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Abstract 
The work developed in this Ph.D. thesis has been focused on the application of an array of metal 

oxide (MOX) gas sensors in the food field. In particular, the devices that host the sensors is described 
in its constituent parts and how it works. It is called Small Sensor Systems (S3) and it is designed and 
constructed at Sensor Laboratory (University of Brescia, Italy) in collaboration with Nasys S.r.l., a 
spin-off of the University of Brescia. During the Ph.D. period, different S3 were employed for 
different applications. 

This thesis is divided in three parts: I. State of the art, that describes the development of 
electronic nose up to the S3; II. Smart Home and Industry, that shows the applications done in 
collaboration with Italian companies; III. Food Quality Control, where the applications in diverse 
food matrices are reported. 

I. State of the art: this part of the thesis includes three chapters. In the first one, the growth and 
the development of electronic noses is described to understand how it came to the S3 device. In the 
second chapter, the attention is focused on the MOX sensors since this is the typology of sensors 
used in S3 device; in addition to a general view, we will also discuss the sensors produced at Sensor 
Laboratory and used in the following applications. Finally, the last chapter illustrates a fundamental 
part of the analysis sequence, that is the manage and elaboration of the acquired data; in particular, 
the algorithms and the techniques used in the applications are presented.  

II. Smart Home and Industry: the applications in this part of the thesis are focused on works 
made in collaboration with Italian companies involved in production, processing, or storage of food. 
In chapter IV, applications in ovens (industrial and domestic) and fridges are enclosed to show the 
potentiality of this kind of device to follow cooking processes and to monitor the conservation of 
some types of food at low temperature. In chapter V, instead, a case study in the context of the 
Industry 4.0 is reported: the use of an array of sensors for the identification of the aroma of the fruit 
jams to install the device directly on the production line of the company. Finally, the last chapter of 
this part is dedicated to the recognition of coffee blends and roaster in a coffee grinder that can 
easily be found in bars. 

III. Food Quality control: in this last section, the results obtained from different food matrices 
are inserted. With Parmigiano Reggiano cheese, the aim was to train the array of sensors to 
distinguish between compliant and non-compliant grated cheese packs. With olive oil, the study 
aimed to recognize PDO oil from non-PDO oil and the geographical distinction between PDO olive 
oils from different regions. The last food matrix is beer, with which the behavior of not stabilized 
sensors and the recognition of not alcoholic and alcoholic beers were performed. Finally, the last 
application regards the detection and follow up of the development of Campylobacter jejuni in 
culture media and milk. 

This PhD thesis work reflects not only the wide variety of uses and the flexibility of the 
application fields of the MOX gas sensors, but also the immense plasticity of this technology to be 
developed and tailored to the needs of the various application goals. 
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Il lavoro sviluppato in questa tesi di dottorato si è concentrato sull'applicazione di un array di 
sensori di gas a ossido di metallo (MOX) nel settore alimentare. In particolare, vengono descritti i 
dispositivi che ospitano i sensori nelle sue parti costitutive e come funzionano. Il suo acronimo è 
Small Sensor Systems (S3) ed è progettato e costruito presso il Sensor Lab (Università di Brescia, 
Italia) in collaborazione con Nasys S.r.l., spin-off dell'Università di Brescia. Durante il periodo del 
dottorato di ricerca, diversi S3 sono stati utilizzati per diverse applicazioni. 

Questa tesi è divisa in tre parti: I. Stato dell'arte, che descrive lo sviluppo del naso elettronico 
fino all'S3; II. Smart Home and Industry, che mostra le applicazioni realizzate in collaborazione con 
aziende italiane; III. Food Quality Control, dove vengono riportate le applicazioni in diverse matrici 
alimentari. 

I. Stato dell'arte: questa parte della tesi comprende tre capitoli. Nella prima viene descritta la 
crescita e lo sviluppo dei nasi elettronici per capire come sia arrivato al dispositivo S3. Nel secondo 
capitolo l'attenzione è focalizzata sui sensori MOX poiché questa è la tipologia di sensori utilizzati 
nel dispositivo S3; oltre a una visione generale, discuteremo anche dei sensori prodotti presso il 
Sensor Lab e utilizzati nelle seguenti applicazioni. Infine, l'ultimo capitolo illustra una parte 
fondamentale della sequenza di analisi, ovvero la gestione e l'elaborazione dei dati acquisiti; in 
particolare vengono presentati gli algoritmi e le tecniche utilizzate nelle applicazioni. 

II. Smart Home and Industry: le applicazioni in questa parte della tesi sono focalizzate su lavori 
realizzati in collaborazione con aziende italiane coinvolte nella produzione, trasformazione o 
conservazione degli alimenti. Nel capitolo IV sono racchiuse applicazioni in forni (industriali e 
domestici) e frigoriferi per mostrare le potenzialità di questo tipo di dispositivi per seguire i processi 
di cottura e per monitorare la conservazione di alcune tipologie di alimenti a bassa temperatura. 
Nel capitolo V, invece, viene riportato un caso studio nell'ambito dell'Industria 4.0: l'utilizzo di un 
array di sensori per l'identificazione dell'aroma delle confetture di frutta per installare il dispositivo 
direttamente sulla linea di produzione dell'azienda. Infine, l'ultimo capitolo di questa parte è 
dedicato al riconoscimento delle miscele di caffè e del torrefattore in un macinacaffè facilmente 
reperibile nei bar. 

III. Controllo Qualità Alimentare: in quest'ultima sezione vengono inseriti i risultati ottenuti da 
diverse matrici alimentari. Con il Parmigiano Reggiano, l'obiettivo era addestrare la serie di sensori 
per distinguere tra confezioni di formaggio grattugiato conformi e non conformi. Con l'olio d'oliva, 
lo studio mirava a riconoscere l'olio DOP da olio non DOP e la distinzione geografica tra oli d'oliva 
DOP provenienti da diverse regioni. L'ultima matrice alimentare è la birra, con la quale sono stati 
eseguiti il comportamento di sensori non stabilizzati e il riconoscimento di birre non alcoliche e 
alcoliche. Infine, l'ultima applicazione riguarda la rilevazione e il follow-up dello sviluppo di 
Campylobacter jejuni in terreno di coltura e nel latte. 

Questo lavoro di tesi di dottorato riflette non solo l'ampia varietà di utilizzi e la flessibilità dei 
campi di applicazione dei sensori di gas MOX, ma anche l'immensa plasticità di questa tecnologia da 
sviluppare e adattare alle esigenze dei vari obiettivi applicativi. 
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I. Why an Electronic Nose? 
This chapter is divided into three sections. In the section Evolution of E-nose concept, the issues 

of the birth and development of sensors and electronic noses from the beginning to nowadays will 
be addressed. In the section Fields of application, few examples of the many different kind of 
applications of e-noses in the last decades are reported. Finally, in the section Aim of the research 
the goals of this research are stated. 

1. Evolution of the E-nose concept 

i. Sensors’ spreading 

Humans tend to create new technologies and to enhance existing ones for improving the lives 
of human beings: improving quality through illness prevention, aging delay, physical fatigue 
reduction, hygienic conditions progress, increased food production, and many other factors. One 
fundamental aspect in technologies development is inspiration, and the primary source of human 
inspiration is nature: this is called biomimicry. Indeed, biomimicry has been defined as “the science 
that studies nature’s models and then imitates or takes inspiration from these designs and processes 
to solve human problems” [1]. Several examples of this attitude can be mentioned: climbing pads 
capable of supporting human weight are a mimic of the biomechanics of gecko feet, or the first 
flying machine heavier than the air from the Wright brothers was inspired by flying pigeons, or 
Velcro that is born from the observation of the hooks implemented by some plants for the 
propagation of their seeds via animal’s coat. 

As the aforementioned examples, many observations and studies of the animal world have 
allowed to develop technologies to overcome human limitations and obtain information not 
perceivable with our five senses. One of the emerging and most widespread inventions of the last 
decades is that of the sensor. A sensor is defined as an electronic device that transforms a quantity 
of interest (which can be physical, chemical or biological) in an electronic signal; it is therefore a 
circuital component that connects the quantities measurable circuit (i.e. voltage, current, phase and 
frequency) with one or more environmental sizes. 

Nowadays, it is already settled that sensors have an immense effect on our daily lives, converting 
data sources into life-changing decisions. Every single part of our day is tracked with thousands of 
sensors (in our cars, smartphones, etc.), and the advantages that we can enjoy should be immense. 
However, the sensors themselves are not sufficient to provide answers to all our questions, but the 
sensors’ potential is at its maximum when they are part of more complex systems. They field of the 
integration of the sensors and systems to interact with is called "Internet of Things", best known as 
IoT [2]. Billions of sensors are now installed in a wide variety of networked physical objects, allowing 
the performance of various tasks, such as advanced healthcare applications that automatically 
control heart rate and drug intake, domotics, smart plant cares or acquisition of environmental 
parameters to predict weather or more accurate management of resources. The diffusion of the 
sensors was somehow predictable using the so-called "Moore's law". In 1965 Gordon Moore, the 
CEO and co-founder of Intel, posited a doubling every year in the number of components per 
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integrated circuit, and projected this rate of growth would continue for at least another decade. Ten 
years later, looking forward to the next decade, he revised the forecast to doubling every two years, 
a compound annual growth rate of 40% (Figure 1.1). Moore's prediction was used in the 
semiconductor industry to guide long-term planning, and advancements in digital electronics, such 
as the improvement of sensors are strongly linked to Moore's law. In addition, this prediction has 
been kept true until our days thank to the advent of metal oxide semiconductor technology, among 
other technologies. 

 

 
Figure 1.1. Moore’s Law: the number of transistors on integrated circuit chips from 1971 to 2018. (Image source: 

Wikipedia). 
 
Sensors are a control system’s window to the physical world. In this view, the design of sensors 

is driven by desired improvements on one or more attributes such as signal-to-noise ratio, reliability, 
safety, accuracy, response time, dynamic range, low cost, low power consumption, and size [3]. 
With this number of sensors in circulation and the increase in their number in the coming years, it 
has become indispensable to design complex systems capable of handling them. By themselves, 
sensors do not act as a network of interlinked ubiquitous objects also capable of effectively 
predicting various scenarios with defined processes or algorithms to manage the collected data. For 
this reason, different solutions have been developed both from the hardware and software point of 
view in order to create complete systems of sensors and artificial intelligence able to communicate 
the interactions of the sensor with the surrounding environment and allow to make quick, precise 
and effective decisions. These two essential parts will be deepened respectively in chapters 2 and 
3, especially with reference to sensors and machine learning algorithms used in this thesis. 

The signals to which the sensors are sensitive can be grouped into six classes: 
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• Mechanical: such as length, area, volume, angular velocity, mass, force, 
pressure; 

• Radiants: such as wavelength, polarization, phase intensity; 
• Electrical: including current, potential, resistance, inductance, capacity, 

dielectric constant, dipolar moment; 
• Thermal: including specific heat, temperature, heat flow, entropy; 
• Chemicals: concentration, composition, pH, reaction speed; 
• Magnetic: magnetic field strength, magnetic moment, permeability, flow 

density. 
Systems of sensors can include different types of sensors depending on the specific application. 

An example of new spreading systems are wireless sensors networks (WSNs). A WSN is a system 
comprised of radio frequency transceivers, sensors, microcontrollers, and power sources. WSNs 
have many advantages, like the monitoring of dangerous, hazardous, or remote areas and the 
reduction of maintenance complexity and costs. For these reasons, they are suitable to be applied 
in agricultural and food industry [4] employing different sensors typologies (pressure, temperature, 
and humidity sensors, position, velocity, acceleration and vibration measurements that have 
become easily accessible on the market). Or more, thin flexible pressure sensors can be employed 
to evaluate the pressure that can be generated when two bodies get in touch; they are useful in a 
wide range of applications such as computer peripherals, robotics, automotive systems and 
consumer electronics [5]. Yet, a technology used every day like navigation systems exploits 
magnetoresistive sensors [6], or magnetic steering wheel sensor LWS3 necessary to prevent vehicles 
from spinning [7]. In recent years, antenna and sensor communities have experienced a substantial 
convergence of radio frequency identification (RFID) tag antennas and sensors due to the 
momentum provided by IoT and cyber-physical systems. These types of sensors can find potential 
applications in structural health monitoring due to their passive, wireless, simple, compact, and 
multimodal nature [8]. To conclude this overview, it can be useful to mention a physical type of 
sensor, namely flow sensor that is required to measure the rate and direction of liquid and gas flows 
in various applications (determination of flow patterns [9], measurement of wall shear stress [10], 
viscosity [11], and density measurements [12]) and can be realized with different technologies like 
microelectromechanical (MEMS) one [13]. 

Among all the possible systems, the main object of this thesis will be the electronic nose (E-nose) 
or array of sensors, as described in the next paragraph. 

 

ii. E-nose birth and growth 

The first attempts to build a device that could simulate the function of human nose were 
performed at the early 1960s by R.W. Moncrieff. In his work entitled “An instrument for measuring 
and classifying odor” [14], Moncrieff studied three possible methods to be employed inside an 
instrument able to detect odors relying on results achieved in two researches in the previous 
decade: 1) the fact that the olfactory membrane absorbs odorant materials and that process is 
mainly one of physical adsorption [15]; 2) substances with different odors behave differently toward 
inorganic adsorbents like active carbon, silica gels, etc. [16]. The most promising method allowed 
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him to build a tool based on a thermistor coated with PVC as a sensitive material and to discover 
several analogies and similar performances between the electric device and the human nose. For 
these reasons he concluded his paper stating: “The instrument in operation behaves very much like 
a nose. It will suddenly catch, due to a favorable air current, a smell from a nearby open bottle of 
acetone or ammonia. It will respond to these with the bottle neck some way from its <<nose>>, 
such that their real smell at a similar distance from the human nose is not very strong”. 

Many other studies were carried on in the following years on the same topic, exploring 
alternative methods to catch information from odors, such as the measure of electrodes 
polarization in electrodes exposed to odorant molecules [17] or the contact potential changes on 
solid surface [18]. However, the first time the name “electronic nose” came out was in 1982, when 
Krishna Persaud and George Dodd published a paper entitled “Analysis of discrimination 
mechanisms in the mammalian olfactory system using a model nose” [19]. They started from the 
hypothesis that in mammals the discrimination of complex mixtures of odorant molecules, or 
volatile organic compounds (VOCs), is due to “tuned receptor cells organized in a convergent neuron 
pathway”. For that reason, they chose to employ not-specific odor semiconductor transducers 
arranged in a E-nose and found that the device responded to various odors in different ways. In 
addition, they stated that the use of three sensors could mimic the mammalian olfactory system at 
a gross level. In the same years, parallel researchers and similar results were obtained in Japan 
[20,21]. 

In the last 40 years, the first attempts to create a device that could mimic our nose are improved. 
Nowadays, the E-nose systems make use of an array of detectors, that can belong to one or more 
types of chemical sensors, such as metal oxide semiconductors, quartz crystal microbalances or 
conducting polymers, that provide a multi-dimensional response when in contact with VOCs. The 
ideal properties of a material to be employed in “olfactory” tasks should be the following [22]: 

• high sensitivity to chemical compounds; 
• low sensitivity to humidity and temperature; 
• high selectivity; 
• high stability; 
• high reproducibility; 
• high reliability; 
• short reaction and recovery period; 
• robust and durable; 
• easy calibration; 
• small dimensions. 

Then, from sensors a change in one of their intrinsic characteristics should be revealed (for 
example, voltage, current, resistance, phase change etc.). All these parameters are read and 
preprocessed by specific electronic circuits, then they are delivered to the unit that deals with the 
pattern recognition and sensors’ training. The delivery of data from sensors can happen in various 
ways: locally (integrated in the electronics of the system or connected to a computer with an USB 
cable) or through the use of Internet exploiting the IoT technology diffusion. In each of the two 
cases, there should be a dedicated functionality that stores and manages data (feature extraction 
from the signals, feature selections if necessary, training of the algorithm for the pattern 
recognition). Undoubtedly, the high availability of computing power in the servers of companies 
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offering services of this type has favored the development of infrastructure that aims to send data 
to the cloud to be processed and then deploy the trained model either via the Internet or locally on 
the device of interest. Finally, the presence of a sampling system is crucial: it transfers the VOCs 
from the sample to the E-noses detection system through valves, air pumps for sampling and 
cleaning. In Figure 1.2 a generic schematic of an E-nose is depicted. 

 
Figure 1.2. Generic schematic of an E-nose. 

 

2. Fields of application 

Since its birth, E-nose has received considerable attention for its potentialities; it has been 
applied in various fields and research continue to increase. Looking at the number of papers 
regarding this topic in Figure 1.3, it is possible to get an idea of how many efforts have been made. 
This success is mainly due to the versatility of the device since the adoption of different sensors 
allows to change the field of application. Below are proposed the main fields of application in recent 
years. This list does not represent an exhaustive list of all possible fields of applications currently on 
the market, but only pretends to highlight the most widely used and representative ones. 
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Figure 1.3. Trend of published papers on E-nose topic. 

 

i. Environment 

One of the emerging topics in recent years is the environmental care, with the aim to reduce the 
presence of pollutants in water, air, and land. E-nose systems are theoretically capable of tracking 
all phases of industrial manufacturing processes in order to mitigate the production of toxins and 
maintain efficient, clean production lines. E-nose are also useful in the construction of 
environmentally sustainable renewable energy processing technologies, various industrial 
processes, and food manufacturing systems. Examples of this application scenario are the use of an 
array of sensors to detect the presence of microorganisms in water to assure if it is potable or not 
[23], the pollution-detection of atmospheric pollutant such as carbon emissions from biofuel 
production plants and fossil-fuel production sources in the oil and gas industry or VOC-releases from 
numerous other industries [24], the identification of woody hosts of forest pathogens based on 
analysis of volatiles from decayed or diseased wood [25], the sensory approaches to improve the 
understanding of the fate of odorous emissions during odor abatement [26], investigation on 
classification of atmospheric air samples collected in a vicinity of municipal landfill with respect to 
their odor nuisance [27], etc. 

Recently, there are many studied applications in the field that exploit the mobility and ease of 
use of drones with sensors on them. Recent developments in miniaturization of chemical 
instruments and low-cost small drones are catalyzing rapid growth in the usage of such platforms 
for environmental chemical sensing applications. The versatility of chemically sensitive drones is 
reflected in their rapid adoption in science, industrial and regulatory sectors, such as atmospheric 
analysis, industrial pollution monitoring and implementation of environmental regulations (Figure 
1.4) [28]. For example, in the waste management industry, operators of solid waste landfills and 
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wastewater treatment plants are currently experimenting with drones with gas detectors to reduce 
the costs and dangers of walkover surveys using hand-held detectors [29] or drones are useful for 
atmospheric chemistry analysis because they can tightly analyze atmospheric regions that were 
historically difficult to reach using current methodologies [30]. 

 

 
Figure 1.4. Examples of application of drones with chemical sensors. 

 

ii. Health 

The improvement of human conditions in terms of health passes from the care of the 
environment in which we live, our lifestyle and the possibility of healing ourselves when we become 
ill. One important step of modern medicine is the possibility to perform early diagnosis in order to 
prevent the spreading of the disease and the debilitation of the physical. The technological 
development allows today to do a monitoring action not only in the clinic or in the hospital, but also 
from home. This practice is called telemedicine and is part of a new discipline known as e-health. E-
health is the complex of resources, solutions and network information technologies applied to 
health and healthcare. There are several sensors that can be used and are summarized in Figure 1.5: 
from the kinetics of human body (accelerometer) to vital parameter monitoring (temperature, 
glucose sensor, blood pressure sensor, ECG, EMG) to analysis of body fluids just like breathing. 

Among the tools that fall into the category of e-health, e-noses have been developed to detect 
different pathologies. One example is the analysis of breath. Several studies support that the lung 
cancer modifies human breath. However, it is known that many other diseases can alter the breath 
composition. In reference [31] an experiment, performed in the bronchoscopy unit of a large 
hospital, aimed at discriminating between lung cancer, diverse lung diseases and reference controls. 
Results show not only a satisfactory identification rate of lung cancer subjects but also a non-
negligible sensitivity to breath modification induced by other affections. Another fluid that can be 
analyzed is urine [32-34] to detect different pathologies. Indeed, in [32] the headspace of urine 
samples was measured for the detection of bile acid diarrhoea, while in [33,34] e-nose were 
employed to individuate urinary tract infections. Finally, some studies have been performed on skin 
to identify humans skin odors with a wearable array of gas sensors [35] and the difference between 
infected and non-infected wounds [36]. 
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Figure 1.5. Sensors application for body parameters monitoring. 

 

iii. Food 

The food filed is central topic of this thesis. For this reason, before the description of the 
activities carried on during the Ph.D., a brief introduction to the possible applications in this field is 
provided. As shown in Figure 1.6, the potentialities of E-noses are vast: indeed, it is possible to 
analyzed from fruit/vegetables to coffee/cereals, from meat to fish, from dairy to bakery products. 

 

 
Figure 1.6. E-nose applications in food field. 
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One of the main reasons behind this type of analysis is related to the safety aspect of the food 

ingested. A 2013 study showed that in the decade 1998-2008 more than 9.6 million people in the 
U.S. had a disease related to incorrect food intake [37]. Many studies were performed to individuate 
the presence of toxins in coffee or tea, the freshness of meat and fish [38], the alcohol in wine 
samples [39], or the thermal degradation of oil [40]. Many other examples could be brought; below 
is a non-exhaustive list of the most interesting ones:  

▪ the detection of microorganisms in tomato sauce [41] and of different molds 
in coffee [42];  

▪ the determination of the shelf life of milk [43]; 
▪  the detection of additives in fruit juices [44];  
▪ the identification of fruit [45]; 
▪  the discrimination of cheese varieties [46,47]. 

As we will see in the following chapters, many of these food matrices have been considered for 
the analysis conducted with our device. 

 

3. Aim of the research 

This research aimed to applied E-nose devices (described in the following chapter) in the food 
field. Mainly, two categories of applications can be distinguished. The first typology includes 
feasibility studies made in collaboration with Italian companies. These studies focused on different 
steps of the food along the food chain. Two of the five projects presented are related to the 
conservation and the processing of foods at home, respectively with fridges and ovens. These two 
topics are really interesting in the view of smart home and IoT since the employment of arrays of 
sensors could allow to automatize the process, give precise information, and reduce the food waste. 
Indeed, sensors inside oven could reveal the state of cooking of food and stop the cooking process 
before the food itself becomes burnt or leaving a human task to a machine saving us time. On the 
other hand, the application inside fridges allows to know in advance when a food will be spoiled in 
order to eat it before that deadline. The other three application, instead, are linked to the Industry 
4.0 and smart devices distributed inside pubs/bars or, in general, malls. The project near the 
Industry 4.0 field concerns the application of an array of sensors in the production line of a company 
that produces jams and marmalades with the aim to find possible sources of contamination (yeasts 
and molds) and avoid the delivery of contaminated products. The other feasibility study regards 
industrial ovens; in many ways it is a similar project to the previous one but the approaches and 
objectives to be achieved were different, and the results achieved were different. Finally, the E-nose 
applied to a coffee grinder have given such encouraging results that the project has been developed 
and will conclude with the realization of a prototype of a smart coffee grinder to be employed in 
bars/pubs to avoid the use of incorrect coffee from the economic and safety point of view. 

The second typology of application relies on the Food Quality control. In this last section of this 
thesis, the results obtained from different food matrices are inserted. One of the longest studies 
regards the Parmigiano Reggiano cheese; the aim of this research included the training of the array 
of sensors to distinguish between compliant and non-compliant grated cheese packs. In addition, 
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other properties of the grated cheese were detected such as seasoning degree and working process 
of the rind in order to customize an E-nose able to recognize counterfeited products on the market. 
With olive oil, the study aimed to recognize PDO oil from non-PDO oil and the geographical 
distinction between PDO olive oils from different regions: in particular, extra virgin olive oils produce 
on the opposite shores of the same lake. The last food matrix is beer, with which the behavior of 
not stabilized sensors and the recognition of not alcoholic and alcoholic beers were performed. This 
research allowed to study the drift of sensors and their behavior in a real application scenario that 
led to develop a machine learning hybrid method. Finally, the last application regards the detection 
and follow up of the development of Campylobacter jejuni in culture media and milk. C. jejuni is one 
of the pathogens that causes foodborne illness, so it is important to have a rapid method and device 
that can reveal the presence of the microorganisms inside contaminated food and avoid human 
ingestion.  
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II. MOX Sensors 
In this second chapter, among the class of chemical sensors, MOX sensors are described in terms of 
their general functioning and the typologies employed throughout this 3-year Ph.D. period. Finally, 
the last section before Bibliography describe an analytical technique (GC-MS) used to interpret 
better the S3 device results.  

1. Employed MOX sensors 

Conductometric gas sensors based on semiconductor metal oxides (MOX) are among the most 
promising solid state gas sensors due to their high sensitivity to a large variety of chemicals, reduced 
size and weight, low power consumption, compatibility with silicon technology, the prospect of 
manufacturing these devices using inexpensive techniques consistent with industrial scaling, such 
as sputtering or scaling. The conductometric gas sensors, or chemoresistors, transduce the presence 
of a chemical substance in the environment by modifying their intrinsic properties. In this thesis, 
changes in the resistance of the sensing materials will be considered. Therefore they belong to the 
category of chemical sensors, defined by IUPAC in the following way: “a chemical sensor is a device 
that transforms chemical information, ranging from the concentration of a specific sample 
component to total composition analysis, into an analytically useful signal. The chemical 
information, mentioned above, may originate from a chemical reaction of the analyte or from a 
physical property of the system investigated” [1]. 

The electrical properties of MOX are modulated by red-ox interactions with adsorbent gaseous 
molecules. Particularly, a class of active species, such as O–, O2–, O2–, OH, has been known as the 
active centers responsible for these red-ox reactions [2]. These species surround the surface of the 
oxide with its relative population, depending on the temperature of the oxide and the ambient 
composition [3]. 

In the standard temperature range of metal oxide chemoresistors (200–500°C), O2− ions are the 
most common at low temperatures (below 300–350 ° C), although higher temperatures favor the 
dissociation of molecular oxygen into atomic oxygen ions O–. From an electrical point of view, as 
the semiconducting oxide is exposed to air, the absorption of water and/or oxygen from the 
atmosphere changes the composition of the substance on the surface with respect to the bulk. 
Chemisorption, involving the movement of electrons between the conductor of the semiconductor 
and the adsorbed atom/molecule, is the particular type of adsorption responsible for the creation 
of an active ion population on the oxide surface and the resultant band bending [4]. 

In n-type semiconductors, such as SnO2, WO3 or ZnO, such upward bending would lead to an 
increase in conductivity, while the opposite situation characterizes p-type semiconductors, such as 
CuO or NiO. The further association of gaseous molecules with the above-mentioned active ions 
modulates their population over the semiconductor surface and hence the electrical properties of 
the substance. According to this process, the gas reduction, such as CO and hydrocarbons, is 
oxidized by interacting with oxygen ions and their population decreases over the surface of the 
oxide, thus increasing the substrate conductivity (for n-type semiconductors). 
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Oxidizing molecules, such as NO2 and O3, are diminished by the contact with the oxide surface 
and, as a result, the oxygen ion population increases as does the substrate resistance (for n-type 
semiconductors). 
 

i. Properties of MOX sensors 

In the presence of a rise in the concentration of gas, the working theory of this technology states 
that there is a change in electrical conductivity (Δσ) and thus a change in resistance (ΔR), for which 
the measured parameter in this case is the resistance of the sensor, R. In other words, the concept 
on which MOX is based consists of a change in the conductivity of metal oxide in the presence of 
volatile compounds relative to the value inferred by the same conductivity in reference conditions.  

The transition is due to a reversible reaction between the odor and the oxygen species adsorbed 
on the surface of the semiconductor as O2- and, in particular, O-. If adsorbed on the surface of the 
sensor, the superoxide ion creates an area of space charge and a potential barrier at the edges of 
the sensor that is opposed to electrical conduction; thus, when the sensor is in the air, the 
concentration of oxygen is high and the substance is distinguished by a high resistance (maximum). 
Instead, as the sensor comes into contact with the gas reduction, these species are able to interfere 
with the reactive oxygen species found on the surface and thus reduce the resistance of the sensor 
to the current flow. In case of interaction with oxidant chemical compounds, an opposite reaction 
will occur. A scheme of the functioning is shown in Figure 2.1. 

 

 
Figure 2.1. Functioning scheme of MOX sensors. 

 
This signal is dependent on a multitude of factors such as the exposure method, the chemical 

nature and the concentration of the mixture of gases, the kinetics of diffusion and reaction between 
the smell and the active material (that depends from the operating temperature of the sensor), the 
physical and chemical properties of the materials constituting the sensor, and the environmental 
conditions such as temperature and relative humidity. 
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Depending on the type of MOX sensors, there are two possible way to respond in terms of 
resistance variation as shown in Figure 2.2. In the upper part of the figure, there is the signal relative 
to a tin oxide sensor exposed to a mixture of VOCs; in the lower part, the signal of a copper oxide 
sensor analyzing the same mixture. There are two min phase distinguishable: the analysis with the 
variation of resistance depending on the considered material and the baseline recovery with the use 
of clean ambient air. 

This type of sensors is not specific to a target molecule or a class of compounds; indeed, the 
sensitivity of one sensor could be higher toward one class of compounds and lower to another one. 
This consideration can be applied to different sensing materials; hence, it is the main reason to the 
utilization of an array of sensors to analyze a mixture of VOCs. 

 

 
Figure 2.2. Typical responses of SnO2 and CuO sensors. 
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ii. MOX technologies 

There are many kinds of MOX sensors in the market and the applications are really wide. The 
two kinds of MOX sensor treated in this PhD thesis are RGTO (rheotaxial growth and thermal 
oxidation) and NW (nanowire). 

RGTO technique is a technique based on sputtering [5,6], a thin film technique [7], but it is ideal 
for creating a monolayer of oxidized droplets with a high surface-to-volume ratio. The RGTO 
technique consists of two levels of deposition: first the preparation of a metallic thin film by DC 
magnetron sputtering from a metallic target onto a substrate held at a temperature greater than 
the melting point of the metal, then the thermal oxidation step in order to produce a metal oxide 
coating with stable stoichiometry. The sensor unit is then completed by depositing Pt interdigitated 
electrodes over the oxide layer, while the Pt meander, serving as both a radiator and a temperature 
probe, is deposited on the back of the substrate. 

MOX sensors in the form of NWs are interesting for their particular morphology and their 
extraordinary crystalline characteristics. The crystallinity guarantees a high surface-to-volume ratio 
required to optimize surface-related properties, such as those regulating the concepts of chemical 
sensing transduction, while the latter guarantees robust crystallinity and thus electrical properties 
over long-term activity., i.e., a required quality for an industrial application of any kind of sensor in 
real environments. Different experimental approaches can contribute to the creation of these quasi-
one-dimensional structures. There are two major categories which can be distinguished: top-down 
and bottom-up technologies. The former continues with bulk structures, reducing them to 
nanometric measurements, usually with lithographic techniques, while the latter require direct 
assembly in the desired morphology, which can be achieved from the vapor or liquid phase. At the 
outset, the research centered on steam phase methods that generated, with cheap 
instrumentation, high-quality nanostructures in terms of crystallinity and stoichiometry. The 
deposition was done using evaporation and powder condensation in controlled conditions using a 
particular experimental setup. Tin oxide was favored over other oxides due to its well-known 
chemical sensing properties and simple preparation conditions, but indium and zinc oxide were also 
studied [8–13]. The experimental procedure consists of the evaporation of the powder (metal or 
metal oxide) at high temperatures in a controlled atmosphere at a pressure of less than a hundred 
millibars and the subsequent mass transport of the vapor to the substrate maintained at lower 
temperatures with respect to the source evaporation region. Different temperatures lead to a 
different NWs structure as in Figure 2.3 where temperature varies from 700°C to 830°C. 

 
Figure 2.3. Effect of the temperature on the structure of NWs. 
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An inert gas like argon is used for mass transport in order to prevent unwanted reactions to 
oxide vapor. Critical variables are the distance between the source and the substrate and the 
temperature gradient that regulate the supersaturation conditions in the vapor phase that induce 
condensation in the desired morphology. 

In the Figure 2.4, there is a scheme of the sensor architecture produced by Sensor Laboratory. 
It is possible to see the interdigitated platinum electrodes (gray) that allow to read the resistance 
variation of the sensors when the reaction with VOCs is in progress, the actual sensing material 
(black), the alumina substrate for the deposition of the MOX material since alumina has a poor 
electrical conductivity, the platinum heater that allow sensors to reach their working temperature, 
and the gold-coated support (namely T0-39) that which keeps the sensor suspended thanks to four 
gold wires. 

To conclude this section, most of the properties of the described sensors match those ideal ones 
described in chapter 1. 

