (periodic 

sampling vs. continuous monitoring) to ensure sufficient autonomy; (iii) defining the model 

deployment strategy (on-device or near-edge ‘gateway’ inference vs. cloud inference), balancing 

latency, privacy, and cost; (iv) ensuring stable performance in real environments through 

temperature/humidity compensation, control of background VOCs, and drift/recalibration strategies; 

and (v) establishing traceability and maintenance of the model over time (model versioning and 

controlled model updates). 
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8.  

FUTURE WORKS 

 

Future developments of this research could focus on integrating additional sensing technologies to 

enhance the multidimensional characterization of food products. Combining olfactory sensing 

systems based on MOX sensors with optical or imaging sensors could provide complementary 

information, allowing simultaneous evaluation of both volatile profiles and visual attributes such as 

color, texture, and surface changes. This multimodal approach would enable a more comprehensive 

assessment of product quality, freshness, and shelf-life, mimicking more closely the human 

perception of food through multiple senses. 

Although optical sensors and camera-based systems are powerful tools for visual inspection, they 

may sometimes overestimate certain parameters due to lighting or surface reflections. However, 

coupling these technologies with olfactory sensors could help mitigate this limitation, leading to more 

robust and reliable predictive models. Future work should therefore explore the development of 

hybrid sensing platforms and advanced data fusion strategies to fully exploit the synergistic potential 

of these complementary technologies. 
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9.  

GENERAL CONCLUSION 

 

The research conducted during this Ph.D. aimed to develop and validate innovative approaches for 

monitoring the quality and freshness of food products, with a particular focus on bakery goods and 

fresh products. To this end, both traditional analytical techniques, such as gas chromatography 

coupled with mass spectrometry (GC–MS), and emerging technologies based on metal oxide (MOX) 

sensors were employed. 

The use of GC–MS allowed for the accurate identification and quantification of volatile compounds 

responsible for the aromatic characteristics of the analyzed samples, providing a robust reference for 

the validation of innovative sensor systems. At the same time, MOX sensors proved to be promising 

tools for rapid, non-destructive, and potentially in-line analyses, capable of detecting variations in the 

volatile profile associated with product degradation or transformation processes. 

The integration of machine learning methods enhanced the predictive capabilities of the models by 

identifying meaningful patterns within the sensor data, thereby enabling the automated classification 

or estimation of quality-related parameters. This data-driven approach demonstrated the potential of 

Electronic sensing systems to deliver timely and reliable information, representing a significant step 

toward the digitalization and automation of quality control in the food sector. 

Overall, the results confirm that the combination of traditional analytical methods and innovative 

sensor technologies can provide a more comprehensive and complementary understanding of product 

quality. Although MOX-based systems cannot fully replace established laboratory techniques, they 

represent valuable tools for continuous monitoring and for use in industrial or field settings, where 

fast response and ease of operation are key requirements. 

This research therefore highlights how the integration between reference chemical analyses and 

intelligent sensing technologies can open new perspectives for more sustainable, efficient, and 

accessible quality control, in line with the ongoing innovation and digital transformation of the agri- 

food industry. 



169  

 

Tesi di dottorato finanziata dall’Unione europea- Next Generation EU, Missione 4, componente 2 “Dalla 

Ricerca all'Impresa” - Investimento 3.3 “Introduzione di dottorati innovativi che rispondono ai fabbisogni 

di innovazione delle imprese e promuovono l’assunzione dei ricercatori dalle imprese”. 

10. 

ACKNOWLEDGMENTS 

 

10.1 Institutional Acknowledgments 

 
I would like to express my sincere gratitude to Prof. Fabio Licciardello, Coordinator of the PhD 

Program in Agri-food Science, Technology and Biotechnology, for his guidance, availability, and 

institutional support throughout my doctoral journey. 

This PhD thesis was developed within the framework of several national and international research 

projects and was partially funded by the project “ON Foods—Research and Innovation Network on 

Food and Nutrition Sustainability, Safety, and Security—Working ON Foods” (Project code 

PE00000003), funded under the National Recovery and Resilience Plan (NRRP), Mission 4, 

Component 2, Investment 1.3, by the Italian Ministry of University and Research and supported by 

the European Union—NextGenerationEU. 