 
Figure 2.4. Scheme of the sensor architecture. From top to the bottom: two interdigitated platinum electrodes (gray), 
the sensing material (black), alumina substrate (yellow), platinum heather (gray), gold-coated support (TO-39) package 

(brown). 
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2. S3 device components 
Sensors were chosen for each application, as it will be described in the following chapters. They 

were installed on the S3 device, an acronym that stands for Small Sensor System. The device has 
been designed and built by Nasys S.r.l. Nasys is an innovative start-up born in the University of 
Brescia and founded in October 2016. The purpose of NASYS is to develop and market innovative 
products and services with high technological value, and more specifically to develop, produce, 
manage, and market nano-chemical sensors and systems of high-tech sensors based on 
nanotechnology and advanced materials.  

S3 is composed of three essential parts: A) sensors chamber, B) fluid dynamic circuit for the 
distribution of volatile compounds, C) system control electronics and D) dedicated Web-App. 

 
A. Sensor chamber 
The sensors are housed inside a steel chamber isolated from the external environment with the 

exception of an inlet and an outlet for the passage of volatile compounds. In addition to the MOX 
sensors, there is a temperature and humidity sensor and a flow sensor necessary to check that these 
three parameters remain within an acceptable range of values for the successful outcome of the 
analyzes. The use of steel as a material for the construction of the chamber is necessary to prevent 
the adsorption of volatile substances that could be released during the measurement. Figure 2.5 
shows the chamber in which the sensors are housed. The dimensions of the chamber are 11 x 6.5 x 
1.3 cm. On the 11 cm and 6.5 cm sides, 6 and 5 positions have been obtained respectively: 10 
positions available for the use of sensors produced by Nasys and Sensor Laboratory and one for the 
temperature and humidity sensor. In this way, the gas sensors face each other on the shorter side 
of the chamber. This arrangement allows the flow entering the chamber to touch the surface of the 
sensors uniformly and parallel to the face of the sensor itself, so that the response of the latter is 
not affected by fluid dynamics problems (for example turbulence) or by non-arrival/excessive 
exposure of the volatile molecules of the sample under examination.  

Therefore, the variability of the sensor responses is essentially linked to the diversity of the 
samples analyzed. The positions of the sensors in the chamber can be identified externally from the 
board on which they are soldered, which can be green or yellow as shown in Figure 2.3. The board 
is screwed to the chamber with three screws; on its surface the four sensor contacts are visible (two 
for the heater and two for the sensitive part) and a black connector to which the flat cables 
connected to the electronic boards are connected. The hole that allows the sensor to enter the 
chamber is a through hole in which there is an O-ring that prevents air leaks between the chamber 
and the surrounding environment. 

 
B. Fluid dynamic circuit 
The fluid dynamic circuit consists of a pump (brand: Knf, model: NMP05B), polyurethane pipes, 

a solenoid valve and a metal cylinder containing activated carbon for filtering possible interfering 
odors present in the environment. The pump flow is regulated by a needle valve placed at the 
chamber inlet; the optimal flow range is between 50 and 150 sccm (standard cubic centimeters per 
minute). A Honeywell ZephyrTM Digital Air Flow Sensors HAF Series-High Accuracy flowmeter is 
used to check if the flow is within the correct range. 
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Figure 2.5. Chamber in which the sensors are housed inside the S3 device. 

The polyurethane is used to avoid the absorption of volatile compounds that could be 
subsequently released, affecting subsequent measurements. The dimensions of the tubes used in 
the S3 device are 4 mm for external diameter, 2 mm for internal diameter. The electrically operated 
solenoid valve allows the flow of ambient air filtered with activated carbon to be diverted to the 
chamber (essential for creating and maintaining the sensor baseline) or the flow coming from the 
headspace of the sample under analysis. The headspace is the volatile fraction of the sample that is 
formed when the equilibrium between the solid/liquid phase and the vapor phase is reached. 

C. Control electronics 
The electronic boards, in particular, make it possible to acquire the resistances of the sensors, 

the correct heating of the sensors themselves to their operating temperature and the sending of 
data to the Web App dedicated to the S3 device through an Internet connection. In addition, it 
allows communication and synchronization with an autosampler. This is an autosampler of the 
company HTA S.r.l. (model HT2010H) which allows you to prepare batches of 42 samples per 
measurement session. This allows on the one hand to proceed faster with the analyzes, on the other 
hand to standardize the preparation of the sample by keeping constant variables in the analysis 
process that can significantly influence the results, such as conditioning time and temperature.  
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The electronics then manages the switching on and off of the LEDs available on the outside of 
the device. The LEDs indicate the states in which the S3 can be found as shown in Figure 2.6. The 
yellow one in the upper left side indicates that the pump is working correctly; the green LED informs 
that the connection with the server is ready; the last two LEDs in the bottom say what the S3 is 
analyzing (VOCs and ambient air). In Figure 2.7 the usual set-up of instruments used in the analysis 
is shown: an S3 connected with its autosampler electrically and from the point of view of fluid 
dynamics. 

 

 
Figure 2.6. Front interface of the S3 device with the LEDs on. 

 

Figure 2.7. S3 + autosampler system. 
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D. Web Application 
The Web-App is structured in two sections. The first is that of "Projects", within which the 

measurement sessions performed are set and saved; the second is that of "Graphs", in which it is 
possible to graph the trend of the sensors over time, perform univariate and multivariate 
statistical analyzes (box plots, scatter plots, PCAs) and use artificial neural networks (ANN, artificial 
neural networks) as artificial intelligence algorithms. In Figure 2.8 it is possible to see screenshots 
of the sections of the Web-App. 

 

 
Figure 2.8. Principal section of Web-App: in A) projects and labels, in B) graphics. 

3. Gas Chromatography with Mass Spectrometry 
In parallel with sensor’s analysis, the Gas Chromatography with Mass Spectrometry (GC-MS) 

technique has been used in many applications. This kind of analysis was done to understand the 
molecular reason behind the responses of the sensors. It is a classical chemical technique used to 
get the name of the compounds that characterize a sample. It is made of two part: the gas 
chromatograph separates the compounds present in the sample while the mass spectrometer 
functions as a detector. In addition, this technique has been performed coupled with the soli phase 
micro-extraction (SPME) method. The SPME is a sampling technique that involves the use of a fiber 
coated with an extracting phase, that can be a liquid (polymer) or a solid (sorbent) [14], which 
extracts different kinds of analytes (volatile and non-volatile) from liquid or gas samples [15]. 
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The GC used during the analyses was a Shimadzu GC2010 PLUS (Kyoto, KYT, Japan), equipped 
with a Shimadzu single quadrupole MS, MS-QP2010 Ultra (Kyoto, KYT, Japan), and an autosampler 
HT280T from HTA company. The fiber used for the adsorption of volatiles was a DVB/CAR/PDMS 
50/30 μm (Supelco Co., Bellefonte, PA, USA). The fiber was exposed to the headspace of the vials 
after heating for a certain time optimized for each application, with the aim of creating the 
headspace equilibrium. The length of the fiber in the headspace was kept constant at 13 mm. The 
gas chromatograph was operated in the direct mode throughout the run, with the mass 
spectrometer in electron ionization (EI) mode (70 eV). GC separation was performed on a MEGA-
WAX capillary column (30 m × 0.25 mm × 0.25 μm, Agilent Technologies, Santa Clara, CA, USA).  

The GC temperature program is described in each chapter where this technique was employed. 
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III. Machine Learning 

1. The importance of pattern recognition 
The issue of searching for patterns in data has been fundamental for about 500 years. For 

instance, the three laws enunciated by Johannes Kepler are an interesting example. Kepler inherited 
from Tycho Brahe a large amount of the most precise data ever collected on the positions of the 
planets. The actual issue was to make sense of them: indeed, the orbital movements and other 
planets were seen from the point of the Earth. This makes the planets seem to move by drawing 
strange curves. Kepler, unlike Tycho Brahe, supported the heliocentric model of the solar system 
and for twenty years he tried to make sense of its data and, finally, he succeeded. 

Nowadays, the area of pattern recognition concerns the automated detection of data 
regularities by the use of computer algorithms (from here the use of machine learning) and the use 
of these regularities to take action, such as classifying data into various groups or estimating a 
constant value of a magnitude of interest. 

The consequence of running the machine learning algorithm can be represented as a function 
that uses the new data X as input and produces the output vector y, encoded in the same way as 
the target vectors. During the training process, the precise shape of the function is calculated on the 
basis of the training dataset. If the model has been conditioned, the identity of new unknown data, 
also called the test set, can be calculated. The ability to properly categorize new instances that differ 
from those used for instruction is known as generalization. In functional implementations, the 
uncertainty of input vectors would be such that training data will contain only a small fraction of all 
potential input vectors and thus generalization is a key objective. 

In most practical implementations, the initial input variables are normally pre-processed to 
transform them into a new vector space where the task of pattern recognition might be simpler to 
solve. The pre-processing stage is often referred to as the extraction feature [1].  

There are two different types of approaches to data depending on the availability of the labels’ 
information. The first type is called supervised learning since the training data comprises examples 
of the input vectors along with their corresponding target vectors. The second type is called 
unsupervised learning because the training data consists of a set of input vectors without any 
corresponding target values. The goal in such unsupervised learning problems may be to discover 
groups of similar examples within the data (clustering) or to determine the distribution of data 
within the input space (density estimation) or to project the data from a high-dimensional space 
down to two or three dimensions for the purpose of visualization, such as Principal Component 
Analysis. 

In this chapter, the main methods and algorithms used in my research activities are described, 
from data pre-processing to classification tasks. To do this, I used mainly Matlab® R2015a/R2019b 
software (MathWorks, USA) and Python programming language. In Matlab environment, dedicated 
functions for arranging S3 data in proper structures were created and useful toolboxes for 
supervised and unsupervised analysis were employed. 
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2. Pre-processing and feature extraction 
In chapter 2, a typical trend of two sensors was proposed. It is useful to propose it again here to 

make clearer the following descriptions (Figure 3.1): normalized resistance over time. The 
normalization is the first step in many applications: it consists in dividing the signal for the first value 
of acquisition and allows to counteract the possible baseline drift. The following equation explains 
this operation, where R is the resistance acquired over time t and T is the length of the measure in 
seconds; the value R(t=1) will be called R0. 

𝑅𝑛𝑜𝑟𝑚(𝑡) =
𝑅(𝑡)

𝑅(𝑡 = 1) , ∀𝑡 ∈  {1,2, … , 𝑇} 

 
Figure 3.1. Typical trends of SnO2 and CuO sensors. 
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The second step in the pre-processing phase is the signal smoothing (if necessary). In some 

applications, and therefore experimental conditions, it happens that the signal may be noisy; that 
could lead to extract low-informative data. Consequently, it is necessary to make the signal 
smoother. During my activities, I made use in particular of the Savitzky–Golay filter. It is a digital 
filter that exploits the convolution operation, by fitting successive sub-sets of adjacent data points 
with a low-degree polynomial by the method of linear least squares. The method is based on 
established mathematical procedures since 1920s [2], but it was popularized by Abraham Savitzky 
and Marcel J. E. Golay in 1964 [3]. 

Once the signal has undergone these passages, the next step is the extraction of useful 
information, also known as features. From 1D signal like those of sensors, several interesting 
parameters can be calculated. Below, there is a list of the most used in my research activities. As an 
explicative example, the tin oxide sensor will be considered; all the considerations can be applied to 
CuO sensors too, having in mind its opposite behavior when exposed to the same VOCs. 

1. Resistance variation respect to the first value. It is calculated making the difference between 
the first value and the minimum value reach during the phase when the sensor is exposed to 
analytes. If the difference is calculated after signal normalization, the result is the percentage 
variation of the resistance (Figure 3.2). This parameter will be called from here on ΔR/R0. 

 
Figure 3.2. ΔR/R0 parameter. 
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2. Mean value of resistance. It is the mean value of the vector containing the resistances samples 
during the analysis time of the gases. 

3. Integral. It represents the area under the curve. Since the area changes because of many 
factors, such as the minimum value reached, the speed of resistance variations and the shape of the 
signals, it is a useful parameter that synthesize many aspects of the signal itself. It can be calculated 
both on the time interval relative to the analysis of VOCs (in blue in Figure 3.3) or the total length of 
the measure (blue + purple). Indeed, during the phase where the baseline is restored, the speed at 
which the resistance tends to return to the original value can change and therefore the area under 
the signal, extracting information from the desorption phenomenon that happens over the sensing 
material. 

 
Figure 3.3. Integral features: in blue, the area during the analysis phase, in purple, the area during baseline restore. 

 
4. Fall time. It is a parameter taken from the field of electric signals and give information about 

the time necessary for a bilevel signal to go from the 10% reference level to the 90% reference level. 
5. Derivatives and their minimum or maximum values. The derivative is a mathematical 

operation that indicates the rate of change of a dependent variable respect to the independent 
variable. In this case, the absence of analytical functions involves an approximation of the concept 
of derivative using the finite differences, i.e. the difference between the values of two consecutive 
points. Applying this operation for the first time over the signal, you get the equivalent of the first 
derivative; applying it twice, the second derivatives. From these new signals the minimum and/or 
maximum values can be taken as features. 
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Depending on the applications, and therefore on the output signals, it can be decided to extract 
one or more parameters to obtain the greater possible amount of information. In each of the 
applications described in this thesis, it will be highlighted with feature or group of features was 
considered. 

 
Figure 3.4. Fall time parameter. 

 

3. Statistical tools 

Apart from the plot of raw data to observe the trend of the signals, some statistical tools are 
very useful prior to machine learning algorithms applications. The most recurrent ones are the 
following: 

1. Box plots, also known as box and whisker diagrams, graphically describe a data distribution 
using five representative values of the distribution itself: the minimum, the first quartile, the 
median, the third quartile and the maximum of the distribution. The lines connecting the first 
quartile with the minimum and the third quartile with the maximum are called "mustache" and 
indicate the degree of symmetry of the distribution: the more similar the length of the two 
mustaches, the more symmetrical the distribution is. Finally, the box plots also indicate if some 
measure represents an outlier, that is a value distant from the rest of the distribution. In Figure 3.5 
is shown an example of the diagram described. A different representation of the box plot includes 
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the presence of a notch at the median; if the notches of two box plots do not overlap graphically, 
we can conclude that the medians are different with 95% confidence [4]. Box plots can be used to 
see how features distribute considering the target classes: if the boxes do not overlap, the feature 
is helpful in the discrimination task, otherwise it can be discarded. 

 
Figure 3.5. Box plot and its parameters. 

 
2. ANOVA, that is an acronym that stands for Analysis of Variance, is a statistical technique 

belonging to the inferential statistic. The purpose of one-way ANOVA is to determine whether data 
from several groups have a common mean. It enables to understand if there is a significant 
difference, but do not indicate which groups are different from the others. The results of the 
variance analysis are usually presented using a table. An ANOVA table includes different values, but 
the most important is the p-value. The p-value is used to verify the validity of the null hypothesis 
that all the averages would be equivalent. Generally, it is chosen as threshold the value 0.05; if the 
p-value is lower it means that there is at least one group that differs from the others. 

3. Tukey's HSD (honestly significant difference) test is a statistical test that perform a single-step 
multiple comparison in order to find groups that are significantly different from the others. To be 
applied, three requirements must be satisfied: a) independence of observations, b) normal 
distribution of the groups, c) homoscedasticity. 
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4. The requirement b) of the previous point can be evaluated using the Jarque–Bera test. It is a 
goodness-of-fit test of whether sample data have the skewness and kurtosis matching a normal 
distribution. 

4. Machine learning techniques 

i. Principal Component Analysis (PCA) 

PCA is a technique of multivariate analysis that is used for dimensionality reduction, lossy data 
compression, feature extraction, and data visualization [5]. In PCA, the aim is to represent the n-
dimensional data in a lower-dimensional space. This will reduce the degrees of freedom, reduce the 
space and time complexities. The goal is to represent data in a space that best describes the 
variation in a sum-squared error sense [6]. This is what can be extracted from the first definition 
given by Hotelling: PCA can be defined as the orthogonal projection of the data onto a lower 
dimensional linear space, known as the principal subspace, such that the variance of the projected 
data is maximized [7]. Furthermore, there is an equivalent definition that was stated by Pearson and 
it said that PCA can be defined as the linear projection that minimizes the average projection cost, 
defined as the mean squared distance between the data points and their projections [8]. To 
summarize, PCA involves evaluating the mean M and the covariance matrix S of the dataset and 
then finding the N eigenvectors of S corresponding to the N largest eigenvalues [9]. In Figure 3.6 the 
steps necessary to the calculus of the eigenvectors for the lower-dimensional space are presented. 

For the purposes of this work, PCA was employed to visualize how data cluster in the score plot 
and to select the sub-set of features that could lead to better performances. Feature selection can 
be performed looking at the loading plot. The loading plot is a graph where it is evident the 
contribution of the original variables to the principal components (PC). Hence, if a feature makes a 
low contribution on one or more PCs (based on how many have been considered) it can be 
discarded. Another way to discard the original parameters of the dataset is to look at how the 
parameters cluster in the loading plot: if they are near they bring the same information and there 
are redundant variables; hence, one feature can be chosen as representative of the whole cluster. 
The last check that can be done regards the position of one variable respect to the others: indeed, 
as PCA calculus has been defined, if two loadings form an angle of 90°, they are unrelated. In Figure 
3.7 there is an example of biplot, i.e. a plot that contains score and loading plots: the empty circles 
are the observations, the arrows indicate the loadings. 

In addition to PCA, two “similar” techniques have been employed since they present some 
advantages as described below. 
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Figure 3.6. PCA calculus. 

  

 
Figure 3.7. PCA biplot: circles represent observations, arrows the loadings. 
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ii. Linear Discriminant Analysis (LDA) 

LDA is a technique similar to PCA. LDA easily handles the case where the within-class frequencies 
are unequal; this method maximizes the ratio of between-class variance to the within-class variance 
in any particular data set thereby guaranteeing maximal separability [10]. There are two main 
differences between PCA and LDA: the first one is that PCA does more of feature classification and 
LDA does data classification; the second one is that in PCA the shape and location of the original 
data sets changes when transformed, while LDA doesn’t change the location but only tries to 
provide more class separability and draw a decision region between the given classes. In Figure 3.8 
there is a visual explanation of the main difference between the methods. 

LDA has been frequently used to analyze data collected from E-nose, but also E-tongues (devices 
that mimic the functioning of human tongue) [11]. Particularly, it is important to highlight some 
applications that may be linked to the topics of this thesis. Actually, in many food field applications 
LDA has been employed, mainly for its simplicity of application. For example, it was used to analyze 
data collected from Sauvignon Blanc wines [12], citrus juice [13], wheat storage [14], eggs at chilled 
or room temperature [15], pork meat freshness [16], etc. 

 

 
Figure 3.8. Difference among PCA and LDA methods. 

 

iii. Partial Least Square (PLS) with Discriminant 

Analysis 

PLS is a statistical method that combines features from Principal Component Analysis (PCA) and 
multiple regression (MR) [17]. PCA is a statistical method that uses an orthogonal transformation in 
order to pass from the variable space X to PC to reduce the number of variables to obtain a better 
representation of data. In addition to this, in PLS also the response matrix Y is decomposed, and the 
principal component of X are rotated in the direction of maximum correlation with the principal 
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components of Y. The new calculated variables are called latent variables (LV) [18]. Another 
advantage of using PLS instead of PCA is that it is not required that variables have a normal 
distribution. The algorithm used to classify samples was Partial Least Squares Discriminant Analysis 
(PLS-DA). PLS-DA transforms a problem of regression in a problem of classification. It was 
successfully applied in different fields where products had to be recognized according to their place 
of origin or the presence of contamination, such as in milk [19], honey [20], wine [21] and cheese 
[22].  

iv. k-Nearest Neighbors (k-NN) 

k-NN is one of the most used and well-known algorithms used in classification tasks. It does not 
seek to create a general internal model, but merely stores training data instances. That becomes a 
disadvantage when the number of samples in the training data is big since it requires a large use of 
memory. Classification shall be computed by a clear majority vote of the nearest neighbors of each 
point: an unknown observation shall be allocated to a data class which shall have the most members 
within the k nearest neighbors of the point. One point of this algorithm is the optimization of the 
number of neighbors necessary to assign a sample. The optimal choice of the value k is highly data-
dependent: in general, a larger value suppresses the effects of noise, but makes the classification 
boundaries less distinct. 

One of the parameters that can be tuned is the metric used to calculate the distance between a 
new point and those employed in training. The Minkowski distance is one of the most used and 
represent a generalization of the Euclidean and Manhattan distances. In Figure 3.9, there is an 
example of how k-NN works. It shows how the choice of the right k is crucial in some cases. 

 

 
Figure 3.9. Observation assignment with k-NN algorithm. 
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v. Artificial Neural Network (ANN) 

ANNs are complex structures that try to mimic what the human brain does. They are one of the 
most promising approaches used in artificial intelligence nowadays. ANNs are formed by elemental 
units called neurons that work like real neurons: once information arrives, they elaborate it and give 
an output. Each neuron is characterized by an activation function and coefficients of connectivity 
called weights. The overall structure is mainly composed of an input layer, one or more hidden 
layers, and an output layer [23] as show in Figure 3.10. In the figure, it is possible to see one of the 
many architecture of networks: this is a feed-forward (FF) network because the information goes 
from the input to the output directly, and it is the architecture used in all the ANNs employed in this 
work. A complete view of the types of ANNs is provided by the Figure 3.11. Each structure is 
optimized for specific tasks. For example, generative adversarial networks (GAN) are widely used to 
generate faces of people that do not exist, deep convolutional network (DCN) for image analysis, or 
autoencoder (AE) for dataset dimensionality reduction or noise removal. 

 

 
Figure 3.10. ANN architecture. 

 
Focusing on FF networks, there are many parameters that can be change leading to complete 
different networks and performances. One of the most used metrics to evaluate a machine 
learning algorithm is the accuracy, defined as the percentage of samples that are correctly 
classified respect to the total number of observations. A list of the most important parameters 
that can be tuned in an FF network is the following; the optimization of the listed parameters is 
the most complex and time-consuming part of the analysis: 

• size of the hidden layer(s): it represents the number of neurons in each layer; the more 
is the total number of neurons, the more there are the weights to be optimized during 
the training phase; 

• activation function: it is the function inside a neuron that calculates the output of the 
neuron based on the weighted sum of the inputs. The most used functions are hyperbolic 
tangent sigmoid and rectified linear unit (ReLU); 
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Figure 3.11. Chart of ANNs architectures. 

 

• the solver of weight optimization: it is the process with the weights of the network are 
updates in order to optimize the performances of the network itself (such as the 
accuracy). There are different solvers that can be used for different dataset: for example, 
‘adam’ (Adaptive moment estimation) solver is indicated for dataset with thousand of 
observations, while ‘lbfgs’ (limited-memory Broyden-Fletcher-Goldfarb-Shanno) solver 
converges faster and performs better with smaller dataset; 

• batch size: it is the number of observations given as input to the network after which 
weights are updated; 
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• number of iterations necessary to the solver to converge; a maximum number of 
iterations can be fixed. 

ANNs found a lot of space in food applications for the analysis of data collected with electronic 
noses [24-27]. 

 

vi. Cross-validation of the models 

All these models, and many more, need to be validated to evaluate their performance when 
unknown data are presented. This is done through cross-validation (CV). In a prediction problem, 
there is a train phase where labeled data are given to train the model and a test phase with a dataset 
of unknown data (or first seen data) against which the model is tested. The goal of CV is to test the 
model's ability to predict new data that was not used in estimating it, in order to avoid overfitting 
(inability of the model to generalize when tested on unknown data) or selection bias (unbalanced 
presence of classes inside the training step). There are many CV methods that ca be employed. The 
ones used in this thesis are: 

• venetian blind: this method divides the whole dataset in j cross-validation groups; in each 
one, one sample is put in the test set and the others in the training set on the first step. 
Subsequently, in every group the sample after the previous one is taken into the test set, 
and the others into the training set, and so on; 

• continuous block: the dataset is divided in j groups; in each CV step, one group is used as 
a test set and the others as training set. 

The accuracy of the model in CV is generally obtained calculating the mean value of the 
accuracies of each step. 
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Part II: Smart devices and 
Industry 4.0 
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IV. Smart home: ovens and fridges 
This chapter is dedicated to the first application with which I have ventured and one of the more 
futuristic respect to the others described in this thesis. The overall topic of the chapter is the 
application of an array of MOX sensors to domestic appliances. In the subchapters 1 and 2, the work 
has been focused on ovens, to train the sensors’ array to recognize cooked food from not cooked 
or overcooked food. The aim was to automatize the cooking process to optimize cooking time and 
reduce food waste. Particularly, in subchapter 1 an industrial oven was considered, whilst in 
subchapter 2 the study with 2 ovens is reported. The last subchapter describes the application to 
another household appliance, the fridge, to train sensors to recognize safe food to eat from expired 
food. All of the three works were made in collaboration with Nasys and with three different 
companies, one for each device. 

1. Industrial oven 

Automatic cooking is one of the emerging research trends since the 1980s. Indeed, in those years 
the demand for automatic control systems in cooking ovens pushed some researcher to design new 
types of sensors able to detect both humidity and reducing agents, such as alcohol and smokes [1]. 
Many efforts have been made in other directions, especially regarding the cooking inside a pot 
automatically setting the right temperature with a counteraction mechanism [2] or developing a 
physical system that put the necessary food inside the pot [3-4], in some cases with the employment 
of Wi-Fi to manage it remotely [5]. In this first part of the chapter, another path was followed inside 
the topic of automatic cooking: the use of an array of chemical gas sensors to detect automatically 
the typology and the quantity of food and identify the moment when the food is cooked. 

i. Tests carried on 

In agreement with Unox, three different kinds of bakery products have been chosen: brioches, 
baguette, and pizza. Each food was cooked using its characteristic combination of time and 
temperature to reach the optimal cooking state. Furthermore, for each product two configurations 
of cooking have been tested: half load and full load; “half load” was just a name to indicate the 
reduction of cooked product, it is not the exact half of the foods cooked in “full load”. The number 
of pieces of brioches, baguette, and pizza in the two configurations changes in agreement with the 
dimension of the food itself. Finally, some measures are indicated as “ac”, i.e. after cleaning: indeed, 
as tests went on, the oven started to be dirty and some measures were negatively affected by that 
dirt. Hence, before any new test, the oven was clean with a detergent produced by Unox. In the 
following section, a detailed list of the foods and their quantity will be provided for each of the parts 
into which the study was divided. 
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ii. Experimental set-up 

For this application, the array of sensors has been installed on an industrial oven provided by 
Unox S.p.A., a company that produces this kind of appliances in the north-east part of Italy. The 
model of the oven was Cheftop Mind.Maps and the installation process took place in the laboratory 
of the company. The array was composed of: 

• Three NW sensors: two of them functionalized with gold but with different working 
temperatures, i.e. 400°C and 300°C, and one SnO2 NW at 350°C. 

• One RGTO SnO2 sensor at 400°C. 
• One commercial sensor from the MQ series, that is the MQ3. 
• One CuO and one ZnO sensors. 

The list of the sensors used in this application is in Table 4.1. 

Table 4.1. List of the sensors used in the application. The position number of the sensors in the array, model and 
material (or serial name if commercial), and working temperature are indicated. 

Position number Model Material/Serial name Working Temperature/Voltage supply 
1 NW SnO2+Au 400 °C 
2 NW SnO2 350 °C 
3 NW SnO2+Au 300 °C 
4 - - - 
5 RGTO SnO2 400 °C 
6 CuO CuO 350 °C 
7 MQ MQ3 5 V 
8 ZnO ZnO 400 °C 

Sensors were put directly in the oven, on the inside of the front door. For this reason, Nasys has 
created a specific station made of a refractory and heat-insulating ceramic that allows installing the 
sensors and their relative contacts on PCB. In addition, two elements were added: a protective 
structure to avoid deposition of dirt over the sensing materials during the cooking tests, such as fat, 
and a structure with holes to let the volatile compounds reaching the sensors. Before installation, 
the system has been tested in the Nasys laboratory. Furthermore, thermocouples and a probe to 
measure temperature and humidity inside the oven. The electronic board necessary for the 
acquisition and transmission of the data was put on the outside in front of the oven’s door. It has 
been thermally insulated and a cooling fan has been installed to keep the operating temperature 
constant under 60°C. In Figure 4.1, the final set up is shown. 
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Figure 4.1. Final set up installed on the oven. 

As the S3 device described in chapter II, the electronic board transmits the data to Nasys’ server 
using an ethernet connection; hence, sensors can be monitored from the same Web-App. The 
system was put on an uninterruptible power supply for safety. 

 

iii. Signals preprocessing 

After the first tests, it results in a particular trend in the signals of the sensors. As shown in Figure 
4.2, it is evident that periodical peaks appear throughout the length of the measure at the same 
moments. It was supposed that this behavior could be addressed to the fan inside the oven: indeed, 
every 117 seconds the fan stopped and reversed the direction of its rotation; the same time interval 
divides one peak from the following. Hence, the fan of the oven was so powerful to alter the signals 
in a concentrated range of time without making the whole measure useless.  

Indeed, it is possible to notice that the resistance of the NW-SnO2+Au sensor decreases along 
with the measures thanks to the interaction between volatile compounds and the sensing layer. This 
variation is more consistent for the blue measure, which corresponds to a test done with brioches, 
with respect to the pink one. Furthermore, another difference is the height of the peaks. In the test 
with brioches, it is possible to see only an overshoot, while in the test with pizza there is an 
undershoot, too. This result could be due to the odor intensity released by the foods, that was more 
intense for brioches with respect to pizza and mitigate the artifact introduced by the fan. 

Hence, the responses of the sensors were filtered. The filter was simple: as the position of the 
peaks was well known since the inversion of the fan happened at fixed times, the mean value of 
resistance was calculated in an interval of the signal between two successive peaks, discarding some 
points near the overshoot/undershoot. In Figure 4.3 a zoom of the signal around the peak is 
reported. 
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Figure 4.2. The response of the NW-SnO2 sensor in tests with brioche and pizza. 

 

Figure 4.3. Method of filtering: calculus of mean resistance between two peaks. 
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Due to preprocessing, the signal resulted in clean from peaks and the space dimensionality of 
data was reduced. That made easier the following analysis. In Figure 4.4, Figure 4.5, and Figure 4.6 
there are the trends of processed signals for NW-SnO2+Au, CuO, and ZnO. On the x-axis there is the 
number of intervals of the measures; it is evident that some tests are characterized by a lower time 
necessary to cook the food, so the number of intervals is lower, as in the case of pizza. On the y-
axis, there is the normalized mean resistance that is representative of that interval. 

It is evident from the graphs below how the dirt into the oven influenced the sensors’ response. 
Indeed, for n-type sensors, the measures of brioches and baguette followed the same trend, with 
the resistance that decreased as intervals increased and this variation was higher during the test 
when the oven was in “full load”. However, the tests with pizza showed an opposite trend for SnO2 
sensors (indeed, the resistance tended to increase) and a signal almost flat for ZnO. Finally, after 
cleaning the oven with the detergent the behavior of the sensors restarted to be more similar to 
the first tests. These considerations can be extended to the case of the only p-type sensor (CuO): in 
this case, the normal trend is a variation that raises the resistance. 

 

 

Figure 4.4. Signals of NW-SnO2+Au after preprocessing. Legend: BRI = brioches, BAG = baguette, PI = pizza; hl = 
half load, fl = full load, ac = after cleaning. 
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Figure 4.5. Signals of CuO after preprocessing. Legend: BRI = brioches, BAG = baguette, PI = pizza; hl = half load, fl 
= full load, ac = after cleaning. 

 

Figure 4.6. Signals of ZnO after preprocessing. Legend: BRI = brioches, BAG = baguette, PI = pizza; hl = half load, fl 
= full load, ac = after cleaning. 
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iv. Empty oven tests 

During the tests done with food, another typology of tests was done, those with the empty oven. 
These tests aimed to: 

1) check if sensors’ responses were significant with respect to the presence/absence of 
food in the oven; 

2) check for the presence of any "memory effects", or if there are odor residues in the oven 
after a cooking test that could influence subsequent tests;  

3) check if anything has changed over time, for example concerning the fact that the oven 
has progressively become dirty; 

4) check if after cleaning the sensors respond in the same way. 
In Table 4.2 the list of empty oven tests that were carried on is reported. Colors correspond to 

those in the following graphs. 
To respond to the four points above, it is sufficient to observe the response of a sensor, such as 

NW-SnO2+Au, as representative of the whole array behavior. The response of the single sensor will 
be discussed further on. 

1) Comparing the profile of the curve when the oven was empty with those done previously, 
two distinct trends of resistance over time can be observed (Figure 4.7): in the first case (pink 
curves), the resistance increase during the test, while in the second case (blue and green curves) it 
decreases. It is possible to affirm that the trends are completely different. Signals were normalized 
to see if the same typologies of measures overlap, as happens for the pink curves. 

However, looking at the plot of all empty measures (Figure 4.8) and the red curve in Figure 4.7, 
it is possible to observe that the profile of the signal felt the effects of what had been cooked before. 
Indeed, the response of the sensor goes down initially, reach its minimum, and then restarts to 
increase (tests number 2, 8, and 13 in Figure 4.8). This behavior indicates that the sensors revealed 
a residual odor of the previous cooking that decreased over time since the oven is empty and 
ventilated. The same trend characterizes tests number 9, number 11, and number 14 in Figure 4.8 
that were done at the end of the day after several cooking tests. 

These observations also answer point 2): hence, it can be affirmed that there was a “memory 
effect” due to residual odors inside the oven after one or more cooking tests. Since this 
phenomenon was relevant during empty oven tests, it could add “noise” also to tests done with 
foods and make the recognition of cooking/not cooking/overcooked foods more difficult. 

Point 3): it was easy to notice a trend in the empty oven tests. From measure number 4, the 
baseline increased progressively with the days. A similar trend could be observed in other sensors’ 
responses (Figure 4.9) excluding the hypothesis that this was a drift of a single sensor. 
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Table 4.2. List of the empty oven tests, with the progressive number of the test, the duration, the food cooked before 
the test (if any), the date, and eventual notes. 

Test 
number 

Duration 
(s) 

Food cooked before the 
test 

Date Notes 

1 1500 - 20-12-17 Clean oven 
2 1500 Baguette (full load) 20-12-17 Last of the day 
3 1500 - 21-12-17 First of the day 
4 1500 - 28-12-17 - 
5 1500 - 29-12-17 - 
6 1500 - 29-12-17 - 
7 1500 - 09-01-18 First of the day 
8 1500 Baguette (half load) 09-01-18 Last of the day 
9 1500 - 09-01-18 Last of the day 

after baguette 
(half load) 

10 1500 - 10-01-18 First of the day 
11 1500 - 10-01-18 - 
12 5400 - 10-01-18 Dry test after a 

standard empty 
test 

13 1500 Baguette (full load) 10-01-18 After 3test of full 
load cooking 

14 1500 - 10-01-18 Last of the day 
15 900 - 02-03-18 Test at 120°C with 

dirty oven 
16 900 - 02-03-18 Test at 170°C with 

dirty oven 
17 900 - 02-03-18 Test at 120°C after 

cleaning 
18 900 - 02-03-18 Test at 170°C after 

cleaning 
19 900 - 02-03-18 Test 220°C after 

cleaning 
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Figure 4.7. Comparison between tests with brioche, half and full load, and tests with the empty oven. The date of 
the test is indicated. 

 

Figure 4.8. All the empty tests. In the boxes, tests done after a cooking measure. 
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Figure 4.9. All the empty tests. In the upper part, RGTO-SnO2 signals; in the lower part, NW-SnO2 signals. 

Apart from the baseline, it was possible to notice a difference in the profile of the responses 
between the tests done in December-January and the ones done in March. In the latter, the trend 
with the empty oven is different for some sensors such as nanowires sensors: indeed, the dark 
orange measures showed a decrease of the resistance like when food was in the oven, even after 
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its cleaning. However, the advantage of the cleaning process resided in a recovery of the baseline 
(yellow curves). On the contrary, the RGTO sensor had an increase of resistance compliant with the 
trend of the first measures and, as the nanowires sensors, regained the baseline after the cleaning 
action. This observation answers to point 4). 

It was noted that the oven became very dirty with the succession of tests and maybe also the 
sensors may have gotten dirty; hence, this is the reason why their response changed. Another 
hypothesis was that the cleaning cycle caused changes on the sensitive surface of the sensors. 

To check if the array could react in the same way after the cleaning, a comparison between tests 
done with brioches at the beginning and after the cleaning was carried out. Curves’ profiles are 
compared in Figure 4.10. To highlight similarity among the curves, data were normalized and 
overlapped. The profiles of measures with brioches (half-load in red, full load in blue) are different 
from those done after the cleaning cycle (in green). In particular, CuO and ZnO signals are almost 
flat if compared to the red and blue signals; on the contrary, NW sensors showed a variation that, 
however, was lower with respect to the first measures. It seemed that the cleaning cycle has 
somehow altered the functioning of the sensors. 

 

 

Figure 4.10. Comparison between brioches tests (fl = full load, hl = half load), empty tests with oven clean and 
dirty, brioches tests after cleaning (‘ac’). a) CuO signals, b) NW-SnO2+Au, c) NW-SnO2, d) ZnO. 

 In conclusion, the empty oven tests told that: 
1. sensors recognized the presence of food inside the oven; 

a) b) 

c) d) 
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2. a “memory effect” existed, hence sensors’ responses were influenced by residual 
odors; 

3. as time passed by, something changed inside the oven and/or in the sensors; 
4. after the cleaning cycle, sensors gave different signals. 

 

v. Recognition of food typology and quantity 

These analyses aimed to understand if sensors could identify the food typology at the beginning 
of the cooking phase and discriminate the quantity of food keeping fixed its typology. Analyses were 
based on three products: brioches, baguettes (small), and pizza (small). For each food, different 
numbers of pieces were considered. Table 4.3 summarizes the measures in detail. Each food 
required a different temperature and/or time of cooking. The fan speed was kept constant to avoid 
the inclusion of another variable during the cooking. The oven could host up to 5 baking tins; hence, 
the tests with 5 tins are called “full load”, while the ones with 1 tin are called “half load”. 

Table 4.3. List of the tests done with food. 

Food Temperature 
(°C) 

Time 
(min) 

Fan 
Speed 

Humidity 
(%) 

Load (number of 
baking tins) 

Total number 
of pieces 

Number 
of tests 

Brioches 170 17 4 0 1/5 9 7 
Brioches 170 17 4 0 5/5 45 5 
Baguette (small) 170 18 4 0 1/5 12 6 
Baguette (small) 170 18 4 0 5/5 60 3 
Pizza (small) 165 16 4 50 % dry 1/5 18 5 
Pizza (small) 165 16 4 50 % dry 5/5 90 3 

 

Firstly, the effects of data normalization regarding the discrimination of sensors’ responses were 
evaluated. As an example, a visual comparison on a single sensor (NW-SnO2+Au) was performed and 
it can be seen in Figure 4.11. Not normalized signals started at different values of resistance. 
Particularly, tests done with pizza had a variability higher than those performed with brioches and 
baguettes. Probably this behavior was due to the presence of dirt inside the oven, as it is described 
in the previous paragraph. The normalized data, however, let us see how the dispersion decreased 
at the beginning of the tests, but then increased at the end.  

To study in deep this effect, a PCA has been performed using as input the values of resistance of 
interval #1 in both cases. In this way, all the information from the whole array was considered 
simultaneously. The results are shown in Figure 4.12. The first PCA (not normalized data) gave 
information that the second one (normalized data) could not give, and vice versa. Indeed, on one 
hand, in the first PCA, the separation among the foods was greater respect to the intra-class 
dispersion. On the other hand, in the second PCA, there is a reduction of intra-class dispersion and 
it is possible to distinguish the two clusters of baguettes, indicating the capability to recognize the 
load inside the oven. 

These results were only limited to the first interval, that means about the first 2 minutes of 
cooking. Hence, the next step was to find how the clusterization evolved as the cooking went on. 



59 
 

Four PCA were performed from interval #1 to interval #4 (about 8 minutes from the start of the test) 
using not normalized data. In Figure 4.13, it can be seen what was found out. It is important to 
highlight that the progress of cooking does not degrade the quality of the result. Indeed, the three 
foods remain distinct up to the end. Furthermore, a reduction of dispersion in the six clusters can 
be observed, even if is less evident in the pizza tests. Finally, the difference between full load and 
half load baguettes measures increased constantly from interval #1 to interval #4. 

 

 

Figure 4.11. Comparison between normalized data (up) and not normalized data (down) for NW-SnO2+Au signals. 
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Figure 4.12. Comparison between normalized data (up) and not normalized data (down) in PCA analysis using all 
the sensors in the array. 
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Figure 4.13. The trend of clusterization of the foods during the first four intervals (not normalized data). 

 

vi. Analysis of each sensor 

This section aims to show how the single sensors worked on the three foods. To achieve this 
goal, box plots were employed. Resistance values from normalized data of interval #1 were used; 
the answer is greater the further it is from 1 (R/R0 = 1).  

The two NW sensors, even if heated at different temperatures, had similar behavior as shown 
in Figure 4.14 and Figure 4.15. Indeed, the median value (red line in the box) for the pizza tests 
assumed values around 1 and the distinction among the two types of tests with baguette is definite. 
The two sensors differed in the distinction between the two clusters of brioches: the NW-SnO2+Au 
at 400°C can distinguish the full load from the half load tests; probably, this result could be explained 
by the higher working temperature of this sensor respect the other one. 

 
The last NW sensor had a response that resulted similarly to the other two. Median values are 

not significantly diverse from the other NW sensors. This suggests that the contribution of the 
catalyst is not relevant to the chemical compounds that are released in this phase of the process. 
However, the distribution of data for the “Baguette fl” and “Brioche hl” resulted in more 
concentrated respect to the other two similar sensors. That means a lower dispersion for intra-class 
data. 
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The RGTO sensor is a different material from the morphological-structural point of view. Its 
signals were different from the previous ones (Figure 4.17). It did not respond to the compounds 
released by the brioches since the median was close to 1 in both cases, while it responds more to 
the compounds released by the baguettes (median <0.6) and also to the pizza. 

 
The MQ3 sensor in Figure 4.18 responded quickly for brioches and baguettes, the median value 

of the mean resistance of interval #1 is less than 0.5. However, the data distribution for pizza is 
around 1 and over; this was due to the different behavior of most sensors in the pizza tests as shown 
in Figure 4.4: indeed, in these cases, the resistances changed to higher values in contrast with the 
previous measures with brioches and baguettes. 

 
The CuO sensor (Figure 4.19), despite being the one with the median R values closest to unity 

(the one that responds least), was the most sensitive sensor to load differences. Indeed, it was the 
only one for which the values of the medians for the two load values were significantly different for 
all products. 

 
The ZnO sensor shows a graph quite similar to CuO (Figure 4.20). It could be argued that for this 

classification problem they are highly correlated. The advantage of ZnO, however, is that there was 
no overlap between “Brioche hl” and “Pizza hl” pizza data. 

 

Figure 4.14. Box plot of NW-SnO2+Au (at 400°C) normalized data for interval #1. 
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Figure 4.15. Box plot of NW-SnO2+Au (at 300°C) normalized data for interval #1. 

 

Figure 4.16. Box plot of NW-SnO2 normalized data for interval #1. 
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Figure 4.17. Box plot of RGTO-SnO2 normalized data for interval #1. 

 

Figure 4.18. Box plot of MQ3 normalized data for interval #1. 
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Figure 4.19. Box plot of CuO normalized data for interval #1. 

 

Figure 4.20. Box plot of ZnO normalized data for interval #1. 
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In conclusion, on this topic we can state that: a) the sensors were able to discriminate, and 
therefore recognize, the type of product considering at the beginning of the cooking stage; b) the 
quantity of product affects the discrimination of the product as a second-order variable, i.e. the 
average separation between the products is lower than that between the respective loads. When 
the product is fixed it is possible to clearly distinguish the two loads, and in this case, some sensors 
work better than others; c) sensors have peculiar individual behaviors. There are strong correlations 
between NW sensors, and in particular between SnO2+Au sensors even if they work at different 
temperatures.  

vii. Recognition of degree of cooking 

In this part of the study, the research aimed to understand the relation between sensors’ 
responses and the degree of cooking of the foods. To do that, in addition to the PCA, the k-NN 
algorithm was performed to have an idea of the accuracy of the system. Performed tests are shown 
in Table 4.4. For each kind of test, the degree of cooking indicates the possibility of a human to eat 
it. Hence, while most of the foods were ready (cooked), in two cases the baguettes were still raw at 
the end of the test, while in the other two cases they were more than cooked but still not burnt. All 
the tests were performed using the same quantity and fan activity. The changes were represented 
by different combinations of time and temperature. 

Table 4.4. List of the tests done with baguettes at different times and temperatures to understand the degree of 
cooking. 

Food Temperature Test duration 
(minutes) 

Modality Quantity Number 
of tests 

Degree of cooking at 
the end 

Baguette 140°C 25 Fan on 12 1 Cooked 
Baguette 140°C 30 Fan on 12 1 Cooked 
Baguette 140°C 35 Fan on 12 1 Cooked 
Baguette 140°C 45 Fan on 12 2 Cooked 
Baguette 170°C 10 Fan on 12 5 Raw 
Baguette 170°C 18 Fan on 12 6 Cooked 
Baguette 170°C 25 Fan on 12 6 Well-cooked 
Baguette 170°C 50 Fan on 12 5 Overcooked but not 

burnt 
Baguette 220°C 5 Fan on 12 4 Raw 
Baguette 220°C 10 Fan on 12 1 Cooked 

 

To associate the color to patterns, that are points of the curve during the cooking, the degree of 
cooking at the end of the cycle was considered. Hence, four levels of cooking were chosen: raw, 
cooked, well-cooked, and overcooked/nut burnt. The aim was to check if sensors could distinguish 
and classify patterns of the four levels. From an algorithmic point of view, this kind of issue would 
require a fuzzy logic. Indeed, the dependent variable is pseudo-continuous, hence it is not possible 
to define strictly the boundaries between two classes, especially between raw and cooked: in the 
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middle of this idealization, there are certainly intermediate states. Consequently, the “hard” 
classification approach like the one used here gives overall information about the system. Finally, 
the assignation of the labels is made by a human, so they are subjective. It is clear that in the future, 
more rigorous and objective methods to determine the degree of cooking should be found out. 

The PCA obtained with not normalized data from the whole array is shown in Figure 4.21. It is 
possible to see a great dispersion in the measures because the baseline of the sensors was different 
from one measure to another. This was the consequence of the different conditions of the test, in 
particular the temperature. In the figure, the blue arrow follows the dispersion that could be 
associated with those variables. During the cooking, data evolved as indicated by the orange arrow. 
Hence, not normalized data did not give any useful information to understand the boundaries 
between the four chosen levels of cooking. For this reason, the attention was focused on normalized 
data. 

 

Figure 4.21. PCA performed with the whole array with not normalized data to check the discrimination between 
the cooking levels. 

In this case, the PCA in Figure 4.22 proves a more compact clusterization. Indeed, the dispersion 
associated with measures done in different conditions was reduced with respect to the previous 
case. In addition, two clear zones could be distinguished from a visual point of view: the first one 
was the one associated with the raw food (black points), the second one enclosed the cooked/well-
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cooked/overcooked food (green, yellow and red points). It seemed plausible to think that a 
classification algorithm could recognize the raw food from the cooked one. Between these zones, 
there is a border region that in this case was not so definite.  

Looking at the total amount of variance explained along with the first two principal components 
(99.41%), most of it was expressed by the first component, even if the scores on this axis could not 
be sufficient for the required discrimination. Indeed, the direction that best indicates the change 
from one level to another is the one that is indicated by the blue arrow. However, when the degree 
of cooking arrived in well-cooked and overcooked, it is possible to observe the loss of the linear 
trend in this two-dimensional space.  

 

Figure 4.22. PCA performed with the whole array with normalized data to check the discrimination between the 
cooking levels. 

 
To check what has been aforementioned, data were classified with different “hard” approaches. 

The method that gave the best result was the k-NN algorithm choosing the k value equal to 3. The 
following results were obtained using venetian blinds as a cross-validation algorithm with 10 folds. 
They were reported in the form of a confusion matrix in Table 4.5; the main diagonal, where the 
correct data were classified, is highlighted in green. Furthermore, the percentage of accuracy is 
given. The first observation is that the system was able to classify correctly 94.6% of raw points and 
95.6% of overcooked points. The lower percentage referred to the accuracy to individuate the 
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cooked food, even if is equal to 78.8%. However, it is important to highlight that the main cause of 
confusion is between cooked and well-cooked (the distinction is not so defined as seen in PCA), 
which is a result more acceptable than cooked and raw. In fact, from the human taste point of view, 
well-cooked food is more welcome than raw food. Finally, it is important to underline that the 
algorithm, when it is wrong, do not confuse far levels of cooking, but only the adjacent ones. 

To check the contribution to the classification given by each sensor, two methods were 
employed. The first one was qualitative and was based on the observation of the loading plot of the 
PCA in Figure 4.22 as reported in Figure 4.23. 

Table 4.5. Confusion matrix of k-NN (k=3) classification. 

 Predicted 
Raw Cooked Well-cooked Overcooked 

Real 

Raw 142 (94.6%) 8 0 0 
Cooked 5 71 (78.8%) 14 0 
Well-cooked 0 3 39 (81.2%) 6 
Overcooked 0 0 4 87 (95.6%) 

 
Loadings are the coefficients of linear combinations that define the principal components: 

hence, the loading of a specific sensor is a measure of the contribution of that sensor to the principal 
components. It allows us to determine two things: 1) the weight of the sensor for the specific 
component and 2) the similarity between sensors (nearest sensors on the loading plot are more 
similar than those more distant). From this derives that if a sensor has a loading near to 0, its 
contribution is unnecessary. From the loading plot, it is possible to assume that the CuO sensor had 
the highest values of loadings (absolute values); the other sensors are characterized by similar 
values on the PC2 and decreasing values on PC1 from left to right. On PC1, it is possible to divide 
these six sensors into three groups: NW sensors, ZnO and RGTO sensor, MQ3 sensor. 

The MQ3 sensor was the one that provides the least contribution of all. It was reasonable to 
assume that it is practically irrelevant for pattern discrimination. For the other sensors, it was 
plausible to think of choosing one to represent the class to reduce the number. However, care must 
be taken to draw "quantitative" considerations from these analyzes, as the contribution to the 
classification could be given by the latent components (PC3,4,5,6,7) not displayed. For this reason, 
the second method (quantitative) was performed. 
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Figure 4.23. Loading plot of PCA associated with the score plot in Figure 4.22. 

To verify the contribution that the sensors give to the classification the average classification (on 
the 4 classes) obtained with ALL the sensors was compared with the value obtained by selectively 
eliminating the sensors. What turns out was that ZnO was the sensor that contributed the most (as 
without it the classification got worse by 4.5%). The other sensors were roughly comparable to each 
other. In some cases, MQ3 and SnO2-E002, the classification improved slightly but this could simply 
be due to statistical fluctuations. The results are summarized in Table 4.6. 

 
Table 4.6. Comparison of percentages of overall classification using different array configurations. 

Sensors employed Percentage of the overall classification 
All the sensors 85.5% 
Without MQ3 86.0% 
Without CuO 84.2% 
Without NW-SnO2+Au (at 400°C) 84.2% 
Without NW-SnO2+Au (at 300°C) 85.2% 
Without NW-SnO2 85.5% 
Without RGTO-SnO2 86.0% 
Without ZnO 81.0% 
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Based on the results, it was certainly possible to state that: 1) there was a relationship between 

sensor response and cooking degree of the product; in particular, the system with 7 sensors was 
able to discriminate between raw and cooked product; 2) It was possible to determine the "degree 
of cooking" during the cooking of the product through an automatic classification algorithm. The 
sensors could recognize the "raw" correctly in 94.6% of cases, and the "very cooked" in 95.6% of 
cases.; 3) there were some similarities between the sensors, so it would be possible to reduce the 
number of sensors from 7 to 4. However, with these results, it was not possible a priori to exclude 
or select specific sensors. 

 

viii. Achieved goals 

Considering all the results obtained, it was possible to summarize the following conclusions, as 
regards the recognition of the load. 

• The sensors certainly responded significantly to the presence of the product in the oven 
and the response was related to parameters such as the type of product and the degree 
of cooking. 

• The sensors were able to discriminate food within the first 2 minutes of cooking. 
• The quantity of products did not affect product discrimination, or in any case, it was a 

second-order variable whose effects are visible but did not affect the classification of 
the product. It would therefore be possible to use sensors to discriminate the quantity 
of product loaded as long as the type of product is known (hierarchical discrimination). 

• Sensors had unique individual behaviors. There were strong correlations between NW 
sensors. The array could perhaps be reduced from 7 to 6, eliminating one of the two 
SnO2+Au. 

As regards the determination of the degree of cooking, based on the results it is certainly 
possible to state the following sentences. 

▪ There was a relationship between the response of the sensors and the degree of cooking 
of the product; in particular, the system with 7 sensors was able to discriminate between 
raw and cooked products. 

▪ It is possible to determine the "degree of cooking" during cooking of the product through 
an automatic classification algorithm. The sensors were able to recognize the "raw" 
correctly in 94.6% of cases, and the "very cooked" in 95.6% of cases. 

▪ There were some similarities between the sensors, so it would be possible to reduce the 
number of sensors from 7 to 4. However, with these results, it is not possible a priori to 
exclude or select specific sensors, further analysis, and other tests with different 
products would be needed. 

About the stability, reproducibility, and repeatability of the system, it can be stated three things. 
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o There was a “memory effect”: the response of the sensors was influenced by the 
presence of residual odor in the oven following a cooking test. 

o With increasing testing, the oven and probably also the sensors became dirty to the 
point of changing the response of the sensors and not allowing a reliable classification 
of the data. 

o Following a cleaning cycle, the sensors responded differently. However, there was no 
information to establish if the sensors were dirty or damaged. 

 

2. Domestic ovens 

In this second part, the attention was focused on domestic ovens. In this case, the study was divided 
in two phases in order to understand the optimal functioning of the system made of sensors in 
different positions and oven fluid dynamics. Furthermore, the use of two of those systems allowed 
to investigate the reproducibility of the research study for future industrial production. 

i. Experimental set-up 

In Phase 1, all the experimental equipment necessary to carry out the cooking tests of the 
products was set up, selected in agreement with Candy to consider different types of food that can 
be prepared in a domestic oven. The products considered were five: 1. pizza Margherita; 2. meatloaf 
with vegetables; 3. chicken legs; 4. frozen fish (cod au gratin); 5. frozen lasagna. 

The tools used are the following: 
A. two Candy Experion ovens, each one equipped with a camera to follow the cooking from 
the PCs where they were connected; 
B. semiconductor metal oxide gas sensors (Figure 4.24A); 
C. control systems, data acquisition and transmission via ethernet (Figure 4.24B); 
D. thermocouples for the acquisition of the internal temperature of the product; 
E. two PCs: the first for the use of the Web App with which to start the acquisition of the 
measurements and the second for the acquisition of the images transmitted by the ovens. 

The sensors’ arrays used were mounted in two different positions of the oven: on the right-side 
wall and in the rear. The sensors were mounted on a 10 cm x 10 cm ceramic plate with the respective 
boards. The system for control, data acquisition, and transmission was positioned on a shelf near 
the plate for both positions (lateral in the case of the sidewall, upper in the case of the rear). The 
set of the electronic board and array will be called “S3-Candy-x”, where x is a number between 1 
and 4 and indicates the position and the oven where the device was installed (Figure 4.25). The 
choice to install two S3 in two positions was taken to indicate which location was the best for the 
analysis. 
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Figure 4.24. Sensors array on the oven (A) and electronic boards for data acquisition and transmission (B). 

 

Figure 4.25. Scheme with ovens and relative positions of the S3 devices. 

All the locations were characterized by the same typologies of sensors: NW-SnO2+Au, NW-SnO2, 
RGTO-SnO2+AU, RGTO-SnO2, and CuO. The complete list can be found in Table 4.7. Type K 
thermocouples were supplied thereafter and used to monitor the temperature trend at the core of 
the product during cooking starting from Phase 2. 

 

 



74 
 

Table 4.7. List of sensors in each position. 

Morphology Material Working Temperatures 

NW 
SnO2+2Au 300-350°C 
SnO2+Au 300-350°C 

CuO 350°C 

RGTO 
SnO2+Au 400°C 

SnO2 400°C 
SnO2 400°C 

 

ii. Phase 1: systems function tests 

In this first phase, the ability of the S3s to follow the progress of cooking of the products in the 
three most used modes of the oven was evaluated: static, static ventilated, and multifunction mode, 
with a wide range of products that could be prepared in a domestic oven. Furthermore, starting 
from phase 1, the study focused to understand how much the position of the S3 inside the cavity 
could influence its response. Table 4.8 shows all the measurements made, divided by oven, by 
product, by mode, and by S3. 

 
Table 4.8. List of measures in Phase 1, divided by food, oven modality, number of replicas, and oven temperature. 

Food Oven modality 

Oven #1 
Number of measures 

Oven #2 
Number of measures Temperature 

S3-Candy1 S3-Candy2 S3-Candy3 S3-Candy4 

Pizza 
Static 2 0 2 2 

200°C Static-ventilated 1 1 0 1 
Multifunction 1 1 1 1 

Meatloaf 
Static 1 0 1 1 

180°C Static-ventilated 0 0 0 0 
Multifunction 1 0 1 1 

Frozen 
fish 

Static 1 1 1 1 
225°C Static-ventilated 1 1 1 1 

Multifunction 0 0 0 0 

Frozen 
lasagna 

Static 2 2 2 2 
180°C Static-ventilated 1 1 0 1 

Multifunction 0 0 0 0 

Chicken 
legs 

Static 1 1 1 1 
200°C Static-ventilated 0 1 0 0 

Multifunction 1 0 1 1 
 
A small number of measurements were not completed in terms of data acquisition due to 

technical problems. The exceptions were represented by cooking meatloaf in static ventilated mode 
and by cooking fish and lasagna in multifunction mode. This series of measurements were not 
carried out because in agreement with Candy, the 13 cooking carried out on Oven 1 and the 13 
cooking carried out on Oven 2 for a total of 26 cooking, were more than sufficient to understand 
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and evaluate the right functioning of the devices and to correct any system anomalies. It was 
therefore decided by mutual agreement to move on to the next Phase 2, reducing the variables both 
as regards the cooking methods and the type of products. 

 
A) Static mode tests 
The trends in the responses recorded during the cooking of the five products are shown in the 

following figures. Furthermore, in the most important moments of cooking, i.e. the beginning, the 
moment in which the product is cooked, and the extraction of the product itself, the taken images 
from the internal cameras of the ovens were added. Since similar sensors have been inserted in the 
four stations in terms of structure and material, in this section and the following the typical trends 
of the different types of some representative sensors will be presented without loss of generality. 
All the graphs included in this section have on the x-axis the time in seconds and on the y-axis the 
normalized resistance (R / R0). The images in this section were obtained directly from the Web App. 

In Figure 4.26 it is plotted the trend of the normalized resistance of an RGTO-SnO2+Au sensor as 
a function of time for a pizza cooking. It can be seen that at about 720 s (cooking time of the pizza) 
the curve flattens and remains so until the moment the product is extracted. Opening the front door 
of the oven causes the release of characteristic volatile compounds and therefore the resistance of 
the sensor goes back to the value it had before cooking. In Figure 4.27, however, it is possible to see 
the trend of the same sensor for measuring meatloaf. In the instants when the product begins to 
brown sideways, a sudden change in the slope of the resistance value is observed. A secondary and 
less noticeable change in slope occurs after 4000 s when the food is ready. 

 

 
Figure 4.26. Trend of an RGTO-SnO2+Au sensor in a pizza test. 



76 
 

 

Figure 4.27. Trend of an RGTO-SnO2+Au sensor in a meatloaf test. 
 

In the next two figures (Figure 4.28 and Figure 4.29), the trends of the Nanowire SnO2+Au are 
shown for the same measurements described above. It can be noted that the behavior of the latter 
differed from the RGTOs since the resistance decreased but without changes in slope as evident as 
in the previous cases. 

 

 
Figure 4.28. Trend of a NW-SnO2+Au sensor in a pizza test. 



77 
 

 
Figure 4.29. Trend of a NW-SnO2+Au sensor in a meatloaf test. 

 
To demonstrate that the decrease of the resistance during the cooking process is actually due 

to the interaction of the sensitive material of the sensors with the volatile compounds emitted by 
food, tests with an empty oven were carried out at the beginning and the end of the day. Figure 
4.30 represents three vacuum measurements in chronological order: the first measure of the day, 
last measure of the day after cooking, and the morning of the following day. 

 

 
Figure 4.30. Empty oven tests. In the order: the first measure of the day, last measure of the day after cooking, 

and the morning of the following day. 
 

The trend of the RGTO sensor was the opposite to one of pizza and meatloaf tests (increasing 
resistance) and it was also possible to notice the persistence of a "memory effect" for the second 
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measurement (the last of the day after cooking) as the resistance decreased first and then it began 
to rise like the other two. This effect, also found in the following days, was probably due to the 
presence of residues of volatile molecules inside the oven cavity. 

Given the dual presence of very similar sensors on the side and back positions, the responses of 
the latter were compared to identify the best position. From the visual analysis of the sensor’s 
trends, no particular differences were found (in Figure 4.31 there are the measurements made with 
lasagna relating to a RGTO, but similar considerations could be made for the other sensors and 
foods). In particular, it was important to note the absence of significant delays in the variation of 
the resistance between the two stations. This was the first indicator of the invariance of the sensor 
response as a function of the position inside the cavity. 

 

 
Figure 4.31. Comparison of signals of RGTO sensors between the side and the back position in a test with frozen 

lasagna. 
 

B) Static-ventilated mode tests 
The response of the sensors in the measurements in static-ventilated mode was approximately 

the same as the respective responses in the static mode. Indeed, it is possible to see in Figure 4.32 
and Figure 4.33 how the trend over time of the sensors’ responses was very similar to that already 
shown in the previous section. In this case, the images refer to tests performed with pizza. 
Therefore, it is possible to make the same considerations expressed above. 

 

 
Figure 4.32. Comparison of signals of RGTO sensors between the side and the back position in a test with pizza. 
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The only visible substantial difference between the two cooking modes was the increase in noise 
in the response curve, most likely due to the fluid flow that was established in the cavity as a result 
of the action of one more fan than in the previous case. However, the increase in noise was marginal 
in measurements involving food products, generating a greater amount of volatile compounds, 
while it was more evident in the vacuum tests performed. 

 

 
Figure 4.33. Comparison of signals of NW sensors between the side and the back position in a test with pizza. 

 
C) Multifunction mode tests 
In the multifunction mode, from a qualitative point of view, no significant differences were 

found with what has already been described. More detailed analyses were performed in Phase 2 
and will be shown in the next section. 

 

iii. Phase 2: reproducibility tests 

In Phase 2, the experimental set-up remained almost unchanged. However, in agreement with 
Candy, it was decided to focus the measures on a smaller number of operating modes (static and 
multifunction) and products, such as pizza Margherita, meatloaf with vegetable filling, and frozen 
fish (cod au gratin). 

The goal was to verify the repeatability of the sensor signals when exposed to the same products 
under the same conditions (temperature and operating mode of the oven). Besides, to have a more 
precise correlation between the degree of cooking, and the resistance value of the sensors, the 
internal temperature of the products was monitored with type K thermocouples supplied by Candy. 
In Table 4.9 all the measures of Phase 2 have been included with the respective cooking times of 
each food. The disparity present in the number of repetitions between cards of the same oven is 
due to technical problems, which were solved as they arose. 

 
Table 4.9. List of measures in Phase 2, divided by food, oven modality, number of replicas, and time of cooking. 

Food 
(Temperature) 

Oven modality 

Oven #1 
Number of measures 

Oven #2 
Number of measures Time of 

cooking S3-Candy1 S3-Candy2 S3-Candy3 S3-Candy4 

Pizza (200°C) Static 6 6 6 6 12-13 min 
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Multifunction 5 3 6 6 9-12 min 

Meatloaf (180°C) 
Static 3 3 3 3 66-68 min 
Multifunction 3 3 1 2 49-51 min 

Frozen fish (225°C) 
Static 3 3 2 2 42-44 min 
Multifunction 0 1 1 0 37 min 

 

A) Tests with pizza Margherita 
The average cooking time for the two operating modes was calculated from the number of tests 

performed. The average time corresponds to 12.5 ± 0.5 minutes and 10.5 ± 1 minutes for the static 
and multifunction modes, respectively. The pizza was considered cooked when the core 
temperature reached 95 ° C; however, given its thin thickness, in some measurements, it was not 
possible to accurately establish the instant in time at which this occurred because the probe came 
out. In Figure 4.34, from the temperature trend of the tests carried out on oven #1, it can be seen 
that for static measurements the pizza cooks around 760-780 seconds, while in multifunctional this 
time interval was reduced to 500-530 seconds. 

Regarding oven #2, on the other hand, the temperature measurement is less reliable as there is 
overlap between static and multifunction: the hypothesis has been advanced that this was due to 
the lack of coating for some sections of the probe used in oven 2. 

 

 
Figure 4.34. Trends of the inner temperature of pizza measured by thermocouples. 

 
After the analysis of the covariate data, the analysis of the sensors was the next one. First of all, 

the sensors in which the noise altered the typical trend of the same, compromising the 
measurement, were discarded from each station. The remaining sensors are shown in Table 4.10. 
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Table 4.10. List of remaining sensors in each station. 