I am deeply grateful to Nano Sensor Systems srl (NASYS) for the invaluable opportunity to work 

closely with MOX sensor technologies during my doctoral research. The collaboration with NASYS 

played a fundamental role in my scientific and technical training, allowing me to gain hands-on 

experience in the design, optimization, and application of electronic nose systems for agri-food 

quality assessment. I also thank the University of Modena and Reggio Emilia for stimulating scientific 

discussions and technical support that significantly contributed to the development of this work. 

Part of this research was carried out within the NECA project (Development of new electronic nose 

prototypes and artificial intelligence-based neural network analysis for food quality monitoring), 

funded by the Regional Government of Extremadura and co-financed by the European Regional 

Development Fund (ERDF). I would like to thank PanContigo S.L. (Badajoz, Spain), the Scientific and 

Technological Research Center of Extremadura (CICYTEX) for their support and active participation 



170  

in the project. I also acknowledge the technical staff of CICYTEX–INTAEX and the School of 

Industrial Engineering of the University of Extremadura for their assistance with sample handling, 

laboratory analyses, and prototype development. 

Finally, I gratefully acknowledge the financial support provided by the Poultrynsect project (H2020 

ERA-NETs SUSFOOD2 and CORE Organic Cofund) and by the PRIMA program through the 

SUSTAvianFEED project, both supported by the European Union, which contributed to the 

completion of this doctoral research. 

10.2 Personal Acknowledgments 

Arrivare alla fine di un percorso di dottorato è un po’ come concludere una lunga fermentazione: ci 

vuole tempo, pazienza, costanza, e soprattutto la giusta combinazione di ingredienti umani per 

ottenere un buon risultato. È un processo fatto di attese, tentativi, fallimenti e ripartenze, in cui nulla 

è immediato ma tutto, alla fine, trova il suo senso. 

Per questo, il mio primo e più sentito ringraziamento va ai miei tutor, il Prof. Andrea Pulvirenti e la 

Dott.ssa Veronica Sberveglieri, per avermi insegnato molto più di quanto mi aspettassi. Non solo 

competenze scientifiche, rigore metodologico e professionalità, ma anche un modo di affrontare la 

ricerca — e le sue inevitabili difficoltà — con curiosità, equilibrio e determinazione. Grazie per 

avermi guidata con fiducia, per aver creduto nel mio lavoro e per avermi trasmesso non solo 

conoscenze, ma anche una visione più ampia della scienza e del ruolo che essa può avere. Questo 

insegnamento va ben oltre il dottorato e resterà con me nel tempo. 

Un ringraziamento sincero e affettuoso va anche alla Dott.ssa Estefanía Núñez Carmona, che in 

laboratorio mi ha insegnato praticamente tutto. Con lei ho imparato che la scienza è fatta sì di dati, 

strumenti e risultati, ma anche di passione, collaborazione, pazienza e, perché no, di risate tra una 

misura e l’altra. Il suo supporto quotidiano, umano oltre che scientifico, ha reso il laboratorio un luogo 

di crescita, confronto e condivisione. 

Un grazie speciale va ai miei amici e colleghi Dario, Dario (detto Paolo) e Giuseppe. Ognuno di loro, 

a modo suo, ha contribuito a rendere più leggera e più bella questa avventura, accompagnandomi tra 

esperimenti riusciti e falliti, pause caffè e momenti di sana follia che hanno spesso salvato le giornate 

più difficili. E un grazie particolare a Giuseppe, che da collega è diventato una delle persone più 

importanti della mia vita, trovando un posto speciale nel mio cuore e dimostrandomi quanto il 

dottorato possa regalare, oltre alla formazione scientifica, legami profondi e inaspettati. 



171  

Infine, un grazie immenso alla mia famiglia, la mia certezza più grande. Dirvi solo “grazie” o “vi 

voglio bene” non potrà mai bastare per esprimere tutto l’amore, il riconoscimento e la gratitudine che 

ho per voi. Siete stati il mio sostegno costante, la mia forza nei momenti di stanchezza, il mio rifugio 

quando tutto sembrava troppo. Perché, oltre a essere la mia famiglia, siete i miei migliori amici, la 

mia casa, il mio punto fermo. E a chi dice che la famiglia della Mulino Bianco non esiste… beh, esiste 

eccome: siamo noi . 

 

 

 



172  

11. 

ANNEX 

11.1Published Articles 

 

Poeta, E.; Núñez-Carmona, E.; Sberveglieri, V.; Bernal, A.; Lozano, J.; Sánchez, R. MOX Sensors 

for Authenticity Assessment and Adulteration Detection in Extra Virgin Olive Oil (EVOO). Sensors 

2026, 26, 275. https://doi.org/10.3390/s26010275. 

 

Poeta, E.; Núñez-Carmona, E.; Sberveglieri, V.; Lozano, J.; Sánchez, R. Monitoring the Olfactory 

Evolution of Cold-Fermented Sourdough Using an Electronic Nose. Chemosensors 2025, 13, 187. 

https://doi.org/10.3390/chemosensors13050187. 

 

Poeta, E.; Núñez-Carmona, E.; Sberveglieri, V. A Review: Applications of MOX Sensors from Air 

Quality Monitoring to Biomedical Diagnosis and Agro-Food Quality Control. J. Sens. ActuatorNetw. 

2025, 14, 50. https://doi.org/10.3390/jsan14030050. 

 

Genzardi, D.; Caruso, I.; Poeta, E.; Sberveglieri, V.; Núñez Carmona, E. Nano-Tailored Triple Gas 

Sensor for Real-Time Monitoring of Dough Preparation in Kitchen Machines. Sensors 2025, 25,2951. 

https://doi.org/10.3390/s25092951. 

 

Poeta, E.; de Chiara, M.L.V.; Cefola, M.; Caruso, I.; Genzardi, D.; Núñez- Carmona, E.; Pace, B.; 

Palumbo, M.; Sberveglieri, V. Quality monitoring of table grapes stored in controlled atmosphere 

using an S3+MOS nanosensor device. Postharvest Biol. Technol. 2025, 227, 113587. 

https://doi.org/10.1016/j.postharvbio.2025.113587. 

 

Genzardi D, Núñez Carmona E, Poeta E, Gai F, Caruso I, Fiorilla E, Schiavone A, Sberveglieri V. 

Unraveling the Chicken Meat Volatilome with Nanostructured Sensors: Impact of Live and 

Dehydrated Insect Larvae Feeding. Sensors (Basel). 2024 Jul 29;24(15):4921. 

doi:10.3390/s24154921. PMID: 39123968; PMCID: PMC11314963. 

 

Poeta, E.; Liboà, A.; Mistrali, S.; Núñez-Carmona, E.; Sberveglieri, V. Nanotechnology and E- 

Sensing for Food Chain Quality and Safety. Sensors 2023, 23, 8429. 

https://doi.org/10.3390/s23208429. 

https://doi.org/10.3390/s26010275
https://doi.org/10.3390/chemosensors13050187
https://doi.org/10.3390/jsan14030050
https://doi.org/10.3390/s25092951
https://doi.org/10.1016/j.postharvbio.2025.113587
https://doi.org/10.3390/s23208429


173  

11.2 Conferences and Courses 

 
04/02/2026 - 04/02/2026 Online 

CNR (National Research Council of Italy) - Oral Presentation  

One-hour oral presentation entitled “Applications of MOX Sensors for Volatile Organic Compound 

Detection in the Agri-Food Sector”, focused on innovative sensing technologies for quality monitoring 

in agri-food systems. 

 

10/09/2025 - 12/09/2025 Teramo 

29th Workshop on Developments in Italian PhD Research - Oral Presentation  

Oral presentation: “Applications of MOX Sensors for Volatile Organic Compound Detection in Agri-

Food sector.” 