 S3-Candy-1 S3-Candy-2 S3-Candy-3 S3-Candy-4 
1 NW-SnO2 (300°C) RGTO-SnO2 HR (400°C) RGTO-SnO2+Au (400°C) RGTO-SnO2 HR (400°C) 
2 NW-SnO2 (350°C) RGTO-SnO2+Au (400°C) NW-SnO2 (300°C) RGTO-SnO2 (400°C) 
3 NW-SnO2+Au (350°C) NW-SnO2+Au (350°C) NW-SnO2 (350°C) NW-SnO2 (300°C) 
4  NW-SnO2+Au (300°C) NW-SnO2+Au (300°C) NW-SnO2+Au (350°C) 
5 NW-SnO2 (350°C) NW-SnO2+Au (350°C) NW-SnO2+Au (300°C) 
6   NW-SnO2+Au (350°C) 

 
Subsequently, the sensor trends were compared to assess the repeatability of the 

measurements. Three types of comparisons were made: 
a) static-multifunction comparison for the same sensor; 
b) comparison of homologous sensors on the two stations of the same oven; 
c) comparison of homologous sensors on stations in the same position of different ovens. 
In Figure 4.35, the resistance variation of the NW-SnO2+Au sensor for the pizza tests showed 

that in the initial part of the measurement the trend of the static tests differs from those in 
multifunction, while the curves overlap starting from about 700 seconds. In the final part, the 
products were already cooked, so this suggested the possibility of using as a feature the resistance 
value extracted in the instants of time in which the product can be considered cooked to correlate 
it to the degree of cooking. Furthermore, it is important to emphasize that this value did not differ 
significantly between the two modes, indicating that the operation of the sensors did not depend 
on the chosen mode. 

 
Figure 4.35. Resistance variation of NW-SnO2 for pizza measures; in blue, static tests, in orange multifunction 

tests. 
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At a later stage, the derivative of the signal was also calculated to evaluate if it could be used as 
another feature. The derivative was then filtered with a 10-sample window moving average filter. 
However, the result was a still very noisy signal, especially in the multifunction case (Figure 4.36). 
From the observation of the raw signals, it was thought to use the flattening of the signal, and 
therefore the tendency to zero of the derivatives, as an indicator of cooking. The presence of peaks 
that exceed zero before cooking times, however, produced the shift of the on finding other features, 
such as the number of samples of the signal derived in a given interval that fell in around zero. This 
analysis did not lead to the desired results and was therefore abandoned after also taking into 
consideration the measures with a meatloaf that will be presented in the next section. 

 

 
Figure 4.36. First derivative of NW-SnO2+Au for pizza measures; in blue, static tests, in orange multifunction tests. 
 
The comparison of homologous sensors on the two stations of the same oven indicated that 

their trends were very similar, with the signals that differed in the initial part due to the different 
modes and overlap in the final one (Figure 4.37). 

Finally, the comparison of homologous sensors on the stations in the same position of different 
ovens, on the other hand, highlights the fact that the diversity in the responses of the sensors is due 
more to the intrinsic diversity of sensors themselves rather than to the position in the cavity (Figure 
4.38). These measures refer to static tests done with pizza. 
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Figure 4.37. Comparison of two NW-SnO2+Au sensors between side and back location on oven #1. 

 
 

 
Figure 4.38. Comparison of two NW-SnO2 sensors (on the left) and two NW-SnO2+Au sensors (on the right) 

between side locations of the two ovens. 
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B) Tests with meatloaf 
The scheme adopted for the tests with meatloaf with vegetables was similar to that of pizzas. 

From the data obtained with the thermocouples (Figure 4.39), it could be stated that in the 
multifunction mode the product cooks earlier than the static one (50.91 ± 2.22 minutes against 
64.58 ± 4.92 minutes). Times were recorded when the internal temperature had reached 75 ° C, 
which represents the minimum safe temperature (as also reported in the literature [6]). As for Oven 
2, the same considerations as in the previous paragraph apply. 

 

 

Figure 4.39. Trends of the inner temperature of meatloaf measured by thermocouples. 
 
Compared to the pizza tests, the trend of the nanowire sensor curves differed due to the greater 

separation between static measurements and multifunction ones, while the repeatability within the 
same oven functionality is still evident (Figure 4.40). This behavior could be due to the diversity of 
the two food matrices considered and to the different chemical reactions that took place. 
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Figure 4.40. Resistance variation of NW-SnO2+Au for meatloaf tests in static mode (blue) and multifunction mode 

(orange). 
 
The RGTO sensors shown in Figure 4.41 and Figure 4.42 were characterized by an initial decrease 

in resistance which is different in the two modes, while the traces overlapped starting from about 
1600-1800 seconds. This means that the reproducibility of the measurements from the stage in 
which the product is cooked onwards was very high. In addition, in these tests, the presence of noise 
in the multifunction measurements was more evident in the initial part and the final part after 
opening the front door. 

Similar considerations to those of section 2.3.1 could be made also for the other two types of 
comparison, supporting the idea that it is not so much the location of the sensor in the oven that 
influences the response, but its intrinsic characteristics and its affinity with the volatile compounds 
released from the food matrices under examination. 
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Figure 4.41. Resistance variation of RGTO-SnO2 HR for meatloaf tests in static mode (blue) and multifunction 

mode (orange). 
 

 
Figure 4.42. Resistance variation of RGTO-SnO2+Au for meatloaf tests in static mode (blue) and multifunction 

mode (orange). 
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C) Tests with frozen fish 
Following the same outline of the previous tests and considering a minimum safe temperature 

of 63 ° C [7], for the tests with frozen cod it was found that the product cooked in static mode after 
43.08 ± 4.01 minutes and in multifunction mode after 36 ± 1.41 minutes. The higher standard 
deviation for these static tests is largely due to a static measurement on oven #2 in which the 
internal temperature of 63°C was reached in about 36 minutes (therefore as if it were in 
multifunction). Furthermore, even a measurement of the same mode with oven #1 had an 
anomalous trend: as soon as 0 ° C is exceeded it approached the multifunction measurement curve 
very much while starting from 27 ° C it returned to behave like a typical static measurement (in 
orange in Figure 4.43). 

 

Figure 4.43. Trends of the inner temperature of frozen fish measured by thermocouples. 
 

This anomalous behavior was also revealed by sensors in Figure 4.44: indeed, it differed from 
the other two measures during almost the entire test. For the two remaining tests, it can be stated 
that the initial difference in trend decreases with the progress of cooking as already seen previously. 
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Figure 4.44. Resistance variation of the NW-SnO2 sensor for frozen fish tests (static mode). 

 

D) Overall analysis: PCA 
A global analysis was performed with the data relating to the pizza, meatloaf, and fish tests, 

considering all the tests divided by cooking mode and sensor positioning, with PCA. The main reason 
for which this analysis was undertaken was to verify the existence of a value that would allow us to 
recognize the cooked product from the uncooked product, without distinction between the 
different foods. 

Taking as an example the dataset obtained from the S3 Candy-1 board (but the results are the 
same for all the other three stations), with the PCA it was possible to put on the same graph the 
information contained in 36 traces (12 measures in static x 3 sensors). 
For each measurement and each sensor, the resistance was sampled in four instants: 

● after 2 minutes from the start of the test; 

● after 5 minutes from the start of the test; 

● after 7 minutes from the start of the test; 

● at the instant in which each product is cooked, hence at different minutes for each food 
and test. 

The values, obtained by averaging 10 samples around the selected time, were arranged in a 
matrix of 48 (12 measurements x 4 sampling points) rows and 3 columns (sensors’ number). In this 
case, PCA was then used to reduce the initial variable set from 3 to 2. 



89 
 

In the following figures (Figure 4.45 and Figure 4.46), the same PCA relative to the S3 Candy-1 
board for cooking in static mode is presented: in the first, four classes based on the sampling point 
were considered, each represented by a different color (red after 2 minutes, green after 5 minutes, 
blue after 7 minutes, cooked product in black); in the second, each food with a different shape was 
highlighted (meatloaf with circles, fish with upward triangles, pizza with downward triangles, the 
cooked product with squares) and each sampling point with a different color as in the previous case. 

In Figure 4.45 it is possible to notice the overlap of the red, green, and blue groups; this is mainly 
because fixed instants have been considered for food matrices that are very different from each 
other both in terms of composition and initial temperature. All the cooked products, on the other 
hand, form a cluster that is well separated from the others and much less dispersed, although the 
resistances sampled for this group were taken at very different times in terms of minutes. 

This indicates that the system was able to recognize when the product is cooked as soon as it 
“entered” in the black cluster, in a fixed mode. In Figure 4.46, in addition to what has just been said, 
it could be seen that at fixed food there was no overlap between the different moments considered. 

 

 
Figure 4.45. PCA for static mode tests from S3-Candy-1. Four clusters are represented: in red, foods after 2 min of 
cooking, in green after 5 min, in blue after 7 min, and in black the cooked food, each at its characteristic time. 
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Figure 4.46. PCA for static mode tests from S3-Candy-1. Four clusters are represented: in red, foods after 2 min of 
cooking, in green after 5 min, in blue after 7 min, and in black the cooked food, each at its characteristic time. 

Furthermore, each food is depicted with a specific marker: circle for meatloaf, upward-pointing triangle for fish, 
downward-pointing triangle for pizza, and square for cooked food. 

 
The same trend is highlighted in analyses made for the other locations and modalities. As far as 

the S3 Candy-3 and S3 Candy-4 devices were concerned, in the PCA of the static mode a pizza 
measure (therefore 4 points in the graph) was eliminated as the response of all the sensors of the 
two devices was extremely different from all the other tests, as shown in Figure 4.47 and indicated 
by the word 'outlier'. 
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Figure 4.47. Trend of NW-SnO2+Au: comparison between standard tests and outlier. 

 
E) Evaluation of sensors’ performances 
The evaluation of the performance of the sensors was made by analyzing the dispersion of their 

resistance values when the product was cooked and will be presented below in the form of a 
boxplot. The results shown below are for the S3-Candy-4 device. 

In Figure 4.48, all the sensors of the board considered so far were shown. In general, the 
behavior of NW sensors differed from the RGTO. Indeed, the latter were characterized by a greater 
variation in resistance, passing from an initial normalized value of 1 to values below 0.2. 
Furthermore, the difference between the first and third percentiles of the RGTO boxes was generally 
smaller than that of the nanowire. Finally, in the figure, the red '+' indicated the presence of an 
outlier, already mentioned in the previous paragraph. 

Regarding meatloaf tests, there was also a greater difference between the sensors of the same 
families, i.e. between the NW sensors with and without gold functionalization. This was due to the 
different working temperatures of the sensors which are indicated in Table XXX. The different 
temperatures changed the sensitivity of the same material for volatile compounds, thus obtaining 
two “virtually” different sensors with a single type of sensor (Figure 4.49). 
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Figure 4.48. Box plot of pizza tests of S3-Candy-4 device. 

 

 
Figure 4.49. Box plot of meatloaf tests of S3-Candy-4 device. 
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Finally, in the fish tests, it appeared that the behavior of the two sensor families was almost 

similar. However, unlike the tests with the other two foods, in this case, the dispersion of the 
resistance values is greater for RGTO than for NW sensors (Figure 4.50). 

 

 
Figure 4.50. Box plot of frozen fish tests of S3-Candy-4 device. 

 

iv. Conclusions 

As for the position of the sensors in the cavity, the answer seemed to depend more on the 
specific sensor rather than on the position. In some cases, the sensors on the side positions of an 
oven responded better than those in the same position on the other appliance; in others, it was the 
opposite. This meant that the choice of the position was almost irrelevant, while the choice of the 
sensor mattered a lot. 

In general, two types of usable technologies were identified, namely the NW and RGTO sensors, 
and for each of them two subfamilies, namely SnO2 as a sensitive material with and without gold as 
a catalyst. From the analysis of the performance of the sensors, it was evident that a single sensor 
could not recognize different food matrices, but only through the use of an array, this goal could be 
achieved. 

The PCAs showed how the sensors were able to follow the cooking of food, reaching a range of 
numerical values within which all cooked products clustered. 
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3. Domestic fridges 

Food waste is food that is discarded or lost uneaten. To avoid food lost, it is important to act in the 
storage phase of the food chain. In particular, the domestic storage inside fridges has been 
indagated and presented in this last part of the chapter. Studies in the field of smart refrigerators 
has been published in the last years. They include different methodologies to solve the problem of 
food waste. One suggested technique considers the reading of deadline of the food via barcode or 
RFID tags and sending the information by email or SMS [8]; in another study, a system based on a 
fridge-embedded webcam to leverage Google Search By Image services to allow automatic 
recognition of foods was realized [9]. Furthermore, many companies moved first steps to produce 
and sell smart fridges. As an example, the LG Smart ThinQTM Refrigerator incorporates an 8-inch 
Wi-Fi LCD screen that serves as a control panel for the refrigerator, as well as an information center 
and a potential family organization center. Smart ThinQTM delivers energy efficiency, a family water 
intake tracker and daily recipe suggestions [10]. Similar results were obtained at Scuola Superiore 
Sant’Anna (Pisa, Italy) with a fridge made of recycled materials with sensors that give information 
about some variables inside it, such as temperature, humidity, and door position [11]. However, all 
of the food management services mentioned above require a manual input of information from 
users. A useful step of this monitoring action toward a more “autonomous” fridge system should 
take into account the use of sensors that send information regarding the typology and state of the 
food. Furthermore, the expiration date reported on the packages of food bought at the market 
includes a probability aspect: indeed, it is a common experience to eat a food the day after the 
expiration date and to have no negative side effects.  
For these two reasons, an approach based on chemical sensors was pursued and here presented. 
Indeed, the use of an array of sensors connected to Internet took the advantages of the 
aforementioned methodologies and added to possibility to avoid the manual insertion of data and 
to not eat actually the real spoiled food, independently from the expire date on the package. 
 

i. Experimental set-up 

In this section the experimental set-up of the tests carried out will be presented. The section is 
divided into three paragraphs. The first describes the arrangement of the sensors inside the 
refrigerators, the second describes the procedure used to identify the type and quantity of 
microorganisms on food, the third lists the products analyzed. 

A) S3 system + Fridge 
All the necessary experimental equipment was set up to carry out the conservation tests of some 

products, selected in agreement with Smeg to consider four types of foods that are usually found in 
domestic refrigerators. The four types chosen were: meat, fish, fruits and vegetables, and 
cheese/dairy products. The tools used are the following: 

• 4 Smeg refrigerators; 
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• 4 MOX gas sensors arrays; each sensor is mounted on a board connected through flat cables 
to the data acquisition system (Figure 4.51A); 

• 4 control systems, data acquisition and transmission via ethernet (Figure 4.51B); 

• temperature and humidity probes; 

• PC for the use of the Web-App to manage the acquisition of sensor data. 

 

Figure 4.51. Array and flat cables mounted on one shelf of the fridge (A) and the box containing electronic board 
for data acquisition and transmission (B). 

 

The sensor arrays employed were mounted below one of the refrigerator's glass shelves and 
held in place by a metal hook; the shelf was then positioned above the “chiller” drawer or the 
“vegetable” drawer according to the type of product analyzed. The sensors were initially mounted 
on a 10 cm x 10 cm ceramic plate with the respective boards. Subsequently, since the ceramic 
material retained the smell of the product after removing it from the position in the drawer due to 
its porosity, antibacterial Teflon (did not absorb odors) was used. The sensors have been protected 
by a metal grid to prevent accidental breakage because of accidental hits. The control, data 
acquisition, and transmission system has been positioned on the upper part of the shelf. The totality 
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of arrays plus electronic boards will be indicated below with the name S3, as the previous case of 
domestic ovens. 

In Figure 4.52, the S3 + fridge system is shown. The power cable and the Ethernet cable of the 
data acquisition system came out outside the refrigerator but did not cause problems when closing 
the front door. For each size, the entire drawer used was filled with only one type of product at a 
time to cover the largest possible area of the drawer itself. 

 

 
Figure 4.52. S3 + fridge system; below the array, the drawer was filled with one typology of food on time. 

 
The temperature and humidity probes were used to monitor the trend of the temperature and 

humidity inside the "chiller" and "vegetable" drawers having set 2 as the temperature on the 
potentiometer inside the refrigerator (Figure 4.53 and Figure 4.54). Regarding the temperature in 
the “chiller” drawer, a maximum value of 3.39°C, a minimum of -0.79°C, and an average value of 
1.32°C were recorded. For humidity, the maximum was 67.36%, the minimum 28.7%, and the 
average 45.49%. For the “vegetable” drawer, a maximum value of 10.39 ° C was recorded, a 
minimum of 6.9 ° C. For humidity, the maximum was 85.96% and the minimum was 43.76%. The 
highest temperature value was recorded after opening the front door of the refrigerator; it can be 
seen how over time the periodic trend of the blue curve tends to stabilize at lower values. Relative 
humidity, on the other hand, does not seem to be affected by the same phenomenon. 
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Figure 4.53. Temperature and humidity probe (on the left) and trend of these parameters in the “chiller” drawer. 

 

Figure 4.54. Trend of temperature and humidity in the “vegetable” drawer. 
 

Table 4.11 shows the types of sensors used in the four fridges. RGTO and NW were used; for 
both morphologies, SnO2 was considered without and with the addition of gold as a catalyst. Finally, 
one CuO sensor for each device was inlaid. In the table, it can be seen that some sensors present in 
the same array have the same structure, such as the sensors in positions 4 and 5 of “S3-Smeg1”. 
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However, the two differed for the operating temperature. Indeed, heating two sensors of the same 
material and morphology at different temperatures has the effect of changing the sensitivity of the 
sensors towards the same molecules. This implies that the two sensors, ideally equal, will behave 
as two different sensors. 

 
Table 4.11. List of sensors in each device. 

Position S3-SMEG1 S3-SMEG2 S3-SMEG3 S3-SMEG4 

1 RGTO-SnO2 (HR) RGTO-SnO2 (HR) RGTO-SnO2 (HR) RGTO-SnO2 (HR) 

2 RGTO-SnO2+Au RGTO-SnO2+Au RGTO-SnO2+Au RGTO-SnO2 

3 NW-CuO NW-CuO NW-CuO NW-CuO 

4 
NW-SnO2 
(300°C) 

NW-SnO2 
(300°C) 

NW-SnO2 
(300°C) 

NW-SnO2 

5 
NW-SnO2 
(350°C) 

NW-SnO2+Au 
(300°C) 

NW-SnO2 
(350°C) 

NW-SnO2+Au 
(350°C) 

6 
NW-SnO2+Au 

(300°C) 
NW-SnO2+Au 

(350°C) 
NW-SnO2+Au 

(300°C) 
NW-SnO2+Au 

(300°C) 

7 
NW-SnO2+Au 

(350°C) 
NW-SnO2 
(350°C) 

NW-SnO2+Au 
(350°C) 

NW-SnO2+Au 
(350°C) 

 
B) Microbiological Analysis 
The microbiological analysis was carried out to monitor the presence and development of 

indigenous microorganisms during the days in which the food was stored in the refrigerator. The 
analysis process can be divided into three phases (Figure 4.55). 

1. Every day (every two days for products belonging to the fruit and vegetable category) a 
total of 10 g of product was removed from the drawer containing the food, which was then 
placed in a Petri dish with a diameter of 90 mm in conditions of sterility. 
2. The sampled product was homogenized with the Stomacher, machines that work thanks 
to the action exerted by two alternating paddles on a sample enclosed in a sterile plastic bag. 
3. The sample obtained in the previous step was sown on four different selective culture 
media: 

• PCA (Plate Count Agar) for the total bacterial load of any sample; 
• MRS (De Man, Rogosa and Sharpe) for Lactobacillus spp, whose colonies typically 
appear white and opaque; 
• VRBGA (Violet Red Bile Glucose Agar) for the isolation of Enterobacteriaceae from 
food products; 
• RBCA (Rose Bengal Chloramphenicol Agar) for the isolation and count of yeast and 
mold; the presence of chloramphenicol in the medium inhibits the growth of most 
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contaminant microorganisms. It was used only for the “fruit and vegetables” 
category. 

After a period of 24 hours (for PCA and VRBGA plates) or 48 hours (for MRS medium), grown 
colonies were counted. The unit considered is the "colony forming units per milliliter" (CFU/mL). 
Regarding RBCA plates, 7 days were necessary to see the development of the molds. 
 

 

Figure 4.55. Phases of microbiological analyses: in the upper part, the sampling; in the middle, homogenization 
with Stomacher; in the lower part, the sowing in plate. 

 

C) Sensors’ analysis 
The analysis with the sensors was carried out from the moment the drawer was filled with the 

food until the drawer was emptied of the food due to the inedibility achieved. The sensors recorded 
and sent the variation in their resistance, due to volatile compounds inside the drawer, for 5 minutes 
every hour. It was decided to carry out a measurement every hour given that the deterioration 
process takes a few days before reaching completion. A period of 5 minutes was empirically chosen 
to understand what could happen in this time frame. 

 
D) List of samples 
Four categories of food established were analyzed: meat, fish, cheese/dairy products, and fruit 

and vegetables. For the “fish” category, salmon burgers and herring fillets were considered. The 
choice was made to understand how the response of the sensors changed in presence of an 
anatomical piece (herring) or minced meat (hamburgers). The salmon burger label shows the 
following list of ingredients: salmon (95% salmon fillet), organic potato flake (potato, antioxidant 
E395), while for herring no additives are indicated on the label. This clarification is necessary to 
understand how much the duration of these products is affected during storage in refrigerators 
before being considered unsafe for human consumption. 
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Following the same principle, chicken/turkey burgers and pork coppa were also considered for 
the “meat” category. An example of a hamburger label shows the following ingredients: turkey meat 
82%, water, iodized salt, vegetable fibers, rice starch, natural flavors, acidity regulator E262, 
antioxidant E301. Also, in this case, the addition of additives is not reported for the anatomical 
piece. For the “fruit and vegetables” category bananas, melons, peppers, apples, tomato, and 
cauliflower were considered. Finally, mozzarella cheese and ricotta cheese were analyzed as 
representative of the “cheese/dairy products” category. In Table 4.12, a list of samples with the 
number of replicas is reported. 

 
Table 4.12. List of analyzed samples. 

Food Number of replicas 
Fish 

Herring 2 
Salmon Burgers 2 

Meat 
Turkey Burgers 2 

Pork coppa 3 
Fruit and Vegetables 

Bananas 1 
Melons 1 
Peppers 1 
Tomato 1 
Apples 1 

Cauliflower 1 
Cheese/Dairy products 

Mozzarella cheese 3 
Ricotta cheese 1 

 

ii. Results 

This section will show the results obtained with the two techniques exposed (microbiology and 
sensors). The results will be divided according to the category and the correlation between the 
development of microorganisms on food and the response of sensors will be shown to evaluate the 
ability of the latter to warn in the situation in which food is no longer suitable for consumption by 
of a person. 

 
A) Fish tests 
Herring samples were monitored for four days; each day a code consisting of a T and an 

increasing number for each day passed was assigned. By convention, the first day is indicated with 
T0; therefore, in this case, the results relating to the duration T0-T3 will be presented. Figure 4.56 
shows the concentration of indigenous microorganisms developed in the samples for the three 



101 
 

different culture media in two of the tests carried out. The blue line represents the growth of the 
organisms related to test #1, while the red line is related to test #2. 

 

 
Figure 4.56. Growth of microorganisms from T0 to T3 in herring tests. The blue line refers to test #1, the orange 

line to test #2. 
 
The limit beyond which food is no longer considered safe for edibility is the value of 106 CFU/mL. 

This threshold was already exceeded at T0 as regards the PCA soil for test one and between T1 and 
T2 for test two, indicating that the life of the herring inside the refrigerator lasted less than 48 h. 
For VRBGA soil, the limit value was reached between T0 and T1 for test 1 and between T1 and T2 
for test 2, while it was exceeded in MRS soil only in the first of the two tests. To better show when 
this value was exceeded, in Figures 4.57, 4.58, and 4.59 a zoom of the same graphs of Figure 4.56 
are shown. 

 

 
Figure 4.57. Growth of microorganisms in PCA medium from T0 to T3 in herring tests. The blue line refers to test 

#1, the orange line to test #2; the dotted line indicates the threshold. 
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Figure 4.58. Growth of microorganisms in VRBGA medium from T0 to T3 in herring tests. The blue line refers to 

test #1, the orange line to test #2; the dotted line indicates the threshold. 
 

 
Figure 4.59. Growth of microorganisms in MRS medium from T0 to T3 in herring tests. The blue line refers to test 

#1, the orange line to test #2; the dotted line indicates the threshold. 
 

For salmon burgers, the results were quite similar. The threshold of 106 CFU/mL was exceeded 
in the PCA medium just after 48 hours, in the VRBGA medium between T1 and T2, while in the MRS 
medium at T2 for the second test (red line) and T3 for the first test (blue line ). In Figure 4.60, it is 
shown how the maximum concentration of CFU was reached around T2/T3 and subsequently, the 
concentration itself decreased. This phenomenon was probably since with the passing of days the 
hamburgers became less moist and a more unfavorable environment was created in which the 
proliferation became lower than the death of indigenous microorganisms. 
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Figure 4.60. Growth of microorganisms from T0 to T3 in salmon hamburgers tests. The blue line refers to test #1, 

the orange line to test #2; the dotted line indicates the threshold. 
 

Figure 4.61 shows the trends of four sensors, taken as an example for the entire "S3-Smeg3" 
array: above the two NW SnO2 (left) and SnO2Au (right), at the bottom RGTO SnO2 (left) and NW 
CuO (right). For each graph, the x-axis represents the time in seconds and the ordinate the resistance 
in ohms. For the first three sensors, with the passing of days, and the development of 
microorganisms, the resistance value of the sensors decreased due to the chemical reactions 
between sensitive material and volatile compounds. For the last sensor, however, the resistance 
increased because CuO has an opposite behavior compared to tin oxide. 
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Figure 4.61. Trends of four sensors in the array called “S3-Smeg3”.  

 
The pre-processing phase followed the data acquisition phase. Figure 4.62 shows the response 

of an NW SnO2 with an enlargement on some of the measurement acquisitions. Given that the 
duration of the acquisitions was 5 minutes every hour, this generated a sequence of intervals 
characterized by a stable resistance value with small fluctuations. Therefore, the average resistance 
value was considered for each measurement interval, to obtain a single characteristic value 
associated with the single measurement. The result of the pre-processing phase is shown in Figure 
4.63. In the graph, the x-axis is time, but now the unit of measurement is in hours (h). 

The responses of the sensors were correlated with the data obtained from microbiological 
analyzes to evaluate the ability of sensors to recognize the concentrations of microorganisms 
present on food. The correlation coefficient ρ between sensor resistances and bacterial 
concentrations was calculated. The correlation coefficient is an index that expresses a possible 
linearity relationship between the two variables considered. Table 4.13 shows those sensors whose 
response has a strong correlation (| ρ |> 0.7) with the number of CFU/mL obtained from the PCA 
medium. In particular, the resistance value of the day in which the results of the microbiological 
analysis ensured the end of the edibility of the food product of both herring and salmon burgers 
was considered. In this way, a generalization of the results with the two types of foods for the entire 
“fish” category was obtained. 
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Figure 4.62. Trends of NW-SnO2 with a zoom on the 5 minutes acquisition for each hour. 

 
  

 
Figure 4.63. Trends of NW-SnO2 after signal processing. 

 
 

Table 4.13. The correlation coefficient between sensors’ resistance and CFU/mL. 
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Sensor |ρ| 

RGTO-SnO2 (HR) 0,74 

RGTO-SnO2+Au 0,73 

NW-CuO 0,80 

NW-SnO2+Au (350°C) 0,98 

 
B) Meat tests 
As with the fish samples, the products belonging to the “meat” category were also analyzed for 

several days. However, unlike fish, turkey burgers never exceed the concentration of 106 CFU / mL, 
probably due to the stabilizing additives present in greater quantities. Figure 4.64 shows an example 
of counting the number of microorganisms per milliliter on a turkey burger sample. 

 

 
Figure 4.64. CFU/mL of microorganisms on turkey hamburger. In none of the medium cultures the threshold was 

reached. 
 
Also, from the analysis of the sensors, there were differences in the responses of the same 

(Figure 4.65). The signals proposed in the left part of the figure are related to an NW-SnO2 and in 
the right part to a NW-SnO2Au of the “S3-Smeg2” device. They take on a periodic trend, mainly due 
to two factors. Compared to fish, meat burgers produced a lesser odor; besides, the opening of the 
refrigerator door for sampling intended for microbiological analysis resulted in the leakage of 
volatile compounds towards the outside of the refrigerator which had a greater impact than 
measurements with herring and salmon burgers. 

For these reasons, the signal peaks correspond to the data acquisitions following the opening of 
the door; over time the resistance value returned to decrease as usual. What it is possible to notice 
is that with the passing of the days the "jump" between the measurement before and after opening 
the door decreased; probably this effect was due to the increase in the number and type of volatile 
compounds that developed as the concentration of microorganisms increased. To better 
understand this trend, Figure 4.66 shows how much the "jump" calculated for all the analysis days 
was: on the left the trend for the NW-SnO2 sensor and on the right for the NW-SnO2Au sensor. 
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Figure 4.65. Trend of NW sensors for turkey hamburger. It is evident the periodic trend of the signals. The blue 

line is test #1, the orange line test #2. 
 

 
Figure 4.66. Trend of the “jump” over the following days. The blue line is test #1, the orange line test #2. 

 
The signals obtained from the analysis of anatomical pieces, specifically pork coppa, differed 

from those of hamburgers. In particular, the periodic oscillatory trend seen above was not found, 
but a decrease or an increase in resistance depending on the type of sensor considered. In Figure 4-
67, four sensors of the "S3-Smeg4" array for test #3 are shown, starting from the top left corner, 
and proceeding clockwise: RGTO SnO2, CuO, NW SnO2Au (350 ° C), and NW SnO2Au (300 ° C). It can 
be noted that for the tin oxide sensors the resistance value decreased with time, while for the 
copper oxide sensor the resistance increased. 

On the other hand, Figure 4.68 shows the growth trend of the total microorganisms on the PCA 
medium. The analyzed samples exceeded the edibility limit at different times although they were 
all packaged on the day the analyzes began: at T1 for test 1 (blue line), at T2 for test 3 (green line), 
and between T4 and T7 for test 2 (red line). The results of the two types of analysis were related; in 
particular, the correlation coefficient between the resistance of the sensors and the concentration 
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of microorganisms in PCA was calculated. Figure 4.69 shows an enlargement of Figure 4.68 to 
highlight the exceeding of the limit value. 

 
Figure 4.67. Signal from four sensors in the “S3-Smeg4” device. A) RGTO-SnO2, B) NW-CuO, C) NW-SnO2+Au 

(300°C), D) NW-SnO2+Au (350°C). 
 

 
Figure 4.68. Microorganisms growth on PCA medium for pork coppa samples. The blue line is test #1, the orange 

line is test #2, the gray line is test #3. 
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Figure 4.69. Enlargement of Figure 4.68. The black dotted line represents the threshold, the gray dotted line the 

extension of the gray solid line. 
 

Figure 4.70 shows the R vs CFU/mL graphs for the four sensors for which the coefficient of 
determination was greater than 0.7. The correlation was calculated between the value of CFU/mL 
and the value of resistance at the hour of sampling for each day. The best sensors were RGTO-SnO2 
and NW-CuO, for which R2 = 0.96 and R2 = 0.94, respectively. Since the value of R2 is close to the 
maximum value, i.e 1, both sensors accurately follow the temporal evolution of the stored food. 

 
 

 
Figure 4.70. Correlation between resistance and CFU/mL along the four days of analysis for the sensors with 

R2>0.7. 
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C) Fruit and vegetable tests 
Fruit and vegetable samples were monitored for a longer period than meat and fish samples. 

This happened because the main microbiological contaminants for this category are molds, which 
took more time to grow and develop. Figure 4.71 shows an example of mold growth for the pepper 
sample at T0. The two plates at the top correspond to dilution -1, while those at the bottom 
correspond to dilution -2: it is evident that the number of molds in the upper plates was about 10 
times the number of the lower ones. 

 

 
Figure 4.71. Number of molds found in peppers samples on the first day (T0). 

 
As for the coppa pork samples, also in this case the correlation between the response of the 

sensors with the number of molds was performed. The only difference from the previous case was 
that the samples were taken every 2 days instead of daily. However, due to a blackout in early July, 
the refrigerators went without power for a few hours, not knowing exactly how much. 
Consequently, the preservation of the products inside them took place at temperatures higher than 
allowed, accelerating the processes of food spoilage. Figure 4.72 relates to the measurement made 
with bananas; it is possible to notice that the sensor resistance decreased, more or less abruptly 
depending on the sensor considered, between the last measurement before the power failure and 
the next one after restarting the instruments. The jump was at time t = 64 h, higher for the RGTO-
SnO2 sensor on the left, lower for the NW-SnO2 on the right. 

Even if in this case it was not possible to correlate the sensor response with the mold count, it 
was equally possible to highlight the ability of the sensors to follow the progress of the state of 
conservation of the products. An almost constant initial trend, relating to the fact that in the first 
hours the deterioration of the product was very slow, was followed by the decrease in resistance as 
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already seen for the measurements of fish and meat. The only difference was that the decrease, in 
this case, was not continuous and gradual, but abrupt. 

In addition, information on the status of the product could be obtained from the appearance it 
assumes over the days. In the case of bananas, as in the example in Figure 4.73, the change in the 
color of the outer skin and also in the internal color of the cut fruit, which has turned black, is visible 
after 5 days (right). 

 
Figure 4.72. Jump of resistance due to blackout for two sensors: RGTO-SnO2 (left) and NW-SnO2 (right). Bananas 

were samples under analysis. 
 

 
Figure 4.72. Bananas appearance evolution. On the left, first day (T0), on the right, fifth day (T4). 
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Next measure was done using canned tomato pulp. To perform the test, four cans of the same 
brand were put inside the “vegetable” drawer. In Figure 4.73 the filtered signal is shown. Indeed, it 
was found that the sensors’ signals were affected by noise that could alter the spoilage recognition. 
Hence, signals were smoothed using a Savitzky-Golay filter. In the figure, the signal of a NW sensor 
had an opposite trend respect to previous measures since the resistance changed towards higher 
values. Generally, the mixture of VOCs has a reducing action inducing a reduction in resistance. 
Instead, it seemed that in canned tomato pulp the growth of microorganisms and molds caused a 
production of molecules that had an overall oxidizing action on tin oxide causing an increase of 
resistance. 

At t = 89 h, the overcoming of the value of 106 CFU/mL was recorded, specifically a concentration 
of 4.5x106 CFU/mL was identified. The resistance value at t = 89 h is greater than the initial one, 
indicating that the sensors are able to follow the deterioration of the product. As regards the NW 
SnO2 sensor in Figure 4.73, the peaks towards lower resistance values observed just before 150 h 
and at intervals of about 48 h are due to the openings of the front door of the refrigerator for the 
sampling of the pulp to be analyzed in the laboratory with the microbiological techniques. 
 

 
Figure 4.73. NW-SnO2 (350°C) for canned tomato pulp test. 
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In Figure 4.74, the response trend of a NW SnO2 sensor to the measurement made with 
cauliflower is presented. As in the case of tomato pulp, resistance increased with increasing 
deterioration of the product. 

 
Figure 4.74. NW-SnO2 (350°C) for cauliflower test. 

 
Finally, in Figure 4.75, there is the response of an NW sensor to the progress of apple ripening. 

In this case, the resistance decreased with time and after 21 days this decrease stops, resulting in 
the plateau around t = 500 h. This behavior was due to the ripening process that caused the fruit to 
release ethylene. As the ethylene production rate increased, the resistance of the sensor decreased 
to the point where it stopped bringing the sensor signal to a steady state. 
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Figure 4.75. NW-SnO2+Au (300°C) for apples test. 

 
D) Cheese/dairy products tests 

The mozzarella and ricotta samples were monitored for 4 or 6 days depending on the product, 
until the limit of 106 CFU/mL was reached, beyond which it is no longer considered safe from the 
point of view of edibility. In the next two figures (Figure 4.76 and 4.77), the responses of two NW-
SnO2 sensors functionalized with gold and heated at two different temperatures (300 ° C and 350 ° 
C) for the measurement of the ricotta are shown. 
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Figure 4.76. NW-SnO2+Au (300°C) for ricotta cheese test. 

 

 
Figure 4.77. NW-SnO2+Au (350°C) for ricotta cheese test. 
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The sensor signals were smoothed using the Savitzky-Golay filter. Figures 4.78 and 4.79 show 
the signals thus filtered and compared with the signals of Figures 4.76 and 4.77. Furthermore, the 
total concentration of microorganisms found in the ricotta cheese at the two instants t = 51 h and t 
= 75 h is indicated. This shows how within 24 hours the ricotta passed from being edible to being 
considered no longer suitable for consumption. The sensor signal was characterized by an almost 
constant resistance value in the period in which the product was still suitable for consumption, while 
it began to decrease when it expired. In fact, at t = 51 h the microbiological analysis of the total 
count of microorganisms shows that there is a concentration of 3.23x104 CFU/mL, therefore below 
the limit value, and this meant that the variations in resistance were not significant but only 
fluctuations around an average value. Instead, at t = 75 h the concentration rose to 5x107 CFU/mL 
and the resistance already decreased compared to the plateau phase of the signal. This suggested 
that around the value of 106 CFU/mL started the decrease in the resistance value. The same 
considerations apply to both sensors shown. 

 

 
Figure 4.78. Original signal (red) and smoothed signal (blue) from NW-SnO2+Au (300°C) in ricotta cheese test. 
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Figure 4.79. Original signal (red) and smoothed signal (blue) from NW-SnO2+Au (350°C) in ricotta cheese test. 

 
In Figure 4.80 and 4.81 there are similar signals referred to mozzarella cheese tests. It can be 

seen that the general trend of the sensors did not differ from those obtained with the ricotta test: 
a first stationary phase until the mozzarella remains edible and when the value of 106 is exceeded, 
the resistance decreases. This happened at different times for the different tests, even though the 
product was the same. In addition to the considerations expressed for ricotta, in this case it was 
important to highlight the reproducibility of the measurements: in fact, even after a few weeks the 
sensor baseline remained in the same range of resistance values, thus highlighting the feasibility of 
this type of device to monitor the state of food inside refrigerators. 
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Figure 4.80. Signals from RGTO-SnO2 for mozzarella cheese tests. 

 

 
Figure 4.81. Signals from NW-SnO2+Au (400°C) in mozzarella cheese test. 
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E) Mix foods tests: fish and mozzarella cheese 
This test had not been included in the initial contract (technical annex), but strongly encouraged 

by the representatives of the SMEG company. The results obtained by placing food belonging to 
different product categories into SMEG refrigerators will then be reported below. 
For this test, the drawer was initially filled with four packs of mozzarella and one of shrimp. At the 
beginning of the third day of analysis, the shrimps were removed because they were no longer 
suitable for human consumption, therefore leaving only the mozzarella inside the drawer; after 
about eight hours, two packs of sardines were placed. After that, on the fifth day, the sardines were 
removed from the drawer where only the mozzarella samples remained.  

In Figure 4.82, the trend of the RGTO-SnO2 sensor is shown; the vertical dotted lines indicate the 
moment in which there was a change in the set of products analyzed: in the first 37 hours shrimps 
and mozzarella (S + M in the image box); from 38 to 44, only mozzarella (M); from 45 to 85 herring 
and mozzarella (H + M in the box) and finally only mozzarella again (M). In the first period, the 
resistance of the sensor decreased; this decrease agreed with what has already been obtained in 
the previous fish analyzes shown. When the shrimps were removed, the sensor resistance began to 
rise until it returns to the baseline in a few hours: this happened because a part of the compounds 
emitted by the expiring product remain for some time inside the refrigerator drawer, but in lower 
quantity over time. After about eight hours, two packs of herring were placed in the drawer. As the 
bacterial load of the fish increased, the resistance returned to decrease as expected, but with a 
greater slope than in the case of shrimps, also due to the greater amount of product present. In the 
third period, after the removal of the herring, the resistance increased again for the same reasons 
expressed above and immediately decreased due to the molecules emitted by the expired 
mozzarella. This type of trend can therefore be used to predict the expiration of a product, allowing 
it to be consumed in time and avoiding the ingestion of unsafe food and reducing waste. 

Figure 4.83 shows the signal trend of another RGTO-SnO2 functionalized with gold relative to the 
same measurement. The main differences with the response of the previous sensor were two: a) 
the sensor in question did not seem to respond to the deterioration of shrimps while b) is much 
more sensitive to the one of mozzarella. This difference in behavior between the two sensors was 
an advantage in view of the use of the array on very different food matrices: in this case, in fact, 
since the sensors are not specific for a single molecule/family of molecules, it was important that 
they responded in a different way to the same stimuli in order to cover the widest possible range of 
foods used in domestic storage. In fact, it could be assumed from this test that if the RGTO-SnO2 
sensor was more suitable for recognizing the state of shrimp and herring, the other responds equally 
well for mozzarella, as well as for herring. 

The test also revealed the system's ability to dynamically adapt to changes that may occur in the 
home, reducing the signal in conjunction with the approach of inedible food and increasing it 
immediately after their removal. The response mode of the sensors was therefore promising to 
ensure that the sensors themselves are used for this application, not being affected by opening the 
refrigerator door, changing and replacing food. 
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Figure 4.82. Signals from RGTO-SnO2 in mixed test. 

 

 
Figure 4.83. Signals from RGTO-SnO2+Au in mixed test. 
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F) Sensors’ performances evaluation and conclusions 
After the measurements of the four types of food agreed, it could be said that both technologies 

used for the production of the sensors (RGTO and NW) were useful for the purpose of the project. 
The sensitive element that had proved to be promising for this application is tin oxide (SnO2), 
without gold and functionalized with gold. On the contrary, sensors made with copper oxide (CuO) 
did not give the desired results and therefore will not be considered in the future. 

From the analysis of the performance of the sensors, it was clear that a single sensor was not 
able to recognize the different categories of food that can be stored in a refrigerator, but only 
through the use of an array this goal could be achieved. The following list indicates for each 
"promoted" sensor the category to which the response was indicative of the evolution of the shelf-
life: 

1. RGTO-SnO2: fish, meat, mixed; 
2. RGTO-SnO2Au: fish, mixed; 
3. NW-SnO2: fresh vegetables and / or fruit; 
4. NW-SnO2Au: fresh fish, meat, dairy products, vegetables and / or fruit. 
From the tests carried out it was therefore possible to follow the conservation status of the 

products for all the food types chosen. These types were chosen precisely because they represent 
the product categories typically present within the domestic refrigerators. Finally, Table 4.14 shows 
the correlation coefficients of the sensors with the bacterial load of the food for the types of 
categories considered. The initials "N.E." (not evaluable) indicates that it was not possible to provide 
a real value of ρ since, having two vegetable measures (tomato and cauliflower), it would necessarily 
be equal to 1. And furthermore, the third measure of the category (apples) showed that the sensor 
response was of the opposite type, as shown in the previous images. 

 
Figure 4.14. Correlation coefficient for sensors’ responses with CFU/mL. “N.E.” = not evaluable. 

Sensor 
|ρ| 

Fish Meat Fruit/Vegetable 
Cheese/Dairy 

products 
RGTO-SnO2 (HR) 0,74 0,76 -- 0,72 
RGTO-SnO2+Au 0,73 0,96 -- <0,5 

NW-CuO 0,80 0,94 -- -- 
NW-SnO2 -- 0,77 N.E. <0,5 

NW-SnO2+Au 0,98 -- -- 0,99 
 
For this reason, Figure 4.84 shows the relationship between resistance and concentration for 

the measurements of tomato and cauliflower in which it can be seen how the resistance of the 
sensor decreases as the bacterial load increases: at a concentration of 1.4*106 CFU/mL it 
corresponds a resistance value of 2.6 MΩ, while it drops to 77 kΩ for a bacterial load equal to 
4.5*106 CFU/mL. 
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Figure 4.84. Concentration vs Resistance in cauliflower and canned tomato pulp tests. 

 
Finally, it is possible to give general conclusions for this project. 
1. As regards the choice of the optimal position of the sensors, the solution adopted (i.e. fixing 

them to a refrigerator shelf above the drawer containing the products) allowed the correct 
functioning of the sensor array. 

2. For all four categories examined (meat, fish, fruit and vegetables, cheese/dairy products), the 
recognition of the state of conservation of food could be achieve; sensors’ signal were in line with 
the results obtained from the microbiological analysis. 

3. The response mode of the sensors is not affected by opening the refrigerator door (except for 
meat), by changing and replacing food with others or by completely removing it. 

4. The test also revealed the system's ability to dynamically adapt to changes that may occur at 
home, reducing the signal in conjunction with the approach of inedible food and increasing it 
immediately after their removal. 

5. The signal trend of the selected sensors could therefore be used to predict the expiration of 
a product, allowing it to be consumed in time and avoiding the ingestion of unsafe food and reducing 
waste. 

6. Best performing sensors on the broadest spectrum of were identified to reduce array 
dimensionality: RGTO-SnO2, RGTO-SnO2Au, NW-SnO2 and NW-SnO2Au. 
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7. The test called “mixed” highlighted 2 things. The first relates to the high ability of the 
technology to adapt to conditions similar to domestic ones. The second relates to the sensor's ability 
to respond even only to an inedible food among others that are still healthy. 
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V. Industry 4.0: A case study 
In this chapter research in collaboration with “Menz & Gasser”, CNR-IBBR and Nasys will be 
presented. It can be included in the context of the Industry 4.0 idea: indeed, the ultimate aim of this 
research will the installation on the production line of Menz & Gasser factory of a smart device that 
will include chemical sensors for the samples’ analysis and a cloud computing application for the 
sending, storage, and elaboration of data through machine learning algorithms.   
Hence, the main aim of this part of the research is to demonstrate the capability of the S3 device, 
in conjunction with data analysis methods (LDA), to differentiate different recipes and fruit jams 
with high accuracy.  

 

1. Data processing 

i. S3 method optimization 

The device used in this study was the one called “S3-003”. In Table 5.1 there is a list of sensors 
produced at Sensor Laboratory. There are other four commercial MOX sensors, namely TGS2602, 
TGS2611, MQ2, and MQ3. The provided samples from the “Menz & Gasser” company belonged to 
six different recipes and fruits. The considered fruits were apricot, strawberry, cherry, raspberry, 
blackberry, and cranberry; the recipes will be indicated with the names of the brand whereby they 
are found in the market: “100% fruit”, “Light”, “Stevia”, “Puertosol”, “Vitalibre”, and “Alpenhain”. 
“Light” and “Stevia” were at the single portion state, while the other in glass jars. 

 
Table 5.1. List of the sensors used in the application and produced at Sensor Laboratory (“S3-003” device). 

Material (type) Composition Morphology Temperature 

SnO2+Au (n) 
SnO2 functionalized 

with gold 
RGTO 400 °C 

SnO2 (n) SnO2 RGTO 400 °C 

SnO2+Au (n) 
SnO2 grown on gold 
and functionalized 

with gold 
Nanowire 350 °C 

SnO2 (n) SnO2 grown on gold Nanowire 350 °C 

CuO (p) CuO Nanowire 350 °C 

 
The first step of the analysis was the preparation of the samples. The samples were prepared 

under sterile conditions. All the material used for the preparation (vials, septa, and syringes) was 
sterilized in an autoclave at 121 ° C for 15 min to eliminate any possible microbiological cross-
contamination that could have altered the characteristic set of VOCs of the product. Glass vials with 
a volume of 20 ml were used, inside which 10 g of jam were placed. The jam took up about 35% of 
the vial volume, leaving 13ml of free space for headspace formation. Once closed with septa made 
of polytetrafluoroethylene (PTFE)/silicone, the samples were left at room temperature for 1 hour 
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to reach equilibrium inside the vial. In this method optimization phase, the single portions of the 
“Stevia” recipe were considered in the four flavors available, namely strawberry, apricot, cherry, 
and blackberry. 

For subsequent analysis with the sensor array, the method was optimized in terms of times and 
temperatures. The list of the tested methods is presented in Table 5.2, in the order in which they 
were tested. Four sample conditioning temperatures tested were: 40°C, 80°C, 60°C and 30°C. In all 
the cases, the sample remained at a constant temperature for 15 minutes. Except for methods 
number #1 and number #4, the rest showed disadvantages in terms of preparation of the 
measurement setup due to the formation of condensation. Condensation was formed in the tubes 
of the fluid flow circuit due to a temperature gradient between the sample and the inside of the 
tubes of 55°C and 35°C respectively for method number #2 and method number #3, considering 
that the temperature of the room where the analyzes were carried out was around 25°C. 

 
Table 5.2. List of methods through the optimization with conditioning temperatures and times, analysis and recovery 

time, and note. 

Method number 
Conditioning 

temperature (°C) 
Conditioning time 

(min) 
Analysis time (min)/ 
Recovery time (min) 

Note 

#1 40 15 2/8 -- 

#2 80 15 2/8 Condensation 

#2a 80 15 5/10 

1. Added approx. 
900 mL condenser. 

2. Added 
intermediate time 
between analysis 

and recovery. 

#2b 80 15 5/10 

1. Added approx. 20 
mL condenser. 

2. Added 
intermediate time 
between analysis 

and recovery. 

#3 60 15 5/10 

1. Added approx. 20 
mL condenser. 

2. Added 
intermediate time 
between analysis 

and recovery. 

#4 30 15 5/10 -- 

#4a 30 15 5/10 Sonicated samples. 

 



126 
 

The formation of condensation was a problem for the analysis with the sensor array as the 
contact of a liquid with the sensitive material could damage the sensor and compromise its 
operation. Furthermore, the drops of condensation could “trap” volatile molecules along the tubes 
of the fluid dynamic circuit, making them unavailable for detection by the sensors and altering the 
measurement. To counter these negative effects, two strategies have been adopted: 1.) the use of 
a condenser between the autosampler and S3 to prevent condensation from reaching the sensors 
and 2.) the addition of an intermediate time between the analysis time and the recovery of the 
baseline to clean the pipes of the first part of the circuit from the drops. Furthermore, the analysis 
time was increased from 2 min to 5 min. 

However, the insertion of the capacitor led to a reduction in the response of the sensors due to 
a "dilution" of the VOCs inside the container used as a condenser. Indeed, considering that the flow 
rate was kept constant by the pump at 100 sccm, a sudden widening of the section (from 2 mm of 
the pipe to 20 mm of the condenser) caused a sudden decrease in flow velocity and therefore 
stagnation, in addition to the generation of vortices at the tube/condenser interface which could 
make the flow turbulent. Consequently, a time interval of 5 minutes between the analysis time and 
the recovery time was added to bring the VOCs from the condenser to the sensor chamber (but not 
the condensation); however, in this way air was inevitably added to the mix of VOCs which caused 
their dilution. 

Figure 5.1 and Figure 5.2 represent the schemes described in Table 5.2. Specifically: in Figure 5.1 
the scheme that refers to methods number #2a, #2b, and #3, whilst in Figure 5.2 the set-up for 
methods #1 and #4 is shown. 

 

 
Figure 5.1. Set-up scheme for methods #2a, #2b and #3. 
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Figure 5.2. Set-up scheme for methods #1 and #4. 

 
Once better results were obtained with method 4, it was decided to develop an alternative 

preparation method to see if it was possible to achieve a better discrimination between tastes and 
recipes, that is the sonication of the sample. Sonication is ultrasonic irradiation done to enhance 
chemical reactions (IUPAC. Compendium of Chemical Terminology, 2nd ed. (The "Gold Book"). Compiled by 
AD McNaught and A. Wilkinson. Blackwell Scientific Publications, Oxford (1997). A device is used that 
generates amplified mechanical vibrations by exploiting the high-frequency electric current 
produced by a generator. The ultrasounds are transmitted in a tank containing water, which can 
also be thermostated at various temperatures. In method number #4a, the samples were placed in 
an Argo Lab sonicator (model: Digital ultrasonic bath DU-45) set at the maximum temperature, i.e. 
30°C, for three different times: 5, 10, and 15 minutes. The following jams were used to test the 
validity of this method: “Alpenhain” cranberry, “Puertosol” cherry, and “100% fruit” raspberries. 

Finally, a final difference between the tested methods concerns the jams analysis times: while 
for the first two methods, 2 minutes of analysis and 8 minutes of baseline recovery were set, in the 
other methods it was decided to lengthen the times to 5 and 10 minutes respectively, thus passing 
from a total of 10 minutes per single measurement to 15 minutes. 

The results of all the methods and the final considerations on each of them will be shown in 
paragraph c) Evaluation of the methods used. 

 

ii. Evaluation of the methods used 

Evaluation of sensor performance depends on the method chosen. This section will show the 
statistical methods used in the data collected for each method. The data were obtained by analyzing 
samples of “Stevia” recipe jams for the four flavors available: apricot, cherry, strawberry, and 
blackberry. Table 5.3 summarizes the number of replicates used in each method. Except for method 
1, which was the first to be tried, it was decided to limit the number of replicas performed in the 
other methods. Indeed, the purpose of these tests was to find the optimal conditions for making 
the sensors work with Menz & Gasser products. In the continuation of the project, the number of 
types of samples and their replicas analyzed will be increased so that a sufficiently large database 
can be built that contains all the information on the products that are of interest to the company. 

To objectively determine which method was the best, starting from the sensor signals, the 
parameter was extracted that considers how much the resistance of the sensitive material varies as 
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a result of exposure to volatile compounds characteristic of jams. The characteristic parameters for 
each measure were then compared with ANOVA. The purpose of the analysis is to demonstrate that 
the observed variability is due to the actual diversity of the groups considered and not to natural 
statistical fluctuations. A p-value of 0.05 was considered. 
 

Table 5.3. List of replicas done for each method and divided for fruit. 
Method number Conditioning temperature (°C) Number of replicas Number of replicas for fruit 

#1 40 104 
Apricot: 24; Cherry: 25; 

Strawberry: 27; Blackberry: 28 

#2 80 30 
Apricot: 7; Cherry: 6; 

Strawberry: 9; Blackberry: 8 

#2a 80 40 
Apricot: 10; Cherry: 10; 

Strawberry: 10; Blackberry: 10 

#2b 80 40 
Apricot: 10; Cherry: 10; 

Strawberry: 10; Blackberry: 10 

#3 60 39 
Apricot: 10; Cherry: 10; 

Strawberry: 9; Blackberry: 10 

#4 30 28 
Apricot: 6; Cherry: 8; 

Strawberry: 8; Blackberry: 6 
 Total replicas 281  

 
In the first case, to know which or which groups are different from the others, a type of test 

called "multiple comparisons" must be used, which compares all the groups and indicates which 
ones are different from the others. The multiple comparison test used for analyzing the data 
obtained from the sensors is the Tukey test. The two tests (ANOVA and Tukey) were carried out on 
each sensor individually to investigate the potential of the same to discriminate between apricot, 
strawberry, cherry, and currant under certain conditions of times and temperatures.  

The analyzes presented above have been applied from time to time to the methods shown in 
Table 5.3. Figure 5.3 shows the box plots relating to method #1; four types of sensors were chosen 
as representative examples: RGTO-SnO2+Au, RGTO-SnO2, CuO, and NW-SnO2+Au. 
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Figure 5.3. Box plot related to tests done with method #1 of two RGTO and NW sensors. 

 
For all the sensors showed it can be seen that the distribution boxes of the four fruits were 

overlapped, as well as the notches around the median. Furthermore, the p-values obtained by 
ANOVA are greater than 0.05 and this supports the conclusion that the four distributions are equal 
to 95%. Consequently, the times and temperatures chosen for this method do not allow the sensors 
to work in optimal conditions. 

Moving on to method #2, it is possible to immediately notify the interference due to the 
formation of condensation as already explained above. This affected the signals making them noisy 
and not very reproducible as the amount of humidity tends to increase with the progress of the 
measurements. Figure 5.4 shows the responses of two sensors, SnO2 RGTO and NW. On the x-axis, 
there is the time expressed in seconds and the measurements are grouped by type of fruit and the 
types put in sequence; on the y-axis, there is the resistance in Ω. Since the signals were altered and 
not useful for the project, in this case, it was decided not to proceed with the statistical analyzes, 
which would have given neither reliable nor significant results on the functionality of the chosen 
working conditions. 
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Figure 5.4. Signals from two SnO2 sensors, RGTO and NW, with method #2. 

 
The insertion of a capacitor made the signals of the two previous sensors less noisy, as can be 

seen in Figure 5.5. The signals were smoother and reproducible for all four fruits. The results of the 
statistical analysis, however, although better than those obtained with method #1, did not provide 
sufficient evidence to be able to state that the sensors were able to discriminate between tastes. In 
fact, in the box plots they still overlapped, and the p-values obtained by ANOVA were even greater 
than 0.05, although lower than in the previous case. These considerations, together with those 
made on the possible dilution of the VOCs inside the condenser, were also confirmed by the display 
of the responses of the sensors, in particular of the NW-SnO2. 

 

 
Figure 5.5. Signals from two SnO2 sensors, RGTO and NW, with method #2a.  

 
After the reduction of the size of the capacitor (method #2b), it was observed that the response of 
the sensors remained reproducible and little affected by noise. However, there was no 
improvement in terms of statistical results compared to method #2a. For this reason, the next step 
was to reduce the conditioning temperature from 80 ° C to 60 ° C. The results obtained did not differ 
much from the previous ones, except the RGTO-SnO2 sensor for which a p-value of 0.012 was 
obtained. This indicated that at least one group had a significantly different average from the others. 
Reading the results of Tukey's test, it turned out that the sensor was able to distinguish apricot from 
blackberry. However, since there was only one sensor for which the statistical analysis gave an 
acceptable result, it was decided to discard this method as well as it was not functional for achieving 
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the goal. Therefore, it was assumed that using a high sample conditioning temperature could have 
disadvantages on the aromatic profile of the jams under examination, generating condensation with 
the drawbacks previously described. For this reason, it was decided to switch to a sample 
preparation temperature close to room temperature, i.e. 30 ° C. In this way, the complexity of the 
physical set-up and also of the measurement times was reduced, no longer having to wait for the 
cleaning of the fluid dynamic circuit on the autosampler side. 

Figure 5.6 shows box plots for four different sensors: the two types of RGTO and the two of NW 
with and without gold. Considering the graph on the top left, relating to the RGTO-SnO2+Au sensor, 
it can be seen that the sensor can discriminate between two groups, i.e. apricot-cherry is different 
from strawberry-blackberry. Within the groups, the distributions tend to overlap in this case. 
Proceeding clockwise, for the second graph it is observed that the strawberry flavor is distinct from 
cherry and blackberry. The results of these two sensors are important because they highlight the 
need to use an array of sensors: indeed, if we combine the discriminatory capabilities of the first 
RGTO with the second it is possible to distinguish three distinct classes, namely apricot-cherry, 
strawberry, and blackberry. To complete the goal of distinguishing all four flavors, the information 
of the third sensor, the NW-SnO2+Au, must also be taken into consideration: it distinguishes apricot 
from all the other three flavors, providing new information. 

 

 
Figure 5.6. Boxplots from two SnO2 and two SnO2+Au sensors, RGTO and NW, with method #4.  

 
Finally, for the fourth sensor at the bottom right, similar considerations could be made for the 

RGTO-SnO2: the main difference was that the strawberry and the blackberry were revealed as 
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different from apricot and cherry, for which instead no dissimilarities were noted. This 
differentiation that could be observed graphically was also supported by the ANOVA results: for all 
the sensors shown, the p-value was less than 0.003. Being a very low value, an equally small mistake 
was made in accepting as true the hypothesis that there were differences between groups. 

On the other hand, Figure 5.7 shows the Tukey test results for the same measurements. This 
type of graph shows the distribution spread over a line that covers the same range of values as the 
box plots. It is a type of interactive graph as selecting a line (which is automatically colored in blue) 
highlights in red the groups concerning which the selected one is statistically different. The figure 
shows the four cases related to the RGTO-SnO2+Au sensor; the title indicates the selected flavor. 
From the graphs, it can be read that apricot is significantly different from strawberry and blackberry, 
while the cherry could not be distinguished from the other three flavors. For the other three sensors, 
the test results are shown in Figure 5.8, Figure 5.9, and Figure 5.10. 

 

 
Figure 5.7. Results of the Tukey test for the RGTO-SnO2+Au sensor.  

 
Figure 5.8 relating to the RGTO-SnO2 sensor confirms the considerations made by looking at the 

box plots in Figure 5.6: the strawberry flavor was correctly recognized as different from apricot, but 
unlike the previous sensor, a significant difference was observed between cherry and apricot. This 
was important because it added the information necessary for the recognition of the four flavors. 
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Figure 5.8. Results of the Tukey test for the RGTO-SnO2 sensor.  

 
The most evident result obtained from Tukey's test on the NW-SnO2+Au sensor and shown in 

Figure 5.9 is the difference that the sensor can hear between the apricot and the remaining flavors 
(top left graph). Thus, the nanowire alone manages to make the same distinctions that the two 
RGTO sensors did together. 

Finally, for the graphs shown in Figure 5.10, considerations similar to those already exposed to 
the NW-SnO2 sensor were considered valid. In addition, there was a significant difference between 
the strawberry and the cherry that was not achieved with previous sensors. It may also be noted 
that the test result provided information that could not be learned simply from viewing box plots. 
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Figure 5.9. Results of the Tukey test for the RGTO-SnO2+Au sensor.  

 

 
Figure 5.10. Results of the Tukey test for the NW-SnO2 sensor.  
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In conclusion, it can be said that the optimal method was the one whereby the samples were 
kept at a constant temperature of 30°C before analysis with the sensors, with analysis times of 5-10 
minutes for the aspiration phase of the VOCs and restoring the baseline with ambient air. In this 
way, the goal of distinguishing the different flavors of jams was achieved by keeping the chosen 
recipe fixed. Furthermore, the method had the advantage of using the lowest temperature among 
those investigated: this implied a reduction in the time and consumption to reach the temperature 
in the oven of the autosampler, in this specific context, and of the future instrument used in the 
industrial field. 

Since the best results were obtained with method #4, it was decided to develop an alternative 
preparation method: to see if it was possible to achieve a better discrimination between tastes and 
recipes, it was decided to subject the sample to a sonication process for different times (5, 10, and 
15 minutes) at a temperature of 30°C. Four replicas at each time were performed. The following 
jams were used to test the validity of this method: “Alpenhain” cranberry, “Puertosol” cherry, and 
“100% fruit” raspberry. 

Figure 5.11 shows the signal trend of the RGTO sensors for the measurements made on the 
standard Alpenhain cranberry and the sonicated one. As can be seen, for the RGTO-SnO2+Au sensor 
the normalized resistance variation was around 30%, while for the samples after the sonication 
process it increased about up to 55%. There is also an increase for the other sensor, even if lower: 
it went from a variation for the standard product about 17% to about 20% for the sonicated one. In 
both cases, no differences were observed between the different sonication times; for this reason, it 
was preliminarily believed that the most efficient choice should be to sonicate the sample under 
analysis for the shortest possible time at maximum power, i.e. 5 minutes. 

In Figure 5.12, a bar chart for variations of normalized resistance is divided into standard samples 
and sonicated samples. The two graphs indicate the response of the two RGTO sensors in the array; 
results are expressed in terms of mean (height of the bar) and standard deviation of the mean (black 
line over the bar). Both RGTO sensors show a difference in resistance between sonicated samples 
and standard ones due to the interaction with VOCs. In the case of the RGTO-SnO2+Au sensor, this 
variation was more noticeable, which means that this sensor was more sensitive to VOCs of the 
“Alpenhain” cranberry fruit jam. On the contrary, the variation in resistance between sonicated and 
standard samples is small in the RGTO-SnO2 sensor but visible and consistent among the sonicated 
samples at different times. 

To understand the reason behind the different responses of the sensors, the GC-MS technique 
was used to find a difference in molecules of the VOCs mixture. The expectation was to find newly 
formed compounds and/or an increase in the abundance of existing ones. The GC oven temperature 
programming was applied as follows: at the beginning, the chromatographic column was kept at 
40°C for 2 min and, subsequently, the temperature was raised from 40°C to 70°C at 5°C/min and 
held for 1 min. Next, the temperature was increased from 90 to 240°C, with a rate of 10°C/min; 
finally, 240°C was maintained for 4 min, for a total program time of 30 min. 

The change observed in Figure 5.12 could be explained by the creation of new VOCs such as 
hexanal, nonanal, and propionic acid and/or their increase in abundance in the vial’s headspace. 
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Figure 5.11. Signals for RGTO (SnO2 and SnO2+Au) sensors for standard and sonicated “Alpenhain” cranberry samples.  
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Figure 5.12. Bar chart for RGTO (SnO2 and SnO2+Au) sensors for standard and sonicated Alpenhain cranberry samples.  

 
In Figure 5.13 there are the bar charts for RGTO-SnO2 and NW-SnO2+Au sensors. Here, the 

reference is to the “Puertosol” cherry tests. For the NW-SnO2+Au, the resistance variation due to 
the interaction with VOCs was slightly small when comparing the standard samples and the 
sonicated samples, which could be explained by the increase in abundance of 2-furan methanol or 
the creation of new VOCs such as isocaproic acid or α-copaene. Regarding the RGTO-SnO2 sensor, 
the changes in resistance were even smaller between the two types of analyses. It could be assumed 
that the affinity between the new compounds and the sensing material was very low. 

Figure 5.14, instead, shows the responses of the same sensors. In this case, there was not much 
difference between the standard and sonicated product, as seen previously. It was true that for NW 
sensors the variation in resistance seemed more marked in the sonicated cherry, however, in some 
cases, the same samples showed a less change than in the standard case. Further tests are needed 
to better understand whether this sample conditioning procedure can bring significant benefits. 

 

 
Figure 5.13. Bar chart for RGTO-SnO2 and NW-SnO2+Au sensors for standard and sonicated “Puertosol” cherry 

samples.  
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Figure 5.14. Signals for RGTO-SnO2 and NW-SnO2+Au sensors for standard and sonicated “Puertosol” cherry samples.  
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The same considerations of apricot tests can be extended to the measures done with “100% fruit” 
raspberry as can be seen in Figure 5.15. Furthermore, in Figure 5.16 the relative bar chart is 
represented. 

 
Figure 5.15. Signals for RGTO-SnO2 sensor for standard and sonicated “100% fruit” raspberry samples.  

 

 
Figure 5.16. Bar chart for RGTO-SnO2 sensor for standard and sonicated “100% fruit” raspberry samples.  
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When standard and sonicated samples were compared, higher resistance variations could be 
observed. Assuming that the longer the samples are subjected to sonication, the higher was the 
resistance variation. These changes could be explained by the creation of new VOCs such as acetoin 
and toluene, and/or the increase in abundance of other compounds in the headspace, such as 
furfural. 