 

14/12/2024 – 14/12/2024  

Participation in a television program focused on the promotion of research and innovation in 

Spain.  

Link: https://www.canalextremadura.es/a-la-carta/la-besana-en-verde/videos/extremadura-crea-

narices-inteligentes 

 

18/09/2024 - 20/09/2024 Catania 

28th Workshop on the Developments in the Italian PhD research - Poster Presentation Poster 

presentation “Studying the effectiveness of controlled atmosphere to improve the shelf life of table 

grapes using innovative taylor made IoT nanosensors.” 

 

08/09/2024 - 12/09/2024 Rimini 

22nd World Congress of Food Science and Technology - Oral Presentation  

International event in food science and technology with global experts and researchers. An oral 

presentation was delivered titled: "Nanotechnological Sensor Device to Support the Fruit Trading 

Market." 

 

25/07/2024 - 25/07/2024 Reggio Emilia 

BIP UNIMORE - Two-hours lecture (Universities of Caen, Prague and Valencia)  

Title: “Sensors and Volatilome: in which way nanotechnology would support the agrifood systems”. 

 

 

https://www.canalextremadura.es/a-la-carta/la-besana-en-verde/videos/extremadura-crea-narices-inteligentes
https://www.canalextremadura.es/a-la-carta/la-besana-en-verde/videos/extremadura-crea-narices-inteligentes
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25/06/2023 - 25/06/2023 Reggio Emilia 

BIP UNIMORE - Two-hours lecture (Universities of Caen, Prague and Valencia)  

Support of Tradition and Geographical Identification of Foodstuffs (with a Focus on Olearic Products) 

- Why Python is Your Best Ally in Biological Data Analysis." 

 

12/11/2025 - 14/11/2025 Online 

The 12th International Electronic Conference on Sensors and Applications - Conference 

Participation 

The event covered recent advances in innovative and sustainable sensor technologies and their 

applications 

across multiple domains, including artificial intelligence–based sensing, electronic and physical 

sensors, sensor networks and IoT, smart cities, robotics and Industry 4.0, wearable sensors for 

healthcare, chemo- and biosensors, and smart agriculture sensors. The program included keynote 

lectures and thematic sessions focused on the design, development and real-world deployment of 

advanced, sustainable sensing systems for monitoring and decision support. 

 

12/11/2025 - 12/11/2025 Online CNR (National Research Council of Italy) - Webinar 

Participation “Actinobacteria and MOX Gas Sensors: An Integrated Approach to Enhance Plant 

Tolerance to Drought and Salt Stress”, presenting a multidisciplinary strategy combining microbial 

inoculation and gas-sensing technologies for plant stress monitoring. 

 

27/05/2025 - 27/05/2025 Online 

CNR (National Research Council of Italy) - Webinar Participation  

“Traceability of Extra Virgin Olive Oil: Genetic and Digital Tools for a Safe Value Chain”, focusing 

on the application of genetic and digital technologies to ensure traceability throughout the olive oil 

production chain, within the framework of the European project WATSON.
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11.3 Achievements 

 
➢ March 20, 2025 - January 31, 2026 - Editorial Management – MDPI Journal, Special 

Issue: Development of Metal Oxide Gas Sensors: From Design and Synthesis to Real- 

World Applications. Editorial management of the MDPI Journal, supporting manuscript 

evaluation, peer-review coordination, and editorial decision-making. Assisted in issue 

planning and journal promotion, ensuring scientific integrity, adherence to deadlines, and 

high-quality standards throughout the publication process 

➢ November 11, 2025 - “Premio Stanca” (2025), awarded by the PhD Program in Agri- food 

Science, Technology and Biotechnology at the University of Modena and Reggio Emilia, in 

recognition of outstanding scientific productivity achieved during the doctoral training. 

➢ October 2025 – Cover article of the Journal of Sensor and Actuator Networks (MDPI): 

“Applications of MOX Sensors from Air Quality Monitoring to Biomedical Diagnosis and 

Agro-Food Quality Control”. 