The next step is the application of the optimal method to the other recipes to evaluate not only 
the recognition of tastes but also the recognition of the different recipes once a jam flavor has been 
chosen and set. 
 

iii. Data collection with the optimal method 

In this section, we will report the results obtained by applying the optimal method to a larger 
number of samples containing different fruits and recipes. The analysis was divided into two parts: 
recognition of the recipes at a fixed fruit and recognition of tastes at a fixed recipe. 
 

A) Fixed fruit: recipe recognition 
One of the objectives was to evaluate the ability of the sensors’ array to recognize the 

differences between the different recipes of jams with the same taste. For this reason, the analysis 
of this part of the project was divided into three parts, corresponding to the three flavors of jam for 
which the largest number of recipes were provided: apricot, strawberry, and cherry. Table 5.4 shows 
the replicas performed for each sample. The total number of sizes for each flavor is 45 for apricot, 
34 for strawberry, 37 for cherry, and 18 for blackberry. 

To evaluate the discrimination capacity of the sensors, once the ΔR/R0 parameter for each 
sensor and each measurement has been extracted, a data matrix has been built in which each row 
represents the measurements made and each column the ΔR/R0 parameter of each sensor. The 
three matrices obtained for the three flavors were analyzed with the LDA (Linear Discriminant 
Analysis) method. 

In Figure 5.17, the trends of two sensors of the array are indicated for apricot measurements 
and all recipes. When sensitive materials reacted with VOCs, the resistance decreased. This 
reduction changed from sensor to sensor: each sensor reached a different minimum resistance and 
also the shape of the signals was different. Furthermore, by focusing on a single sensor, it could be 
seen that the sensors responded differently to the five recipes. Considering the RGTO-SnO2+Au 
sensor as an example, the “Puertosol”, “Vitalibre” and “Light” samples were more similar than the 
“100% fruit” and “Stevia” recipes. On the contrary, for the RGTO-SnO2 sensor, the “Puertosol”, 
“100% fruit” and “Light” samples were more similar than the others. This was the main reason why 
sensor arrays with different MOXs were used as they are not specific. In this way, it is possible to 
distinguish between recipes by considering information from different sources. 

At the end of exposure to VOCs, the filtered ambient air was flowed into the sensor chamber to 
restore their baseline. The baseline was considered restored when the resistance value returned 
close to 1, as shown in Figure 5.17. At the end of the VOCs analysis, the autosampler needle that 
draws the headspace of the sample comes out of the vial and this can produce a sharp change in 
pressure in the flow arriving in the sensor chamber. This can cause a sudden change in response, as 
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can be seen for the “100% fruit” apricot measurements in the RGTO-SnO2+Au sensor. However, 
after the overshoot, the signals tended to converge to the value of 1. 
 

Table 5.4. List of replicas done for each fruit and divided for the recipe with the optimal method. 
Fruit Recipe (code) Number of replicas Total replicas for fruit 

Apricot 

Puertosol (PS) 10 

45 
Light (L) 10 

Stevia (S) 11 
100% frutta (100) 7 

Vitalibre (VL) 7 

Strawberry 

Puertosol (PS) 6 

34 
Light (L) 7 

Stevia (S) 6 
100% frutta (100) 9 

Vitalibre (VL) 6 

Cherry 

Puertosol (PS) 6 

37 
Light (L) 10 

Stevia (S) 7 
100% frutta (100) 7 

Vitalibre (VL) 7 

Blackberry 

Puertosol (PS) --- 

18 
Light (L) 12 

Stevia (S) 6 
100% frutta (100) --- 

Vitalibre (VL) --- 
 Total replicas 134  

 
 
Figure 5.18 shows the responses of the same sensors for the strawberry tests. Similar 

considerations can also be made in this case as reported for apricot. For example, the RGTO-
SnO2+Au sensor responded clearly and differently to the “Puertosol” strawberry samples compared 
to all the others, while for the RGTO-SnO2 sensor there were differences in resistance variation, but 
they were less wide. In this case, a greater noise level of the signal was observed for the first sensor. 
However, this occurred in the baseline recovery phase and therefore did not affect the quality of 
the parameter considered for the data analysis. 

Finally, the responses of the same sensors for the cherry tests are presented in Figure 5.19. 
Considerations similar to those exposed for strawberry measurements can be extended, both for 
the variation in the signal response, and for the noise that did not affect the subsequent data 
analysis with the LDA method. 
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Figure 5.17. Signals trends for RGTO sensors for apricot samples. Five replicas of each recipe are shown. 
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Figure 5.18. Signals trends for RGTO sensors for strawberry samples. Five replicas of each recipe are shown. 
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Figure 5.19. Signals trends for RGTO sensors for cherry samples. Five replicas of each recipe are shown. 
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The LDA method was applied to each dataset to determine how the different classes, i.e. recipes 
were grouped. Figure 5.20 shows the LDA graph with the first two linear discriminants (LD), for a 
total explained variance (EV) equal to 94.45%. This means that almost all of the information 
provided by the parameters was useful for discriminating between classes. The graph shows that 
the apricot “100% fruit” and apricot “Stevia” samples are very different from the others. In contrast, 
the “Light” apricot, “Puertosol” apricot, and “Vitalibre” apricot clusters are closer together but do 
not overlap.  

 

 
Figure 5.20. First two LD components for recipe discrimination in apricot jams. EV = 94.45%. A100, AL, APS, AS, and 

AVL refer to samples’ code. 
 

This can be explained by looking at the compounds obtained from the GC–MS analysis. The 
quantities of common VOCs compared to the total of compounds considering each recipe varied 
from 64.65% to 76.33%. This difference did not explain the reason why the five groups clustered in 
the way shown in Figure 5.20. All recipes had furfural, α-terpineol, 1,6-octadien-3-ol, 3,7-dimethyl- 
and benzaldehyde among the first six most abundant compounds; these were also compounds that 
were present in all the recipes. The AS aromatic profile differed from the other because it had 
ammonium acetate (instead of acetic acid like the other recipes) and acetone among the 
compounds with the highest quantities, and a bigger area of the peak of benzoic acid (11.11% of 
relative abundance, while it is between 0.33% and 0.75% for the other four recipes). Regarding 
A100, it has 2H-pyran, 2-ethenyltetrahydro-2,6,6-trimethyl- (2.5%, in the other recipes was between 
0.91% and 1.19%) naphthalene, and 1,2,3,4-tetrahydro-1,1,6-trimethyl- (2.2%, while it was between 
0.37% and 0.48% for the others; it was absent in AL samples) within the top ten most present 
compounds. The calculation of LDA performances has led to obtaining an accuracy of 93.48%. 
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Figure 5.21. First two LD components for recipe discrimination in cherry jams. EV = 99.18%. C100, CL, CPS, CS, and CVL 

refers to samples’ code. 
 

Figure 5.21 shows the same typology of the graph for cherry samples (EV = 99.18%). Unlike what 
is shown in Figure 4, C100 and CVL clusters overlap; in this case, the array seems to not be able to 
recognize that those samples come from different recipes. The CL and CS groups are very close in 
the graph. For cherry samples, the relative abundance of common compounds is 4.12% for CPS, 
43.79% and 53.32% for C100 and CVL respectively, and 80% and 85.28% for CL and CS, respectively. 

These values reflect how the different recipes cluster in the LDA graph and the relative 
abundance of common compounds can explain this result in this case. Furthermore, CPS is the only 
recipe that contains D-limonene, the abundance of which is 43 times higher than the second most 
abundant compound of the recipe in terms of the area of the peak and has lower quantities of 
furfural (0.59%) and benzaldehyde (1.07%). Indeed, the C100 and CVL recipes have an amount of 
furfural equal to 16.2% and 28% and benzaldehyde equal to 5.47% and 11.7% respectively. 
However, for the CL and CS samples, benzaldehyde (58.65% and 59.5%) is much more present than 
furfural (18.24% and 8.42%). In this case, LDA achieves a classification rate equal to 83.78%. This 
result is lower than the previous due to the overlap Foods 2019, 8, 6o3f2 C100, and CVL clusters and 
to the fact that CL and CS are not 100% linearly separable. 

Finally, in Figure 5.22, the LDAs for strawberry specimens are presented in the same way as for 
the previous fruits (EV = 95.82%). S100 and SVL are the closest groups—a result that can be 
compared to the one obtained with the cherry. On the contrary, there is a better distinction 
between SS and SL concerning CS and CL. In addition to the apricot samples, strawberry specimens 
show similar values of the abundance of common VOCs; these percentages range from 54.12% to 
75.01%. However, there are some differences if the most abundant compounds for each recipe are 
compared. The distance of the SS cluster from the others can be explained by the presence of 
acetone (relative abundance of 10.38%, which is absent in the remaining recipes), ethyl acetate 
(4.58%; it is present only in SL for a quantity equal to 2.48%) and benzoic acid (3.83%, in comparison 
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to 0.35%–0.80% in the other samples) among the most abundant compounds. S100 and SVL have 
almost the same most abundant compounds (furfural, benzaldehyde, α-terpineol, 1,6-octadien-3-
ol, 3,7-dimethyl-, ammonium acetate, and pentanal), except for the presence of cyclobutane, 1,2-
bis(1-methylethenyl)-, trans- (10.87% of relative abundance) and dimethyl sulfide (6,20%) in S100 
and nerolidyl acetate (12.46%) in SVL. The same common VOCs can be found in SPS and SL (sample 
code); in this case, sensors recognition of the recipe could be addressed to 2-heptenal, (Z)- (SPS: 
3,6%; SL: not present), acetophenone (SPS: 3,39%; SL: 1.49%), butanoic acid, 2-methyl- (SPS: 1,52%; 
SL: 2.67%) and ethanone, 1-(2-furanyl)- (SPS: 1.53%; SL: 2.48%). Nevertheless, LDA accuracy is higher 
among the three recipes and it is equal to 97.06%. 

 

 
Figure 5.21. First two LD components for recipe discrimination in strawberry jams. EV = 95.82%. S100, SL, SPS, SS, and 

SVL refers to samples’ code. 
 

In conclusion, it was found that the array of sensors used for the analysis of the jam samples was 
able to recognize the intrinsic diversity of the recipes by keeping the raw material used fixed. The 
results relating to the classification, although preliminary, were encouraging and gave the first 
confirmations on the potential of the sensor system proposed for recognition with high accuracy. 
New trials are underway to increase the amount of data available and make the model more general 
and reliable. 
 

B) Fixed recipe: fruit recognition 
The second goal was to recognize the differences between tastes while keeping the recipe 

constant. For two recipes (“Light” and “Stevia”) four flavors were considered, the same ones shown 
in the analyzes for the evaluation of the optimal method; for the other three, however, the available 
samples were analyzed, namely apricot, cherry, and strawberry. In Figure 5.22 a comparison 
between the trends of three sensors relative to “100% fruit” apricot, strawberry, and cherry is 
shown.   
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Figure 5.22. Signal trends for “100% fruit” apricot, strawberry, and cherry tests. 
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As for the NW sensor, it could be observed that the variation in resistance was smaller for the 
tests carried out on apricot and greater for the cherry. The same situation was also found in the 
other two sensors. In addition, as regards the RGTO-SnO2+Au sensor, the shape of the signal itself 
changed: it reached a plateau for cherry measurements (in red), always decreased for strawberry 
measurements (in blue), instantly decreased and then raised again for those of apricot (in green). 

Extracting the known parameter ΔR/R0 from the signals and processing the data with LDA, 
Figure 5.23 resulted. It is possible to see how the three flavors were all distinct from each other, a 
result that was desirable and predictable already from the comparison of the signals sensors. The 
classification percentage in this case also reaches 100%.  

 

 
Figure 5.23. First two LD components for recipe discrimination in “100% fruit” jams. A = apricot, C = cherry, S = 

strawberry. 
 

On the other hand, Figure 5.24 shows a comparison between the signal trends of four sensors 
relating to the measurements of apricot, strawberry, and cherry “Puertosol” jams. In general, the 
signals from the four sensors tended to be similar, especially for cherry and apricot. In this case, too, 
five representative measurements of the tests performed are shown. 

After obtaining the characteristic parameters ΔR/R0 from the sensors, the graph shown in Figure 
5.25 of LDA reflects the trend in the previous figure. The apricot and cherry measurements were 
not well distinguished and tended to overlap, although not completely. The strawberry was 
separated from the other two flavors. 
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Figure 5.24. Signal trends for “Puertosol” apricot, strawberry, and cherry tests. 

 

 
Figure 5.25. First two LD components for recipe discrimination in “Puertosol” jams. A = apricot, C = cherry, S = 

strawberry. 
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Finally, the last recipe with three flavors analyzed was "Vitalibre". In Figure 5.26 it is possible to 
observe how the RGTO-SnO2+Au sensor and the NW-SnO2 sensor responded more to apricot, and 
in a similar way to strawberry and cherry. The other NW-SnO2Au, on the other hand, had a smaller 
variation in resistance concerning the apricot VOCs than the other two flavors. Once again it is 
legitimate to underline how important these different behaviors on the part of the sensors are as 
they provide essential information for distinguishing the samples under analysis. 

The analysis with LDA is shown in Figure 5.27. The arrangement and distances between the 
groups in the figure match the considerations made starting from the observation of the sensor 
signals. The apricot cluster was the one farthest from the other two, which instead were quite close 
together on the right side of the graph. In any case, the three "Vitalibre" flavors were perfectly 
distinguishable from each other. 

 

 
Figure 5.26. Signal trends for “Vitalibre” apricot, strawberry, and cherry tests. 
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Figure 5.27. First two LD components for recipe discrimination in “Vitalibre” jams. A = apricot, C = cherry, S = 

strawberry. 
 

Moving on to the recipes for which four flavors were available, namely the previous three and 
blackberry, the same steps were carried out for the analysis and processing of the data obtained. 
Figure 5.28 shows the trends for two SnO2 sensors, one NW and one RGTO, for “Light” jams tests. 
As for the first, on average, the variation in resistance due to the interaction with VOCs was smaller 
for strawberry and cherry and greater for apricot and blackberry, while for the second it was less 
for strawberry and apricot and greater for cherry and blackberry. By processing the signals for the 
LDA analysis, the result is shown in Figure 5.29. Considering LD1 and LD2, 98.05% of the total 
variance of the data set was included in the calculation of the LDA. It can be seen how the four 
clusters tended to group without dispersion within each class and how they were arranged at the 
two sides (left and right) of the graph. On the left side, there are apricot and strawberry flavors, 
while on the right-side cherry and blackberry. 

Despite the proximity of the groups two by two, they are perfectly distinguishable from each 
other. In fact, by calculating the accuracy of the classification with LDA, 100% is obtained. 
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Figure 5.28. Signal trends for “Light” apricot, strawberry, blackberry, and cherry tests. 
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Figure 5.29. First two LD components for recipe discrimination in “Light” jams. A = apricot, C = cherry, S = strawberry, 

B = blackberry. 
 

Finally, the last recipe to consider is the “Stevia” recipe. Figure 5.30 shows the NW-SnO2 and 
RGTO-SnO2 sensors. The RGTO sensor showed a greater sensitivity towards the characteristic aroma 
of apricot and blackberry, similar to what happened for the same sensor in the tests relating to the 
"Light" recipe. The NW sensor, on the other hand, responded more to cherry and strawberry than 
the other two flavors. The LDA analysis shown in Figure 5.31 shows the formation of a low-
dispersion cluster for blackberry. The other flavors showed a greater dispersion, especially apricot; 
this led to a partial overlap between the cherry flavor and the strawberry flavor, reducing the 
accuracy of the distinction of flavors compared to the previous case to 90%. 

In conclusion, also in this case, it was found that the array of sensors was able to recognize the 
intrinsic diversity of tastes by keeping the recipe considered fixed from time to time. The results 
relating to the classification, although preliminary, were encouraging and gave the first 
confirmations on the potential of the sensor system proposed for recognition with high accuracy. 
As specified in the previous section, new tests are underway to increase the amount of data 
available and make the model more general and reliable. 
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Figure 5.30. Signal trends for “Stevia” apricot, strawberry, blackberry, and cherry tests. 
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Figure 5.31. First two LD components for recipe discrimination in “Stevia” jams. A = apricot, C = cherry, S = strawberry, 

B = blackberry. 
 

2. Conclusions 

Five types of sensors were employed for this project. During the sensor selection phase and the 
optimization of the analysis method, the performances of the sensors were evaluated. It has been 
observed that sensors with SnO2, functionalized with gold and without functionalization and of both 
morphologies (RGTO and NW), were suitable for application on Menz & Gasser products. Instead, 
the CuO sensor was discarded as it was less performing in the various objectives that had to be 
achieved. 

In the optimization phase of the method, different methods in terms of time and temperature 
of conditioning and analysis of the sample were tested to find the combination of parameters in 
which to make the sensors work optimally. It has been found that the optimum corresponds to 
conditioning for 15 minutes at 30 ° C and a 5-minute analysis time of the aroma of the jams. 

Finally, once the method was found, the number of measurements on the products supplied 
began to be increased, distinguishing two objectives: the recognition of different flavors for the 
same recipe and the recognition of recipes with a fixed flavor. In both cases, the sensor array shows 
excellent discrimination capabilities. As shown by the graphs obtained from the LDA analysis, the 
sensors can recognize the different flavors for each recipe (3 or 4 depending on the recipe) with 
very high accuracy percentages; the same considerations can also be extended to the other case. 

All the work carried out in this study is of fundamental importance for the continuation of the 
project in the future, which will involve the construction of a database large enough to achieve the 
objectives set and the production of prototypes of sensors’ array for installation on the production 
line inside the factory. 
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VI. Smart bar devices: Coffee Grinder 
This chapter illustrates the use of an array of MOX sensors for the discrimination of coffee roasters, 
their blends, and the aging of coffee beans. This work was done in collaboration with Gruppo 
Cimbali, that is a company that produces coffee grinders for bars and cafes. In these pages, the 
evolution from laboratory tests to a nearest application scenario are reported.  

1. Experimental set-up 
In this first phase, all the experimental equipment necessary to carry out the tests with the coffee 
samples supplied by Cimbali was set up. The instruments used were two S3 systems equipped with 
chemical gas sensors with autosamplers. The S3 used in this study were 2, namely “S3-002” and “S3-
003”. Details of employed sensors are in Table 6.1. 
 

Table 6.1. List of RGTO and NW samples used in this study. They are installed on “S3-002” and “S3-003”. 

Material (type) Composition Morphology Working temperature 

SnO2Au (n) 
SnO2 functionalized with 

gold 
RGTO 400 °C 

SnO2 (n) SnO2 RGTO 300 °C 

SnO2 (n) SnO2 RGTO 400 °C 

SnO2+Au (n) 
SnO2 grown on gold and 
functionalized with gold 

Nanowire 350 °C 

SnO2 (n) SnO2 grown on gold Nanowire 350 °C 

CuO (p) CuO Nanowire 350 °C 

CuO (p) CuO Nanowire 400 °C 

 
In the first months of the project, the following samples were provided by Gruppo Cimbali:  

• Illy ‘S’ (2 tin cans of 3 kg); 
• Illy ‘XS’ (2 tin cans of 3 kg); 
• Illy ‘N’ (2 tin cans of 3 kg); 
• Lavazza ‘Gold Selection’ (1 bag of 1 kg); 
• Lavazza ‘Tierra Colombia’ (1 bag of 1 kg); 
• Lavazza ‘Gran Espresso’ (3 bags of 1 kg); 
• Lavazza ‘Top Class’ (2 bags of 1 kg); 
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• Bonomi ‘Bar’ (3 bags of 1 kg); 
• Kenon ‘Supermax Bar’ (3 bags of 1 kg); 
• Braccio ‘Miscela Bar’ (2 bags of 1 kg). 

The coffee was stored away from light sources at temperature equal to 20°C. 20 replicates were 
obtained from each packet of coffee, 10 for each S3 + autosampler system. In each vial 3 g of coffee 
were put, after which the vials were hermetically sealed and positioned inside the autosampler 
drawer. The analysis was started one hour after the preparation of the samples in order to form the 
headspace. As for the S3, the headspace was analyzed for three minutes with sensors. The samples 
were conditioned for 5 minutes at 25 ° C before the analysis of volatile compounds. Table 6.2 
includes the number of replicates for each sample; as regards the lower number of replicas in the 
“S3-003” for the Lavazza Gold Selection and Colombia, this is due to technical problems of the 
autosampler which limited the number of measurements. For “S3-002” 120 replicas were useful, 
for the other 97. 

Each replica was analyzed 3 times in 3 consecutive days to see if the system was able to follow 
the temporal evolution of the coffee's aromatic profile. Therefore, the measurements recorded in 
total by each S3 are equal to 360 and 257, respectively. It should be noted that between two 
consecutive days the samples were stored in the dark inside the autosampler drawer, reducing the 
rancidity process of the coffee beans. 

 
Table 6.2. List of replicas divided for sample and S3 device. 

Sample Replicas for “S3-002” Replicas for “S3-003” 

Lavazza Gold Selection 10 4 

Lavazza Colombia 10 4 

Lavazza Gran Espresso 20 20 

Lavazza Top Class 20 20 

Bonomi Bar 30 24 

Kenon Supermax 30 25 

Tot. 120 97 
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2. Data analysis 
In this section the data obtained by S3 will be presented; the responses of the sensors, the 

parameters that highlight the differences between the samples and the algorithms used for their 
recognition will be shown. 

i. Sensors’ signals 
The first parameter extracted from the sensor responses was the variation of the normalized 

resistance(ΔR/R0). ANOVA was applied by dividing the collected data by days, hereinafter referred 
to as "day 1", "day 2" and "day 3", to avoid putting together data that could have been influenced 
by the change in the coffee aroma profile within 48 hours. Figure 6.1 shows the box plots relating 
to three sensors for the “day 1” data. These manage to distinguish from two (the NW-SnO2 and 
RGTO) to three macro-classes (TGS). The statistically significantly different macro-classes were 
circled with different colors. The results of these graphs were that the RGTO-SnO2 sensor was able 
to recognize the Lavazza Gran Espresso-Bonomi Bar group from the other two Lavazza and the 
Kenon Supermax. A similar behavior also resulted from the NW sensor; in this case, the Lavazza Top 
Class samples was distinguished from the Lavazza Gold Selection and Tierra Colombia and from the 
Kenon. Finally, the TGS2611 managed to distinguish between the Kenon and the last two Lavazza. 
The same behavior was also found for the following two days for these three sensors, so the 
considerations made were similar. However, the RGTO-SnO2+Au, starting from “day 2” managed to 
distinguish between the champion Bonomi, the Kenon and the group of the two Lavazza. 

At this point, other parameters were extracted to help for the distinguishing of the coffees that 
formed the same macro-group (orange or green) from one another. It was therefore thought to see 
if the maxima and minima of the first and second derivatives could be useful for the purpose. From 
a practical point of view, making a parallel with the motion of bodies, the calculation of the first 
derivative indicates the speed with which the sensor changes its resistance over time, while the 
second derivative indicates acceleration. From these two continuous signals in time two were 
calculated: the minimum of the first derivative and the maximums and minimums of the second 
derivative. ANOVA was applied to these new parameters as described above. It turned out that the 
minimum of the first derivative was able to distinguish Lavazza Gold Selection and Tierra Colombia 
from all the other samples (Figure 6.2). This difference was mainly identified by the two SnO2 
sensors, both nanowire and RGTO, already shown in Figure 6.1. Furthermore, the nanowire sensor 
was also able to discriminate between the two Lavazza. As regards the second derivative, however, 
this did not add additional information. 
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Figure 6.1. Box plots of three sensors (two SnO2, NW and RGTO, and one TGS) for “day 1” data. Green, yellow and 

orange clusters indicate significantly different groups.  

Finally, ANOVA made it possible to identify the best parameters for the recognition of the 
analyzed coffees. These parameters were then used to train the neural network used to classify the 
samples, as will be described in the next paragraph. 

 

Figure 6.2. Box plots of two SnO2 sensors for the minimum of first derivative parameter.  On the left NW-SnO2+Au, on 
the right RGTO-SnO2. 
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ii. ANNs for coffee recognition 
For this project, neural networks will be used in order to classify the analyzed samples. After an 

initial training phase of the network itself, it must then be able to identify unknown samples and 
provide information on the type of coffee under analysis. 

Seven parameters useful for this purpose have been identified from the ANOVA (Table 6.3): the 
variation of the normalized resistance for the sensors RGTO-SnO2, NW-SnO2+Au, NW-SnO2 and 
TGS2611, and the minimum of the first derivative of the same except NW-SnO2. 

 
Table 6.3. Chosen parameters after ANOVA analysis. 

Considered parameters 

ΔR/R0 Min Der 1° 

RGTO-SnO2 RGTO-SnO2 

NW-SnO2+Au NW-SnO2+Au 

NW-SnO2Au -- 

TGS2611 TGS2611 

 
The neural network was applied to all the data collected, in order to verify whether it was 

possible to distinguish the six samples after a short time from opening the coffee packages and if 
the recognition remained unchanged even at 24h and 48h. 

To visualize the performance of a classification algorithm a very intuitive tool to visualize 
classification results was used: the confusion matrix. Figure 6.3 shows a confusion matrix for the 
results obtained with the ANN. The results of the training phase and the test phase are included, i.e. 
the phase made to understand how well the network is able to recognize unknown samples. 

Class legend is the following: 

1- Lavazza ‘Gold Selection’; 

2- Lavazza ‘Tierra Colombia’; 

3- Kenon ‘Supermax’; 

4- Lavazza ‘Gran Espresso’; 

5- Lavazza ‘Top Class’; 

6- Bonomi ‘Bar’. 
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Figura 6.3. Confusion matrix of ANN predictions. “Target class” represents real classes, “output class” predicted 

classes. 

The general ability of the system to recognize the different coffees was at 77.4%. On the other 
hand, considering the individual sensitivities, it could be seen that Kenon coffee was always correctly 
recognized and none of the others are classified as Kenon. On the contrary, the Lavazza ‘Gran 
Espresso’ and ‘Top Class’ samples were those with lower sensitivities, respectively 61% and 69.5%, 
since they are confused with each other and also with Bonomi coffee. Furthermore, Lavazza ‘Gold 
Selection’ and ‘Tierra Colombia’ coffees were incorrectly classified among themselves. 

iii. ANNs for roaster recognition 
After a meeting with Gruppo Cimbali, it emerged that it was more important to recognize the 

different roasters than all the different coffee blends. In this regard, therefore, a new analysis was 
carried out targeting three classes instead of six, namely Lavazza (all samples), Bonomi and Kenon. 
A new ANN was designed and trained. The results of the test phase are shown in Figure 6.4. This 
means that 51 replicas were used to test the goodness of the neural network, while the remainder 
was used to train the network. In this case the classes are:  

• 1-Kenon;  
• 2-Lavazza;  
• 3-Bonomi. 
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Figure 6.4. Confusion matrix of ANN prediction of the coffee roasters. “Target class” represents real classes, “output 

class” predicted classes. 
 

To obtain this result, all the parameters previously obtained from 8 of the 13 sensors were used. 
An overall correct classification percentage of 98% is achieved; a champion from Bonomi was 
confused with one from Lavazza. 

 

iv. Evolution of aromatic profile 
The ANOVA technique was applied to the data divided by days of analysis in order to assess 

whether the sensors were able to follow the temporal evolution of the aromatic profile from one 
day to the next. The same parameters described above (ΔR/R0, minimum of the first derivative and 
minimum and maximum of the second derivative) were considered. It turned out that the CuO 
sensor was able to recognize the difference between “day 1” and “day 2” of all six samples based 
on its ΔR/R0. Instead, considering the minimum of the first derivative, it was found that the RGTO-
SnO2 sensor recognizes that there is also a difference between "day 2" and "day 3" for the Lavazza 
‘Top Class’ and the Bonomi ‘Bar’. Also, in this case the parameters obtained from the second 
derivative do not add new information. 

 

3. Further experimental set-up: toward online 

application 
To make tests more similar to the real case in the bar, the autosampler was substituted with a 

real coffee grinder. A hole was made on the hopper lid to aspire volatile compounds produced by 
coffee beans and transport them into the sensor’s chamber (Figure 6.5). The device employed was 
the “S3-002”. The hopper was filled with coffee beans for half of its volume, about 770 g. Coffee 
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was put inside the hopper, than one hour was waited to allow the creation of the headspace; finally, 
coffee was analyzed for 72 h to evaluate changes in the aromatic profile. One measurement was 
sampled every half hour. In Table 6.4, a list of analyzed samples with the number of replicas is given. 

 

 
Figure 6.5. Experimental set-up with the S3 device and the coffee grinder. 

 
 

Table 6.4. List of analyzed samples with their replicas. 

Sample Package (Quantity) Number of measures 

Caffè Braccio ‘Miscela Bar Oro’ Bag (1 kg) 144 

Lavazza ‘Gran Espresso’ Bag (1 kg) 144 

Illy ‘S’ Tin can (3 kg) 45 

Illy ‘N’ Tin can (3 kg) 144 

Illy ‘XS’ Tin can (3 kg) 40 

 Tot 517 

 
From sensors’ signals the same useful parameters of the first experimental set-up were 

employed. They were used as input for PCA (Figure 6.6) made with the first two principal 
components (total EV = 72.52%). The temporal development of the coffee was revealed by the PCA 
score plot. Particularly, the first measure of each type of coffee was far from the others; the distance 
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between one measure and the following decreased slowly until they became to overlap. Hence, 
since each coffee was recognized as unique by the sensors, they were characterized by the same 
trend over the 72h-analyses. It is important to highlight that it is possible to see separate the 
different coffee roasters and even the different blends of the same roaster. 

 

 
Figure 6.6. PCA score plot with the first two principal components (EV = 72.52%). 

 
Next step was to find the optimal number of sensors able to recognize roasters/blends to reduce 

the initial number of 7 to 3. That was required for the following industrial development since the 
space on the coffee grinder was limited for this new tool. To achieve this goal, the loading score of 
the previous plot was considered (Figure 6.7). Keeping in mind that features with loadings near to 
zero are irrelevant and those with similar values along the two components were highly correlated, 
the choice relapsed on the feature indicated by the arrows, and hence of the respective sensors. 
The sensors chosen were the RGTO-SnO2 (300°C), the NW-SnO2 and RGTO-SnO2 (400°C). The six 
features were used to train an ANN to recognize the roaster. The accuracy reached in test was equal 
to 98.1%, as it can be seen in the confusion matrices of Figure 6.8.  
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Figure 6.7. PCA loading plot with the first two principal components and association between number of the 

parameter and sensor. 
 

Another triplet was individuated with the same analytical steps. It included the three RGTO 
sensors, two without gold and one functionalized with gold. The results obtained in this case were 
comparable in terms of accuracy as show in Figure 6.9. The advantage of this triplet is due to the 
same technological process that unites the three sensors. Indeed, for the industrial application it 
could be easier to produce a device with three sensors on it using the same technical processes. 

 

 
Figure 6.8. Confusion matrices for each phase of the ANN analysis: training, validation, and test. Furthermore, the 

global confusion matrix unites the previous three. 
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Figure 6.8. Confusion matrices for ANN accuracy regarding the new triplet of sensors. 

 

4. Conclusions 
The response of the sensors, in the first phase, indicated the ability to recognize the type of 

coffee; the most significant parameters for recognizing the type of coffee and rancidity were ΔR/R0 
and the minimum value of the first derivative. The neural network correctly recognized 77.4% of the 
total samples, mainly confusing the different types of Lavazza coffee. 

The new analyzes, aimed at the recognition of the roasters, led to an improvement in the 
recognition performance of the samples up to 98% considering all the parameters described above 
obtained from 8 sensors. Finally, for the evaluation of the evolution of the aromatic profile, the two 
best sensors were RGTO-SnO2 and CuO. 

In the set-up nearest to the real scenario application, it was found that the three RGTO sensors 
were able to recognize different coffees and follow the temporal evolution. Furthermore, ANNs 
performances indicated that this task was reached with an accuracy of 99% during the test phase. 

New tests are in progress to industrialize the production of sensors and develop a coffee grinder 
with sensors on itself, capable to communicate each other and with servers. 
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VII. Parmigiano Reggiano 
This chapter illustrates a study regarding the Parmigiano Reggiano (PR) cheese to tune a new 
method to individuate frauds.  PR is one of the most appreciated and consumed foods worldwide, 
especially in Italy, for its high content of nutrients and taste. However, these characteristics make 
this product subject to counterfeiting in different forms. In this study, a novel method based on an 
electronic nose has been developed to investigate the potentiality of this tool to distinguish rind 
percentages in grated PR packages that should be lower than 18%. Different samples, in terms of 
percentage, seasoning, and rind working process, were considered. In parallel, the GC-MS technique 
was used to give a name to the compounds that characterize Parmigiano and to relate them to 
sensor responses. The study was divided into two parts: firstly, the goodness of the method was 
tested on a first dataset; then, the dataset was enlarged by the addition of samples with new 
characteristics. A hybrid method was used in this case: a “decision tree” with ANN as nodes. The 
results were published in the following papers: “Application of a Novel S3 Nanowire Gas Sensor 
Device in Parallel with GC-MS for the Identification of Rind Percentage of Grated Parmigiano 
Reggiano” (Sensors, 2018) and “An Array of MOX Sensors and ANNs to Assess Grated Parmigiano 
Reggiano Cheese Packs' Compliance with CFPR Guidelines” (Biosensors, 2020). 

1. Parmigiano Reggiano cheese: peculiarity and 

issues 
PR cheese is among the most typical Italian foods and one of the oldest traditional cheeses 

produced in Europe. It is also the most important Protected Designation of Origin (PDO) Italian 
cheese in terms of commercial importance [1]. Its production is regulated by the Parmigiano 
Reggiano Cheese Consortium (CFPR). According to European Regulation 510/2006, this designation 
can be exclusively assigned to the cheese only when it is made with a traditional established 
production technology in a restricted area of Italy (provinces of Parma, Reggio Emilia, Modena, 
Mantova, and Bologna) from milk produced in the same area [2]. 

PR can be found on the market in different forms. It can be portioned or grated and cannot be 
subjected to any treatment like lyophilization, drying, and freezing [3]. All the procedures, which 
must be followed to obtain the original PR, make this cheese a high-value product. This leads to a 
final product that has various nutritional properties: its dry weight is mostly composed of proteins 
and lipids, it is lactose- and galactose-free and it is rich in organic acids, such as lactic acid, acetic 
acid, propionic and butyric acids [4]. The semi-fat composition, due to the natural creaming of 
skimmed unpasteurized milk [5], is produced by cattle that consume only locally grown forage 
because the supply of silage and fermented feeds is not permitted [6]. For these reasons, PR has a 
high cost when compared to similar hard cheeses. This encourages the appearance on the market 
of counterfeit products that bear the PR brand at a lower price. The rate of fraud is estimated to be 
between 20% and 40%, the latter predominantly in the grated form [7]. 

As established in the procedural guideline, grated PR cheese must follow some technical and 
technological parameters: moisture no less than 25% and no more than 35%, at least 12 months of 
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ripening, rind percentage compared to the pulp not over 18% (by weight), the typical amino-acid 
composition of the cheese, absence of additives, not crumbly in aspect and with homogeneous 
particles that have a diameter inferior to 0.5 mm and do not exceed 25% [8]. 
To determine if a PR cheese package conforms to the rules, the aromatic profile of grated PR can be 
analyzed thanks to the volatile organic compounds (VOCs). VOCs of various dairy products have 
received a great deal of attention in recent years. Until now, about 600 volatile compounds have 
been identified for cheese [9]. However, only a small part of these compounds is responsible for 
cheese flavor [10]. Cheese aroma is considered the result of the equilibrium between various VOCs 
that, separately, do not reflect the overall odor [11]. Hydrocarbons, alcohols, aldehydes, ketones, 
esters, and lactones were the major classes of compounds found in the neutral fraction of cheese 
[12]. 

An S3 (the one called “S3-002”) has been used to analyze the rind percentage in grated PR 
cheese through emitted VOCs. This study aims to determine the rind percentage of the sample 
under analysis with an innovative and rapid methodology, to identify frauds and therefore have 
available an affordable and reliable instrument to reduce them.  
 

2. Material and Methods 

i. Samples Preparation and Experimental Design 
Analyzed samples were packaged under vacuum at the headquarters of CFPR. They came from 

two different ripening stages: 12 and 24 months. In the first part of the study, for each of these 
ripening, five different combinations of pulp-rind were prepared (expressed in rind percentage): 0%, 
18%, 26%, 45%, and 100%. Furthermore, two kinds of rind working processes were considered: 
washed-rind (WR) and scraped-rind (SR). The only exceptions are represented by 0% samples, for 
which only the 24-month ripening was taken into account, and 100% samples, for which there is 
one for WR, and one for SR, that corresponds to 24-month and 12-month seasoning, respectively. 
For each sample, 14 replicas were arranged for a total of 210 (14 replicas ×   15 samples).  

During the enlargement of the dataset, other six combinations of pulp-rind were considered: 
5%, 16%, 20%, 32%, 55% and 63%. These percentages were grouped into three classes: rind lower 
than 18% (guideline limit), between 19% and 26%, higher than 26%. The total number of replicas 
obtained from the samples and analyzed was equal to 452 (counting also the 210 of the initial 
dataset). The number of replicas divided by the three parameters for the complete dataset is shown 
in Table 7.1. The sum of the number of replicas for the rind working process is different from the 
total of the respective seasoning. Missing replicas correspond to 0% of samples since they do not 
contain rind. For this reason, 14 replicas belonging to 0%–12 months seasoned specimens and 12 
belonging to 0%–24 months are not reported in the table. 

Samples were stored at 4 °C until the moment when they were prepared for the analysis. The 
amount of 2 g of grated cheese was positioned in 20 mL glass headspace vials and sealed by a metal 
cap with a PTFE-silicon membrane, crimped with an aluminum crimp. 
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Table 7.1. List of the analyzed samples and number of replicas, divided according to rind percentage, ripening, 
and rind working process (complete dataset). 

Seasoning N° of Replicas 
Rind Working 

Process 
N° of Replicas 

Rind 
Percentage 

N° of Replicas 

12 months 211 

WR 105 
≤18% 23 

19%–26% 21 
>26% 61 

SR 92 
≤18% 26 

19%–26% 24 
>26% 42 

24 months 241 

WR 103 
≤18% 36 

19%–26% 26 
>26% 41 

SR 126 
≤18% 38 

19%–26% 23 
>26% 65 

 

ii. GC-MS Analysis 
The fiber of SPME analysis was exposed to the headspace of the vials after heating the samples 

in the HT280T oven, thermostatically regulated at 50 °C for 15 min, to create the headspace 
equilibrium. The length of the fiber in the headspace was kept constant. The desorption of volatiles 
took place in the injector of the GC-MS for 6 min at 250 °C. 

The following GC oven temperature programming was applied. In the beginning, the column 
was held at 40 °C for 8 min, and then raised from 40 to 190 °C at 4 °C/min; then, the temperature 
was maintained at 190 °C for 5 min. Next, the temperature was raised from 190 °C to 210 °C, with a 
rate of 5 °C/min; finally, 210 °C was maintained for 5 min. The GC-MS interface was kept at 200 °C. 
The identification of the volatile compounds was carried out using the NIST11 and the FFNSC2 
libraries of mass spectra. 

The described parameters have been optimized for this specific application. Each sample was 
analyzed at one time. 

iii. S3 Analysis 
The S3 device used in this work is the one called “S3-002”. Details about the sensors placed in 

it are listed in Table 7.2. 

Table 7.2. Type, composition, morphology, operating temperature, response (ΔR/R), selectivity (response 
ethanol/response carbon monoxide), and limit of detection (LOD) of ethanol for “S3-002”. 

Materials 
(Type) 

Composition Morphology 
Operating 

Temperature 
(°C) 

Response 
to 5 ppm 

of 
Ethanol 

Selectivity 
Limit of Detection 
(LOD) of Ethanol 

(ppm) 

SnO2Au (n) 
SnO2 

functionalized  
RGTO 400 °C 6.5 3 0.5 
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with Au 
clusters 

SnO2 (n) SnO2 RGTO 300 °C 3.5 2.5 1 
SnO2 (n) SnO2 RGTO 400 °C 4 2 0.8 

SnO2Au+Au 
(n) 

SnO2 grown 
with Au  

and 
functionalized 

with gold 
clusters 

Nanowire 350 °C 7 2.5 0.5 

SnO2Au (n) 
SnO2 grown 

with Au 
Nanowire 350 °C 5 2.1 1 

CuO (p) CuO Nanowire 400 °C 1.5 1.5 1 
 

Each vial was incubated at 50 °C for 5 min in the auto-sampler oven and shaken for 1 min during 
the incubation.   The sample headspace was then extracted from the vial in the dynamic headspace 
path and released into the carried flow (80 sccm).  

The analysis timeline can be divided into three different steps for a duration of 420 s (7 min) 
per sample, which are preceded by a warm-up step that allows for the achievement of the baseline 
for the entire system: 
• Injection: the sample HS flows in the sensor chamber for 60 s (actual analysis time); then, for 
30 s, environmental air flows through the same tube to clean it from any residual VOCs. 
• Restore: when the injection period is finished, the filtered air flows into the sensors' 
chamber. During this time (330 s), the sensors restore the original condition of the baseline. 

iv. Data Analysis 
In the first part of the study, the dataset was composed of ΔR/R0 parameters extracted from 

the sensors. Then, the normal distribution of the variables was checked using the Jarque-Bera test, 
with a significance level equal to 0.05 chosen. This test is a goodness-of-fit test of whether sample 
data have the skewness and kurtosis matching a normal distribution. The null hypothesis is a joint 
hypothesis from both the skewness and the excess kurtosis being zero. 

Based on the test result, Partial Least Squares (PLS) method was used both to view how the 
groups of samples were represented thanks to sensors' responses and to build the model that was 
used to classify the samples themselves. The classification was performed, comparing two different 
classifiers: Partial Least Squares Discriminant Analysis (PLS-DA) and ANNs. Dataset was split into two 
parts—a training set and test set—using venetian blinds cross-validation procedure. The number of 
cross-validation groups chosen was equal to 10. A hierarchical approach was used to simplify the 
problem. 

For classification with PLS-DA, a toolbox made for MATLAB® and released by Milano 
Chemometrics was used [13]. Instead, ANNs were created using the function nntool of the same 
software. This tool allows for the random splitting of the dataset in test and training sets by default. 
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When using the final dataset, the ΔR/R0 was not sufficient to train correctly the ANNs. Hence, 
the other four features were employed. One was the minimum and the maximum of the first 
derivative values for n-type sensors and p-type sensor respectively. The following two features 
regarded the area under the signal that was calculated in two ways: Considering (a) the time axis 
from the initial value up to the maximum/minimum value of the signal and (b) all of the sensors’ 
responses. Finally, the fall time (for n-type sensors) and the rise time (p-type sensors) were 
calculated, considering 10% and 90% as the reference levels.  

Features were checked using ANOVA and multiple comparison procedures with Tukey’s 
honestly significant difference procedure [14] to assess the ones capable of distinguishing among 
the target classes. Only the features of which the class averages were significantly different were 
selected. Once the optimal subset of features was identified, an ANN was trained. The classification 
task was divided into three steps to enhance the performance of the networks. The hierarchical 
approach employed in the first part of the study has been followed again to simplify models for 
classification since the combination of parameters of grated PR cheese used in this study was equal 
to 15. In other words, a hybrid method combining a decision tree with ANNs was implemented and 
employed. In the first step, the ANN was trained on the recognition of seasoning degree; in the 
second step, for each seasoning state the different working process was individuated; finally, the 
rind percentage was detected. The ANN’s structure changed depending on the dimension of the 
chosen subset of features done at each step: in general, from one to three hidden layers with the 
same activation function that is hyperbolic tangent sigmoid and one output layer with the 
competitive transfer function. The different dimensions of the subset reflect the number of neurons 
in the layers, too. Results are provided in terms of percentage of accuracy. 

3. Results and Discussion 

i. GC-MS Results 
From the comparison between samples chromatograms, substantial differences were found. 

The main difference between 12-months and 24-months ripened grated PR lies in the amount of 
fatty acids that characterize this product. They are acetic acid, butanoic acid, hexanoic acid, octanoic 
acid, and their presence is much greater in 24-months PR. In Figure 7.1, histograms for each of the 
aforementioned compounds are shown: results are presented in terms of mean ± standard 
deviation of the mean with an arbitrary unit. This result is widely confirmed in the literature.   
Indeed, it is well known that these fatty acids are the results of fermentation processes, especially 
in butter and seasoned cheese. Some studies revealed that the amount of acetic acid and butanoic 
acid doubles in the period between 12 and 24 months [15,16]. The same trend was observed in the 
other compounds since biochemical processes that lead to their formation are very similar. 
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Figure 7.1. Comparison of acetic acid, butanoic acid, hexanoic acid, and octanoic acid amount between 12-
months and 24-months samples. Results are presented in terms of mean ± standard deviation of the mean. 

Differences were also found in comparing samples with different percentages of rind and the 
same rind working process; the same trend is valid both for 12-months and 24-months ripened PR. 
It turned out that in increasing the quantity of rind, the presence of three compounds increases. 
Besides butanoic and hexanoic acid, 2-nonanone has the same behavior. It is a member of the class 
of methyl ketones and it can be found in several foods, such as milk and cheese [17]. It is produced 
by the oxidative degradation of fatty acids [18]. These results suggest that both the fermentation 
and the degradation happen closer to the rind than in the central part of the cheese. 

ii. S3 Results 

A) The first part of the study 
Once data were acquired, sensors' responses were checked first. Since the first measures of 

each session were very different from the others, they were discarded. Consequently, there is a 
different number of replicas for each sample. Most likely, experimental conditions of first 
acquisitions were not the same as the following measures in terms of the temperature of the auto-
sampler oven that the vials were put in, as explained in Section 2.3. S3 Analysis. In Table 7.3, a 
detailed description of the number of samples that were considered for the following analysis is 
shown. 

Table 7.3. Considered samples divided for ripening stage, rind percentage, and rind working processes (WR 
= washed-rind, SR = scraped-rind). 

Seasoning\Percentage 0% 18% 26% 45% 100% 
  WR SR WR SR WR SR WR SR 

12 months - 11 12 13 11 12 14 - 14 
24 months 12 14 14 13 13 11 13 13 - 

 

The choice to extract ΔR/R0 as a feature was made after viewing the sensors' responses. In 
Figure 7.2, the resistance value, as a function of time during the injection phase, is presented for 
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four sensors that represent the four types of MOX in the S3. They are CuO, SnO2Au-RGTO, 
SnO2Au+Au-Nanowire, and TGS2602. Since the starting point is equal for all the measures, the 
variation of normalized resistance exhibit that all the sensors are capable of distinguishing samples 
with different concentrations of rind (samples colors: red for 100% rind, green for 0%, blue for 18%, 
cyan for 26% and black for 45%). In addition, they also show the ability to recognize the two ripening 
degrees, characterized by a solid line for 24-months samples and with a dotted line for the others. 
Finally, responses to the working processes are highlighted using a thicker line for WR samples as 
compared to SR ones. 

TSG2602 and SnO2Au+Au nanowires seem to be the best MOX to identify the ripening and rind 
working process at a fixed concentration since minimum resistance varies mostly for samples with 
the same rind percentage. Conversely, CuO and SnO2Au (RGTO) responses are more useful to 
recognize “pure” samples (0% and 100% of rind) from mixtures, since in the first case ΔR is bigger. 

 In Figure 7.3, boxplots of TGS2602 responses that include ΔR/R0 for each sample are shown. 
This sensor represents the general trend that can be observed in all the sensors. Since different 
sensing materials are used, there are differences in the highlighted groups that overlap. On the left 
part of the figure, there are 24-months seasoned samples, in the upper part, grated cheese with SR, 
while in the lower, PR with WR. In the right part, there are 12-months ripened samples, and they 
follow the same trend. The first boxplot is relative to samples of 0% rind; its ΔR/R0 is different 
concerning all the other groups, but it is more similar to WR grated PR, both at the seasoning stage. 
This result reflects the fact that they are characterized by a greater amount of humidity. 
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Figure 7.2. CuO, RGTO-SnO2Au, NW-SnO2+Au and TGS2602 responses as functions of time. Samples colors: 
Red for 100% rind, green for 0%, blue for 18%, cyan for 26% and black for 45%. The solid line for 24-months 
samples and dotted line for 12-months. Finally, thicker lines represent WR and the others SR. 

 

Figure 7.3. Boxplots of TGS2602 feature ΔR/R0. Four groups are highlighted: In blue, 24-months SR; in green, 
24-months WR; in black, 12-months SR; and in orange, 12-months WR. 

After checking the performances of the general sensor, JB-test was applied to the dataset. Only 
4 of the eight parameters followed a normal distribution (p < 0.05); they correspond to the features 
extracted by the two tin oxide nanowires and RGTO sensors. This was the main reason for choosing 
PLS. In Figure 7.4, a PLS score plot was made, considering the first two LV   latent variables (LV) for 
a total explained variance equal to 99.95% (99.87% for LV1 and 0.08% for LV2). The plot measures 
are divided by seasoning degree. It can be observed that the 24-months class is in the central part 
of the graph, while the other one is divided into the left and right parts. 

For this reason, classification techniques were used hierarchically. In addition, another motive 
for this choice was to simplify classification models since this is a 15-class problem. Hence, in the 
first step, classifiers were used to distinguish the seasoning degree; in a second step, for each 
ripening state the different working processes were discriminated; finally, ring percentage was 
considered. In Figure 7.5, a scheme of the steps is shown. 

Regarding ANNs structures, three different ones were considered, one for each step. In the first 
case, a two-layer architecture with 3 neurons in the input layer and 1 in the output layer was 
considered. For the second stage, the same number of layers was used, but two neurons were put 
in the first one. Finally, the third ANN had the same structure as the previous ones, but with 6 
neurons in the input layer. For all the neurons, the hyperbolic tangent sigmoid transfer function was 
chosen. 
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Figure 7.4. PLS score plot for all the measures divided by seasoning degree: in red circles, 12-months; in green 
squares, 24-months. Total explained variance equal to 99.95% in the first two LV. 

 

 

Figure 7.5. Step-by-step scheme for classification analysis. 

 

In Table 7.4, the overall classification rate of the two classifiers is put side by side. In general, 
ANN classification rates are better than those of PLS-DA. Indeed, ANN can recognize correctly all the 
samples based on seasoning and rind working processes. PLS-DA performances are lower, although 
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it can reach good classification rates. The distinction between rind percentage shows that both 
classifiers can classify samples with SR better than those with WR. A possible explanation for this 
result could be the different amount of humidity: WR samples have a higher content of humidity 
because of water treatment and the adsorption sites. This could cause the occupation of water 
molecules this could cause the occupation of the adsorption sites by water molecules instead of the 
ones that characterize the volatile fingerprint of the samples.  

  

Table 7.4. Classification rates of Partial Least Squares Discriminant Analysis (PLS-DA) and Artificial Neural 
Networks (ANNs) divided per steps. 

  First Step: Ripening Stage Second Step: Working Processes Third Step: Rind Percentage 

PLS-DA 94.7% 
12 months: 100% 

WR: 61.1% 
SR: 90.2% 

24 months: 79% 
WR:90.2% 

SR: 95% 

ANN 100% 
12 months: 100% 

WR: 63.8% 
SR: 96.1% 

24 months: 100% 
WR: 58.8% 
SR: 100% 

 

To my knowledge, only a few types of research have been carried out regarding the rind 
composition of grated cheeses. The preparation of the samples in some works was carried out 
through the grating process, although the aim was to classify the different varieties of cheeses, like 
Swiss [19] or Emmental cheese [20]. For the latter, it has been tried unsuccessfully to find the “rind-
taste” off-flavor [21]; in this case, the lack of positive results could be due to non-volatile compounds 
that change only the taste but not the aroma. As regards PR, cheese aroma authenticity and rind 
percentage recognition have been achieved with an electronic nose equipped with SnO2 and ZnO 
sensors made at SENSOR Laboratory of the University of Brescia [22]. In this case, the tool was also 
able to distinguish samples with little differences in terms of rind percentage, such as 18% and 19%. 
However, unlike this study, only one type of ripening was considered (12-months) and the different 
working processes were not taken into consideration. Finally, the comparison with this study allows 
for the assessment of the utility of S3 for fraud detection since the results point in the same 
direction. 

B) The second part of the study (final database) 

Also, in this case, the analysis of S3 signals started with the visualization of the sensors’ response 
to samples. The signal trend of the nanowire SnO2Au sensor (n-type) is shown in Figure 7.6. 
Furthermore, the four features extracted from the signals are indicated. For the p-type CuO-based 
sensor, the same procedure has been followed: exchanging the minimum values involved with the 
maximum ones, and the fall time with the rise time of the signal. 
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In Figure 7.7, the first derivative of a nanowire SnO2Au sensor is reported. The signal is 
characterized by two spikes: the former has been chosen as a feature since it could give information 
about the speed of resistance change after the sensor was exposed to VOCs; the latter is due to the 
switch from the sample’s headspace to filtered ambient air, but it has not been considered for the 
following analysis. 

In Figure 7.8, the boxplots of features selected to train ANNs in the first step of the mentioned 
approach are shown. Since out of the forty features, twenty-two were selected through the Tukey’s 
honestly significant difference procedure, it has been decided to display boxplots of one RGTO SnO2 
as a general indication. Even so, four of the five different typologies of features are represented. 
The idea behind the selection of the features in the other steps remains the same, hence the relative 
boxplots are not reported here. 

 

Figure 7.6. The four features extracted from the normalized signal of nanowire SnO2 sensor: (A) the variation 
of resistance from the baseline (ΔR/R0); (B) the area under the signal up to the minimum value (in green); (C) 
the total area under the signal (in green); (D) the fall time between the levels of 10% and 90%. 

In the boxplot, the red central line indicates the median of the distribution, while the red ‘+’ 
symbols reveal the outliers. The notch of the plot displays the confidence interval around the 
median value. According to [14], even if it is not a formal test if the notches of two boxes do not 
overlap it is possible to assume that there is strong evidence that the two medians differ, with a 
confidence level of 95%. This is the case in the presented boxplots; this assumption has been 
confirmed by the Tukey’s test. The plots reveal that the variation of the normalized resistance is 
lower for the 12 months samples compared to the 24 months samples. This result was expected 
since during the aging process the aroma of PR increases due to the activity of endogenous 
microorganisms that change organoleptic and biochemical characteristics [15,16]. Consequently, it 
is not surprising to find that the values of the two areas calculated are higher for the 12 months 
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specimens. Furthermore, an additional indicator of the lesser intensity of 12 months PR aroma is 
the fall time: indeed, there is a difference of about 5 s between the two classes, showing that the 
reactions that take place over the sensing layer are lower for the less seasoned cheese. 

 
Figure 7.7. The fifth feature has been extracted from the first derivative of the signal and is the minimum 
value of the derivative itself. 

 

Figure 7.8. Boxplots of the four features selected in the first step for the RGTO SnO2 (400 °C) sensor. The 
median value of the distribution is displayed in red; the red ‘+’ indicates outliers for that distribution. 

In Table 7.5, the parameters that have been chosen for the classification process at each step 
are stated. Each sensor contributes in a different way to the recognition of the parameters. It is 
interesting to notice the difference between the two RGTO SnO2 sensors heated at two working 
temperatures. The sensor with the lower temperature, i.e., 300 °C, did not provide any useful 
information for the recognition of the seasoning degree and only three parameters in the other two 
steps. Conversely, for the RGTO at 400 °C, the ΔR/R0 and area parameters have been selected at 
each step for the classification of the samples. It is reasonable to think that the higher working 
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temperature enhances the sensitivity towards the VOCs of the different samples. Finally, it can be 
seen in the table that the most frequently selected features, in descending order, are the area up 
to min/max value, ΔR/R0, total area, fall time/rise time, and min/max value of the 1st derivative. 
 

Table 7.5. List of the features selected at each step of the analysis. 

Sensor Feature Selected in Step 1 
Feature Selected in 

Step 2 
Feature Selected in 

Step 3 

RGTO SnO2 
(300 °C) 

- 
Min value 1st 

derivative 
Area up to min value 

Min value 1st 
derivative 

Nanowire 
SnO2Au 

ΔR/R0 
Area up to min value 

Total area 
Fall time 

ΔR/R0 
Min value 1st 

derivative 
Area up to min value 

Total area 

ΔR/R0 
Min value 1st 

derivative 
Area up to min value 

Nanowire 
SnO2 

ΔR/R0 
Area up to min value 

Total area 
Fall time 

Area up to min value 
ΔR/R0 

Area up to min value 
Fall time 

CuO 

ΔR/R0 

Area up to the max value 
Total area 
Rise time 

Max value 1st 
derivative 

ΔR/R0 
Max value 1st 

derivative 
Area up to the max 

value 
Total area 

TGS2611 ΔR/R0 
ΔR/R0 

Area up to min value 
Total area 
Fall time 

TGS2602 

ΔR/R0 
Area up to min value 

Total area 
Fall time 

Area up to min value 
Fall time 

ΔR/R0 

RGTO SnO2 
(400 °C) 

ΔR/R0 
Area up to min value 

Total area 
Fall time 

Fall time 
ΔR/R0 

Area up to min value 
Total area 

RGTO SnO2Au Min value 1st derivative 
Min value 1st 

derivative 

ΔR/R0 
Area up to min value 

Total area 

In Table 7.6, the accuracy at each step of the ANNs is shown; the accuracies of the previous 
work are reported in brackets to make comparison easier. To train the networks, the whole dataset 
was divided into a training set and test set with a 2:1 ratio at each step. The accuracies in the table 
are calculated on the test set. Comparing the results with the previous work [6], it is possible to 
notice that some percentages of classification are lower. It is because the complexity of the faced 
task was increased since the newly analyzed samples were characterized by new values of rind 
percentage. The reduction of accuracy concerns the first two steps, passing from 100% to the value 
listed in Table 4, and it can be considered a physiological result, having tripled the number of replicas 
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to build the ANNs. Conversely, as regards step 3, the classification rate is higher compared to the 
previous analysis, especially the recognition of rind percentage in WR samples: indeed, it rises from 
63.8% and 58.8% to 88.24% and 96.96%, respectively. This enhancement could be due to the 
increase of information obtained from the sensors, passing from one type of feature (ΔR/R0) to five. 
Furthermore, the different number of features employed at each step and the consequent 
architecture of the ANNs made sure that each step had an optimized model that differed from the 
others. 

 
Table 7.6. Classification rates in the percentage of ANNs for each step. In brackets, the results of the first part 
of the study are reported. 

Step 1 
Classification 

Rate 
Step 2 

Classification 
Rate 

Step 3 
Classification 

Rate 

Seasoni
ng 

98.66% 
(100%) 

12 months working 
process 

98.55% 
(100%) 

12 months WR rind 
percentage 

88.24% 
(63.8%) 

12 months SR rind 
percentage 

100% 
(96.1%) 

24 months working 
process 

91.14% 
(100%) 

24 months WR rind 
percentage 

96.97% 
(58,8%) 

24 months SR rind 
percentage 

100% 
(100%) 

 

4. Conclusions 
This study aimed at verifying the possible distinction between grated PR with different rind 

percentages with an electronic nose, considering two other variables: seasoning degree and working 
processes of the rind. In parallel, a consolidated technique, i.e., SPME GC-MS, has been used to 
understand which VOCs characterized analyzed samples. This combined analysis has produced 
promising results that pave the way to assess cheese quality and avoid fraud. 

First of all, with GC-MS, the VOCs that characterize grated cheeses have been individuated. The 
results concerning PR are compliant with those found in the literature. Indeed, fatty acids that 
describe the aroma and taste profile of PR have been found in greater quantity for 24-months 
seasoned samples as compared to 12-months ones. In addition, VOCs, whose amount is bigger in 
rind compared to the pulp, were found and they are acquiescent with chemical reactions that take 
place in this product. 

The initial multivariate statistical analysis made with PLS indicated how to proceed during the 
classification stage. A hierarchical approach was used, both for PLS-DA and ANNs. ANNs' 
classification rates are the highest. That is the reason why in the second part of the study only ANNs 
were employed. Hence, it can be affirmed that a “decision tree” with ANNs instead of nodes was 
implemented. Indeed, the task to distinguish grated PR with different rind percentages with an array 
of gas sensors has been expanded, adding other classes for the rind percentage parameter. The 
ANNs’ classification rates were high during each step, ranging from 88.24% to 100%. It was possible 
to obtain these results thanks to the increase in information extracted by the sensors’ signals and 



182 
 

the different models of ANNs created. Furthermore, they confirm and generalize the results 
obtained initially. Indeed, in the face of a slight decrease in the accuracy in the first two steps, there 
has been a substantial increase in the third step. In conclusion, the potentiality of the system to give 
a fast response to the recognition of grated PR cheese has been validated. 
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VIII. The fingerprint of Italian EVOO 

In the chapter, the food matrix under analysis is extra virgin olive oil (EVOO) In the study, an S3 in 
combination with the SPME-GC-MS technique, was applied to the discrimination of different types 
of olive oil (phase 1) and the identification of four varieties of Garda PDO extra virgin olive oils 
coming from the west and east shores of Lake Garda (phase 2). SPME-GC-MS analysis provided a 
complete volatile component of the EVOOs that was used to relate to the S3 multisensory 
responses. PCA and k-NN algorithms were carried out on the set of data acquired from the sensors’ 
array to individuate the best sensors for these tasks and to assess the discrimination capability of 
the system. The results were published in “Multidisciplinary Approach to Characterizing the 
Fingerprint of Italian EVOO” (Molecules, 2019). 

1. Extra virgin olive oil characteristics 
Oil is the product obtained from the milling of olive that is a drupe weighing between 0.5 and 

20 g, formed by the epicarp, mesocarp, endocarp, and, more internally, the seed. The components 
that are quantitatively more important than fresh fruit include water (40–70%) and fat substances 
(6–25%), which are contained mainly in the mesocarp. The oil is mainly present in the pulp (16–25% 
of the fresh weight) and is limited in the drupe almond of the olive (1–1.5% of the fresh weight) [1]. 
The entire technological process of oil production from olives provides for the exclusive use of 
physical means and mechanics in the various phases leading to the separation of the oily component 
from the pomace and water of vegetation. 

From a chemical-physical point of view, olive oil can be considered a liquid food fat at room 
temperature. The chemical composition of olive oil can be very simply schematized from the 
respective proportions, in major and minor components. The series of major compounds (98–99%) 
is made up mainly of triacylglycerols or triglycerides (TAG) and from the group consisting of free 
fatty acids (FFA) and diglycerides (MAG and DAG). The fatty acids that make up triglycerides are 
mainly palmitic C16: 0 (P: 6.30–20.93%), palmitoleic C16: 1 (Po: 0.32–3.52%), stearic C18: 0 (S: 0.32–
5.33%), oleic C18: 1 (O: 55.23–86.64%), linoleic C18: 2 (L: 2.7–20.24%) and linolenic C18: 3 (Ln: 0.11–
1.52%) [2]. Other derivatives of fatty acids, such as phospholipids, waxes, and esters of the sterols, 
are traditionally included in the minor compounds, together with a large and heterogeneous group 
of over 200 compounds consisting of sterols, aliphatic alcohols, hydrocarbons, biophenols, 
tocopherols, volatile compounds. Although quantitatively they are small concentrations, at most a 
few hundred ppm, such minor compounds play an important role in defining the specific 
characteristics of the uniqueness of olive oil as an alimentary fat both from a sensory and nutritional 
quality, in the definition of typology and genuineness, and, more recently, in the field of traceability, 
in addition to health aspects. All these compounds underlie current and future challenges in the 
field of scientific research on EVOO [3]. 

EVOO is obtained through purely physical and mechanical processes. This makes it a product 
with particular characteristics, and it plays a fundamental role in the eating habits of Mediterranean 
populations. Volatile compounds composition is at the base of the diversity of aroma that is found 
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between individual olive oils and varies with the variety of olive, with the degree of ripeness, with 
the extraction temperature, and with various other factors, contributing to the typology of the 
product. It has been widely demonstrated in the literature that cultivars, climatic conditions of the 
place of cultivation, agronomic practices, degree of maturation, storage conditions, and fruit 
processing techniques are all factors that can influence the formation and presence of compounds 
responsible for the aroma of virgin oil olive, both in the typology and in the quantity of volatile and 
phenolic compounds. Olives of the same variety, cultivated in the same environmental conditions, 
produce oils with different volatile compounds, as also happens for the same cultivar when grown 
in different areas [4].  

These typical features are of great interest to the customers since they are linked to the olive 
variety or cultivars from which the EVOO is elaborated, and to their specific geographical origin or 
Protected Designation of Origin (PDO) know-how applied for their production [5,6]. Thus, the 
composition and organoleptic characteristics of EVOO are strongly correlated with the geographical 
origin of production. From this perspective, great efforts have been made to catalog and 
characterize the sensory and volatile profiles of monovarietal EVOOs produced in a delimited 
geographical area. A differentiation based on the geographical or varietal origin and high-quality 
standards is one of the most powerful competitive strategies that olive oil producers are currently 
adopting to face the challenges of fraudulent activities and adulteration of EVOOs. 

The necessity of developing accurate analytical methods has prompted the present study to 
attempt the use of an array of metal oxide (MOX) gas sensors to discriminate the geographical origin 
of different PDO EVOOs. In recent years, electronic nose systems with MOX semiconductor gas 
sensors have received much attention in the literature for the determination or classification of the 
geographical provenance of EVOOs [7–12]. The link between an EVOO and the geographical area 
can characterize the product itself and determine its nutritional and organoleptic characteristics. 
Furthermore, the volatile composition of an EVOO is directly related to the production area, quality 
categories, and cultivars. All these factors interact with each other, resulting in a complex 
multivariate matrix [13].  

In this study, SPME-GC-MS and S3 analyses were applied to characterize the volatile chemical 
profile of EVOOs concerning their geographical origins. The aims were twofold: firstly, it was 
important to assess the capability of the system to distinguish between olive oil, non-PDO EVOOs, 
and PDO EVOOs; secondly, attention was focused on the discrimination of the four varieties of Garda 
PDO EVOOs, two from the eastern side of the lake, and the others from the western side. 

2. Material and Methods 

i. Samples Preparation and Experimental Design 
A total of eight different olive oil samples were analyzed: four in the first phase (one olive oil, 

one Garda PDO EVOO, and two non-PDO EVOOs) and four in the second phase (two Western Garda 
PDO EVOOs and two Eastern Garda PDO EVOOs). Regarding S3, in the first phase for each sample, 
20 replicas were prepared for a total of 80 measurements; while in the second, 10 replicas were 
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made. All samples were harvested in the years 2016/17, certified by the controlling body, and 
belonged to the two varieties from the west and east shores of Lake Garda. 

The measurements were carried out in the autosampler HT2010H. For the analysis, 5 mL of 
EVOO samples were enclosed in 20 mL chromatographic glass vials, sealed by a metal cap with PTFE-
silicon membrane, crimped with an aluminum crimp, and placed randomly in the autosampler. Each 
vial was incubated at 35 °C for 5 min in the autosampler oven and shaken for 1 min during the 
incubation. The sample headspace was then drawn with an airflow of 50 sccm. The injection time 
(actual analysis time) was 2 min, and the recovery time was 8 min.  

ii. S3 device 
Since the analysis was split into two phases, two different S3 devices were employed. In the first 

phase, the device called "S3-002" was used, while in the second phase it was the "S3-001". In Table 
8.1, a description of the composition of the arrays is listed. 

Table 8.1. Type, composition, morphology, and operating temperature for S3 sensors made at the SENSOR 
Laboratory. Sensors are divided into two different phases of analysis.  

Materials 
(Type). Composition Morphology 

Operating Temperature 
(°C) 

Phase 1 (S3-002) 

SnO2Au (n) 

SnO2 

functionalized 

with Au clusters 

RGTO 400 °C 

SnO2 (n) SnO2 RGTO 300 °C 

SnO2 (n) SnO2 RGTO 400 °C 

SnO2Au + Au (n) 
SnO2 grown with Au and functionalized with gold 

clusters 
Nanowire 350 °C 

SnO2Au (n) SnO2 grown with Au Nanowire 350 °C 

CuO (p) CuO Nanowire 400 °C 
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Phase 2 (S3-001) 

SnO2Au+Au (n) 
SnO2 grown with Au and functionalized with gold 

clusters 
Nanowire 350 °C 

SnO2Au+Au (n) 
SnO2 grown with Au and functionalized with gold 

clusters 
Nanowire 400 °C 

CuO (p) CuO Nanowire 350 °C 

SnO2 (n) SnO2 RGTO 450 °C 

SnO2Au (n) SnO2 with gold clusters RGTO 400 °C 

 
In each phase, commercial sensors were used, too. In phase 1, a TGS2611 was placed side-by-

side with nanowires and RGTO sensors; in phase 2, five commercial sensors were used: MQ3, MQ8, 
MQ9, TGS2620, and TGS2611. 

The variation of normalized resistance (ΔR/R0) and the minimum of the first derivative were 
calculated as parameters that could be representative for the whole signal. The first derivative was 
calculated using finite differences, a method widely used to approximate numerical derivatives. 

PCA was performed to see how data could cluster and to reduce data dimensionality. This 
reduction was preliminary for k-NN algorithm. Hence, the classification rate was calculated as the 
ratio of exactly classified samples and total samples.  

iii. SPME GC-MS Analysis 
The volatile components of the EVOOs were extracted and identified by the headspace GC-MS 

using the SPME method. It was used in parallel with the S3 analysis as a validation technique to 
characterize the headspace of the analyzed samples. 

The fiber was exposed to the headspace of the vials after heating the samples in the autosampler 
oven at 35 °C for 20 min, to create a headspace equilibrium. The desorption of the compounds took 
place in the GC-MS injector using ultrapure helium (99.99%) as the carrier gas, at a constant flow 
rate of 1.3 mL/min. The temperature program that was used is the following: the starting 
temperature of 40°C was kept for 5 min; then, it grew up to 220°C with a rate of 4°C/min, and, 
finally, 220°C were hold for 5 min. 
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3. Results and Discussion 

i. Sensors’ Results 
Once the data were acquired, sensor responses were checked for the measurements of each 

session. Moreover, the response curves for the given olive oil samples obtained from the individual 
sensor were studied to observe and detect any relevant features. This step allowed us to eliminate 
the sensors whose response did not yield useful information. In Figure 8.1, it is possible to see a 
typical response of an n-type MOX sensor; in this case, normalized resistance variation of a SnO2+Au 
nanowire is shown. Sensors' responses are grouped based on their belonging to one of the 4 samples 
analyzed in the first phase: olive oil, non-PDO EVOOs, and Garda PDO EVOO. Furthermore, signals 
are shown in sequence along the time axis; since each measurement lasts 600 s, time ranges from 
0 s to 2400 s. 

 

Figure 8.1. Typical resistance variation of an n-type sensor once exposed to oil volatile compounds. On the x-axis is 
time (s), on the y-axis is the normalized resistance. 

All the curves present a decreasing value of resistance during VOC analysis, while it reaches the 
baseline when the filtered ambient air is fluxed inside the sensor chamber. It is evident from the 
graph that the three categories of analyzed olive oil differ in terms of the minimum value of 
resistance; this value is reached during the VOC exposition. The olive oil (in blue) is the one with the 
minimum variation, while non-PDO EVOOs in green and orange reached similar values, and all of 
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them differ from the Garda PDO sample. Since the first goal was the discrimination between olive 
oil samples, non-PDO EVOOs, and PDO EVOOs, the observed normalized resistance variation was 
considered as the first feature to be extracted from data. 

Then, the first derivative of the signal over time was considered. The first derivative can give 
information regarding the speed at which the resistance varies over time, which is an index of the 
speed of the reaction that takes place over sensing layers. Indeed, since different oils are 
characterized by different numbers and amounts of VOCs, and sensors have a different affinity 
toward them, it is plausible to think that the maximum speed of resistance change can be used as a 
marker for different oil typologies. In Figure 8.2, the first derivatives of the SnO2 RGTO sensor are 
shown. The sequence representation of the signals follows the same logic described in Figure 1. In 
this case, the maximum speed is the minimum (negative) value, since derivatives were calculated 
using finite differences, a method widely used to approximate numerical derivatives.  

 

Figure 8.2. First derivative signals of a SnO2-RGTO sensor. On the x-axis is time (s), on the y-axis are first derivative 
values. 

This RGTO sensor reaches the minimum value of resistance at different speeds, depending on 
the oil under analysis. The olive oil (blue) reaches the lowest negative value, while the Garda PDO 
EVOO reaches the highest value. In the middle, there are two non-PDO EVOO samples; unlike what 
was seen in Figure 1, in this case, there is a clear difference between them. Even though this is not 
important for the designated aim, it could be very useful in future analyses in cases where a device 
must be able to recognize different non-EVOOs. 
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To evaluate which of the 14 features (7 sensors x 2 types of features) were suitable for the task, 
PCA was performed. In Figure 8.3, score (top) and loading (bottom) plots are shown; the total 
explained variance was equal to 88.55%. A clear distinction between the olive oil sample (red circles) 
and the EVOOs can be noticed. On the contrary, there is a partial overlap between the Garda PDO 
(blue cluster) and the other two EVOOs (in green). This result could mainly be due to different 
production processes that distinguish a regular olive oil from an extra virgin one, but also to the 
different cultivar composition of the analyzed samples. Consequently, the number and amount of 
the VOCs differ from sample to sample, leading to dissimilar responses of the sensors. However, the 
use of sensors that respond similarly is redundant since they provide the same information. For this 
reason, some of them are discarded. Dimension reduction of the dataset was done through the 
analysis of loadings. Starting from 14 parameters, 7 were not considered for the following analysis, 
since they gave the same contribution to the first two principal components (PCs). The remaining 
features were ΔR/R0 values of two SnO2-RGTO, SnO2Au-RGTO, CuO, SnO2Au-NW, and the minimum 
of 1st derivative of SnO2-RGTO and SnO2Au+Au-NW. 

Selected parameters were used as input for the k-Nearest Neighbors (k-NN) classification 
algorithm. It was found that the optimal k = 4, with a classification rate equal to 94.3%. Three Garda 
PDO samples were confused with non-PDO EVOOs, and one olive oil specimen was misclassified as 
PDO EVOO. All the samples of non-PDO EVOOs were correctly identified. 

Once the system was tested and we had noted that it was able to distinguish three different 
types of oil with good accuracy, we tried to evaluate whether S3 was able to distinguish among two 
different PDO EVOOs. Four different Garda products were considered; from here on, they are called 
Western Garda and Eastern Garda. The same steps were used in the first phase of data analysis. PCA 
in Figure 8.4 shows the separation between the two different lakeshore EVOOs (red and black 
clusters), while the other two seem to be more similar since they are partially overlapped (blue and 
green groups). The total explained variance is equal to 80.65% in the first two PCs. 

Also, in this case, the loading analysis led to a selection of 7 parameters out of the 20 used (10 
sensors x 2 features): ΔR/R0 of MQ8, TGS2611, TGS2620, and SnO2Au-RGTO and the minimum of 
the first derivative of MQ3, SnO2-RGTO, and SnO2Au+Au-NW. These 7 inputs in the k-NN algorithm 
were enough to obtain a classification rate of 94.7%. Misclassified samples belonged to Western 
Garda 1 (identified as Eastern Garda 2) and Eastern Garda 1 (confused with Western Garda 2 
samples). It is evident that this is only a preliminary result that must be confirmed through further 
analysis, but this outcome seems encouraging. 
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Figure 8.3. PCA score plot (top) and loading plot (bottom) of phase 1. PC1 variance = 72.04%, PC2 variance = 16.51%. 
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Figure 8.4. PCA scores plot of phase 2. PC1 variance = 60.2%, PC2 variance = 20.45%. 

ii. SPME GC-MS Results 
The GC-MS data of the volatile organic compounds identified and quantified in the Garda PDO 

EVOOs showed the presence of 67 different key aroma compounds. The major categories of the 
compounds obtained from this study, including alcohols, aldehydes, carboxylic acids, esters, 
ketones, hydrocarbons, and terpenes, have been widely reported in the literature [14–16]. Out of 
67, only 13 compounds were common to all the tested samples, and these were mainly acids (4 
compounds) and alcohols (3 compounds), aldehydes (2 compounds), and ketones (2 compounds), 
as listed in Table 8.2. For each compound, the value of the peak area is reported as an arbitrary unit. 
Compounds were identified based on library matching with two libraries (NIST11 and FFNSC2). 

Furthermore, there are 2 compounds present in all the EVO oils, but not in the olive oil sample. 
These two compounds are β-Ocimene and α-Farnesene. The former is a monoterpene found in a 
variety of plants and fruits that is found naturally as a mixture of isomers. The mixture, as well as 
the pure compounds, are oils with a pleasant odor. They are used in perfumery for their sweet 
herbal scent and are believed to act as plant defense and to have anti-fungal properties. The latter 
has been isolated from many plant sources and is a constituent of the natural coating of apples and 
pears and other fruit; it is used as a food flavoring oil. 
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Table 8.2. List of common compounds for all analyzed samples, with their retention time (min) and areas of the peaks 
(arbitrary unit). 

Rt Name 

Phase 1 Phase 2 
Garda 
PDO 

EVOO 

Non-
PDO 

EVOO 1 

Non-
PDO 

EVOO 2 

Olive 
Oil 

Western 
Garda 

EVOO 1 

Western 
Garda 

EVOO 2 

Eastern 
Garda 

EVOO 1 

Eastern 
Garda 

EVOO 2 

11.53 2-Hexenal 
4.82 × 

107 
4.46 × 

107 
5.99 × 

107 
1.81 × 

106 
5.74 × 107 3.32 × 107 5.27 × 107 4.71 × 107 

13.38 β-Ocimene 
4.31 × 

105 
6.25 × 

105 
4.49 × 

105 
0 1.17 × 106 3.73 × 105 6.21 × 105 4.66 × 105 

14.57 
Acetic acid, 
hexyl ester 

1.96 × 
105 

9.08 × 
105 

2.63 × 
105 

5.09 × 
104 

3.62 × 105 4.23 × 105 2.76 × 105 4.21 × 105 

17.03 
3-Hexen-1-ol, 
acetate, (Z)- 

5.66 × 
105 

4.11 × 
106 

8.24 × 
105 

3.80 × 
105 

1.18 × 106 1.57 × 106 1.08 × 106 8.54 × 105 

19.20 1-Hexanol 
1.94 × 

106 
9.46 × 

105 
2.35 × 

106 
3.80 × 

105 
1.47 × 106 22.82 × 106 2.90 × 106 2.09 × 106 

20.98 3-Hexen-1-ol 
5.03 × 

105 
1.17 × 

106 
1.56 × 

106 
4.15 × 

105 
1.22 × 106 1.29 × 106 1.07 × 106 9.95 × 105 

21.29 Nonanal 
6.26 × 

105 
2.04 × 

106 
9.31 × 

105 
1.65 × 

105 
8.68 × 105 5.11 × 105 5.77 × 105 3.31 × 105 

22.41 
2-Hexen-1-ol, 

(E)- 
5.15 × 

106 
1.13 × 

106 
6.08 × 

106 
5.72 × 

105 
2.47 × 106 4.44 × 106 5.56 × 106 3.00 × 106 

25.54 
Ammonium 

acetate 
1.12 × 

106 
1.62 × 

106 
2.44 × 

106 
5.00 × 

105 
1.07 × 106 2.77 × 106 3.36 × 106 8.01 × 105 

35.99 Butanoic acid 
2.45 × 

105 
6.69 × 

105 
1.29 × 

106 
2.07 × 

105 
4.01 × 105 6.36 × 105 4.55 × 106 1.51 × 105 

42.37 α-Farnesene 
2.46 × 

105 
2.16 × 

105 
3.37 × 

105 
0 5.73 × 105 1.97 × 105 2.65 × 105 1.51 × 105 

48.13 Hexanoic acid 
7.88 × 

105 
1.50 × 

106 
2.13 × 

106 
7.18 × 

105 
6.30 × 105 1.85 × 106 5.77 × 106 5.79 × 105 

 
Concerning the EVOOs tested on this work, it is possible to say that some characteristic 

compounds identify the aromatic profile of the single oils. It was found that 3 compounds were 
present only in the non-PDO EVOOs: 

• Octane is a straight-chain alkane composed of 8 carbon atoms. It has a role as a 
xenobiotic. It is a colorless liquid with an odor of gasoline, less dense than water and insoluble 
in water; 

• 3,4-dimethyl-1,5-hexadiene is an olefin that has also been found in sugarcane 
bagasse oil [17]; 

• Methyl benzoate has a characteristic aroma that is sweet, creamy, anisic vanilla-like, 
slightly spicy, woody, and powdery heliotrope-like. It has been found in the mushroom variety 
Trametes graveolens, feijoa fruit and peel (Feijoa sellowiana), white wine, cocoa, tea, guava, 
starfruit, Bourbon vanilla, Tahiti vanilla, mountain papaya, sapodilla fruit, and Illicium verum 
[18]. 

From the sensor analysis, it was possible to identify the differences in the volatile profile of the 
four different Garda PDO EVOOs tested in this work. Even though these four oils share a common 
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profile, other different volatile organic compounds are found in only one of these oils. The data 
referring to this information are presented in Table 8.3. 

Table 8.3. List of unique compounds for Garda PDO EVOOs, with their retention time (min) and areas of the peaks 
(arbitrary unit). 

Rt Name Western 
Garda EVOO 
1 

Western 
Garda EVOO 
2 

Eastern 
Garda 
EVOO 1 

Eastern 
Garda 
EVOO 2 

2.40 4,4-Dimethyloxazolidine 0 0 0 2.12 × 104 

2.85 1-Fluorooctane 0 0 0 5.53 × 105 

4.17 4-Allyl-5-furan-2-yl-2,4-dihydro-
[1,2,4]triazole-3-thione 

0 0 0 1.43 × 104 

4.37 3,5-Dimethyloctane 0 0 0 2.56 × 105 

5.33 Heptylbenzene 0 0 0 3.39 × 104 

7.89 Cyclobut-1-enylmethanol 0 8.99 × 104 0 0 

10.52 trans-1,2-bis-(1-
methylethenyl)cyclobutane 

2.84 × 105 0 0 0 

14.08 1-(3-cyclohexen-1-yl)-ethanone 1.21 × 105 0 0 0 

18.12 Methyl heptenone 1.83 × 105 0 0 0 

20.04 4-Butoxy-1-butene 1.47 × 105 0 0 0 

24.52 2,6-Dimethyl-1,3,5,7-octatetraene, 
E,E- 

1.45 × 105 0 0 0 

25.15 1-Octen-3-ol 0 5.46 × 104 0 0 

28.77 3,5-Octadien-2-one, (E,E)- 1.95 × 105 0 0 0 

30.80 1-Deoxy-d-arabitol 0 1.64 × 105 0 0 

64.37 n-Hexadecanoic acid 0 0 1.36 × 105 0 

69.21 Silver decanoate 0 0 1.03 × 105 0 

76.49 Cholest-7-en-3β,5α-diol-6α-benzoate 0 0 2.60 × 105 0 

81.33 tert-Butyldimethylsilyl 2-(2-(2-
butoxyethoxy)ethoxy)acetate 

1.20 × 105 0 0 0 

84.29 l-(+)-Ascorbic acid 2,6-
dihexadecanoate 

0 0 5.54 × 106 0 

86.46 Bis(1-chloro-2-propyl) (3-chloro-1-
propyl)phosphate 

1.84 × 105 0 0 0 
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90.55 Octadecanoic acid 0 0 1.17 × 107 0 

 
Silver decanoate appears to be the result of a violent reaction between silver powders and 

decanoic acid, a compound included on the list of the chemical substances that can be used as 
ingredients in an antimicrobial pesticide formulation applied to food-processing equipment and 
utensils [19]. Hence, it is plausible that silver decanoate could be obtained during the production 
process. On the contrary, bis(1-chloro-2-propyl) (3-chloro-1-propyl)phosphate is a pesticide that has 
also been found in marine salts samples coming from the Mediterranean Sea [20]. Although these 
compounds are not strictly characteristic of the aromatic profile of the two specific oils in question, 
they should be included in the list of compounds found exclusively in one of the analyzed samples 
since they are an index of the treatment of plants and the production process. 

4. Conclusions 

EVOO is a complex matrix and beneficial food for human health. This work aimed to assess the 
capability of the system to distinguish between olive oil, non-PDO EVOOs, and PDO EVOOs and 
discriminate four varieties of Garda PDO EVOOs, two from the eastern side of the lake, the others 
from the western one. This approach combining the S3 and SPME-GC-MS has shown good potential 
for evaluating and classifying different types of olive oils (virgin, extra virgin, PDO) and the 
geographical origins of the Garda DOP EVOOs. Olive oil analysis using the S3 is fast, easy, non-
destructive, and automated, which helps to ensure the safety and authenticity of the product. With 
the GC-MS, the volatile compounds that characterize the samples under analysis were individuated. 
These results are compliant with those of the S3 analysis. Finally, the use of the S3 in parallel with 
the GC-MS enables more advanced, robust, efficient, and sensitive analytical methodologies 
focused on the analysis of the geographical origins of EVOOs and the main compounds from this 
complex matrix, while also ensuring the quality and traceability of the product. 
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IX. Sensors drift studied with beer analysis 

In this chapter, the drift of MOX chemical sensors is considered. The work aims to test the 
performance of MOX gas sensors along the aging process. Firstly, sensors were tested with ethanol 
to understand their behavior and response changes. In parallel, beers with different alcoholic 
content were analyzed to assess what happened in a real application scenario. A hybrid k-Nearest 
Neighbors artificial neural network (k-NN-ANN) approach and "standard" k-NN were used to 
evaluate to distinguish among the samples when the measures were affected by drift. The results 
of this study merged into a paper entitled “k-NN and k-NN-ANN combined classifier to assess MOX 
gas sensors performances affected by drift caused by early life aging” (Chemosensors, 2020). 

1. Sensors’ drift and counteractions 
Metal oxide semiconductor (MOX) gas sensors are characterized by high sensitivity, fast 

response, and low cost. Those characteristics make their application very promising in different 
fields, such as agri-food quality and safety [1-5], environmental monitoring [6-8], home security [9-
11], and human health [12-14] among the most investigated. Although these features make MOX 
sensors one of the most promising technologies of recent years, their diffusion is limited due to 
some disadvantages. The most crucial is drift, which can change dramatically the information 
content of the features and cause a reduction of the performance over time. 

In the last decade, various methods have been proposed to counteract sensors’ drift with good 
results. Among all those proposed, here some approaches that differ from one another are briefly 
presented to provide an overview that is as wide as possible. Orthogonal Signal Correction (OSC) 
was first applied to counteract gas sensors drift by Padilla et al. [15]. They showed that sensors 
discrimination towards three gases at different concentrations was improved if compared to results 
obtained with non-corrected data. Vergara et al. used an ensemble of classifiers based on Support 
Vector Machine (SVM) where each SVM classification output was opportunely weighed [16]. 
Instead, Fornollosa et al. used a master-slave approach with five twin sensors’ arrays for two 
reasons, but the most interesting was the mitigation of drift effect [17]. With the implementation 
of a multivariate technique called direct standardization, a multivariate technique that allows 
mapping an unknown space (in this case, the space from the slave unit) to a reference space (the 
one from the master unit), they were able to maintain the prediction error stable over time. Finally, 
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Magna et al. developed a system that significantly improves classification accuracy combining a 
static feature selection during the training phase and a dynamic feature selection during tests [18].  

This study aimed to assess the possibility of using MOX sensors as soon as they are produced, 
skipping the standard aging step that usually lasts many hours or days, depending on the typology 
of the sensor [19]. Within the production process, aging is a phase that is induced and controlled to 
completely oxidize the material and to stabilize it. Hence, the instability for aged sensors is less 
impactful than for as-fabricated devices [20]. For example, nanowires made of CuO may need up to 
a period of two weeks in ambient air at 300°C to complete the aging [21], whereas it has been 
proved that gallium indium zinc oxide is more stable after being at 250°C for 65 h [22]. 

This approach wanted to quantify the drift that affects the sensors and the changes in the 
response for 51 days after their production. During this period, sensors were kept at high 
temperatures for their correct working. In that way, a sort of aging has been induced in them, but 
not controlled, since in the same time interval measurements of ethanol and beers have been taken. 
Four types of sensors were considered and two or three replicas of the same typology of the sensor 
were used. These sensors were placed inside an S3 (Small Sensor Systems), an e-nose-like device, 
to exploit its advantages: automatic execution of samples under analysis (once set) and transmission 
of data to a dedicated web app.  

The datasets thus obtained were used to assess two machine learning algorithms regarding the 
ability to counteract drift in the “early life” of sensors and to assure reliable performances over time. 
On one hand, measures with ethanol have been elaborated to evaluate drift and changes in the 
sensors’ responses. On the other hand, a k-Nearest Neighbors (k-NN) approach has been used 
alongside a hybrid method that combines k-NN with artificial neural networks (ANN) for the “beer 
dataset”. The aim was to assess if the application of one of the most used computational systems, 
i.e. ANN, could enhance overall performances. To the best of our knowledge, such a machine 
learning approach has not been applied to chemical sensors, although it has been shown to yield 
promising results in other fields, such as classification of clouds through images [23] or disease like 
diabetes and cancer [24]; finally, it differs from the method proposed by [25], i.e. an ensemble of k-
NN and ANN classifiers used to counteract sensors drift. 

2. Material and Methods 

i. Experimental set-up 

Eight sessions of measures were realized within 51 days. The first session has been done before 
any aging of the sensors; other sessions were carried out on the following days: 2, 6, 8, 26, 30, 37, 
51. After the first measure, sensors were kept at their operating temperature throughout the 
measurement period. Two different tests were designed for each day of measure, waiting a period 
of 1 h among them. The first test was made with 300 ppm of ethanol (dry air), repeating the 
measures 10 times each day; the second one with four different beers. Beers differed for the alcohol 
content: two were nonalcoholic beers, having 0.0% and 0.5% of alcohol by volume (ABV); the other 
two had an ABV of 4.7% and 7.9%. The choice to analyze this type of product is mainly due to 
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understanding the response of the sensors in a possible application scenario, bearing in mind that 
ethanol is one of the most volatile compounds that characterize it. Proceeding in this way, it was 
possible to make a comparison between the two tests. 

The S3 used in this study was “S3-RGTO”. Contrary to the analyses presented in this work, the 
sensors, in this case, have not been aged before the measurements. In Table 9.1, there is the list of 
the used sensors. Every single sample was analyzed for 15 min: sensors were exposed to ethanol 
and beer VOCs for 2 min; 13 min were necessary to restore the baseline with air.   

 

Table 9.1. List of the ten sensors used in the study. 

Material (Type) Number of replicas Morphology Working Temperature (°C) 

SnO2Au (n) 3 sensors RGTO 450 
SnO2 (n) 3 sensors RGTO 450 

SnO2Au (n) 2 sensors Nanowire 350 
CuO (p) 2 sensors Nanowire 350 

ii. Data analysis 
The measures obtained in the 8 days have been divided to form two different datasets. The first 

one contained the analysis carried out using ethanol. From this dataset, two kins of information 
have been extrapolated: how sensors drifted and how much their response changes in the first 51 
days after their production. As an indicator of the response,  ΔR/R0 has been extracted as a feature 
for the following analysis. 

The second dataset (“beer dataset”) included an analysis of the four beer samples during the 
same period. In this case, the effect of drift in classification tasks has been evaluated. Principal 
Component Analysis (PCA) was used as an unsupervised technique to visualize data, reduce 
dimensionality and assess if the drift affected the four samples in the same way. From the PCA score 
plot, it has been decided to use the k-NN algorithm to obtain the accuracy of the system, using 
Euclidean distance as a metric. The possibility to use a hybrid algorithm based on k-NN was also 
investigated to try to enhance classification performances. In particular, a method similar to the one 
described in [23] has been used. The main difference stands in the use of "scaled conjugated 
gradient" as a learning algorithm instead of "extreme learning machine"; furthermore, different 
architectures of ANN were investigated to find the best one in terms of classification performances. 
This approach consists of 5 steps. 

1. ANNs were trained using data from day 1 to day 6. Six different ANNs were tested: 
two of them had 1 hidden layer of 10 neurons and differed for the activation function, 
i.e. ReLu and hyperbolic tangent sigmoid; the other four networks had 2 layers of 10 
and 7 neurons and a combination of the abovementioned activation functions was 
used. 

2. For the jth sample of the test set, the distance from the samples of the training set 
was calculated using Euclidean distance. 
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3. k-nearest neighbors were chosen; then the input for the ANN was calculated with the 
following formula: 
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where F1, F2, …, Fn are the features that describe samples. Hence, the input of the 
network is a vector that has as features the mean value of the same parameters of the 
k-nearest neighbors. 

4. ANNs were applied and the class of the sample was predicted. 
5. Steps from 1 to 4 were repeated for all samples in the test set. 

3. Results and Discussions 
In Figure 9.1 sensors' outputs at 300 ppm of ethanol for each typology of sensors are reported. 

One sensor for each type has been chosen; in particular, those that will be named as "sensor #1" 
from here on. For each day, the plotted signal represents the mean value of the ten measures done 
on that day. The two phases of the measure are portrayed: during the first one, sensors are exposed 
to gas and hence their resistance decreases for n-type (SnO2) and increases for p-type (CuO); in the 
second phase, pure air is fluxed into sensors' chamber and the baseline is restored. 

 

 

a) b) 

c) d) 
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Figure 9.1. Outputs from all sensors’ typologies to 300 ppm of ethanol, from day 1 to day 51. Each signal is 
the mean of the ten signals acquired the same day. a) SnO2Au RGTO sensor #1. b) SnO2 RGTO sensor #1. c) 
SnO2 NW sensor #1. d) CuO sensor #1. 

 
Figure 9.2 shows the trend of baseline from day 1 to day 51 for all the sensors, divided for 

typology. Results are presented in terms of mean value, with the error bars representing the 
standard deviation. Sensors of the same material and morphology are grouped to compare their 
behavior. Regarding SnO2Au RGTO sensors, two of them had a stable baseline over time, 
whereas the third one started increasing after 8 days and reached a mean value at day 51 that 
is 53,67% higher compared to the initial value. On the contrary, SnO2 RGTO sensors were all 
affected by a drift that caused an increase of the baseline at day 51 of 2.58 times for sensor #1 
to 2.76 times for the other two compared to the value of the day 1. Best results have been 
obtained with NW sensors. Indeed, the ones made of CuO had a resistance value in the air that 
increased between 30.28% and 24.55% during the observation period, while the growth for tin 
oxide NWs between 105.37% and 76.44%. 

 

 

 

 

Figure 9.2. Baseline drift of all the sensors from day 1 to day 51, divided for typology. a) Drift of the 3 SnO2Au 
RGTO sensors. b) Drift of the 3 SnO2 RGTO sensors; the trend of sensor #1 and #2 is zoomed in the box on the 
right part of the image. c) Drift of the 2 SnO2 NW sensors. d) Drift of the 2 CuO sensors. 

a) b) 

c) d) 
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In Figure 9.3, ΔR/R0 is reported. These values were taken as indicators of the responses of 
the sensors. From the data obtained, it results that both typologies of RTGO sensors have a 
response that is quite stable for 51 days, oscillating between 0.88 and 0.96 for SnO2Au and 
between 0.81 and 0.89 for SnO2. Regarding SnO2Au RGTO, sensor #2 has not been included in 
Figure 3, but its response was lower than 0.08 for this type of measure. Conversely, NW sensors 
have different trends. Tin oxide NWs are characterized by an increase of their resistance 
variation on day 51 compared to day 1 and fluctuation of the same parameter up to day 37. 
Finally, CuO sensor #2 has a behavior more similar to RGTO in terms of reproducibility, whilst 
the same feature for CuO sensor #1 has an oscillating trend from 0.18 to 0.78, that cannot be 
considered a linear drift if compared with the other sensors of the array. 

 

Figure 9.3. ΔR/R0 for all the sensors from day 1 to day 51. a) Response of 2 out of 3 SnO2Au RGTO sensors. b) 
Response of the 3 SnO2 RGTO sensors. c) Response of the 2 SnO2 NW sensors. d) Response of the 2 CuO 
sensors. 

For the "beer dataset", PCA was performed as explorative analysis to visualize the drift that 
affected beer measures. In Figure 9.4, the PCA score plot of the first two principal components 
(PCs) is shown. The total explained variance (EV) is equal to 90.5% (87.08% for PC1 and 8.82% 
for PC2), meaning that most of the information is contained in two variables. A clear distinction 
between the four beers classes is achieved considering samples' scores along PC1. However, 
the distance among the clusters tends to decrease as the ABV increases. This result could be 
explained by the fact that alcohol amount of 4.7% and 7.9% beers brings sensors near to 

a) b) 

c) d) 
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saturation, making the distinction between these two classes less clear. On the contrary, on the 
PC2 axis drift can be seen. Also, in this case, different considerations can be done for the two 
lower and the two higher ABV beers. The entity of the dispersion for 0.0% and 0.5% samples is 
weak. Nevertheless, a separation between data acquired the first 6 days and those obtained 
from day 26 onwards can be observed. For the other two classes, the day-to-day difference is 
more pronounced within the same class. The same observation regarding measures before and 
after day 6 is valid in this case, too. The main cause of this result is due to the drastic change in 
CuO #1 sensor response that drops from the maximum value of 0.78 to 0.54. The subsequent 
discontinuous behavior is mitigated by the stable response recorded from the other sensors in 
the array, especially RGTO ones. 

  

Figure 9.4. PCA score plot for beer samples. Total explained variance (EV) equal to 95.9% from the first two 
principal components (PC1 EV=87.08%, PC2 EV=8.82%). Colors indicate the different ABV of the samples, 
markers denote different days (from 1 to 51). 

From PCA results, the k-NN algorithm seemed to be a good candidate to evaluate the 
classification performance of the sensors. It has been decided to use data from the first 6 days 
as a training set (45 samples) and data from day 26 to day 51 as a test set (86 samples). The aim 
was to assess the correct classification of the system when trained only with few initial patterns 
and forced to recognize patterns temporally distant belonging to the same classes. Hence, the 
intent was to verify whether the methods proposed succeeded in reducing the negative effect 
due to sensor drift. Side by side with k-NN, a hybrid algorithm that combines k-NN and ANNs 
has been investigated. The main target was to exploit the non-linearity of the ANNs to improve 
the performance of k-NN. Both the approaches were tested varying the number of k neighbors 
from 1 to 15.  
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From PCA, a subset of 3 features has been chosen to optimize the classification task. In 
detail, SnO2Au RGTO #1 and the two SnO2 NW sensors have been selected. Percentages of 
accuracy are shown in Figure 9.5. k-NN performances have been highlighted with a thicker and 
dashed line to better understand if the ones of the hybrid method could get over them. 

k-NN-ANN accuracies are consistent with those obtained with k-NN since there is no 
significant difference between the different percentages. However, with the increasing number 
of neighbors, the combined method reduces performances in some architectures, especially 
those with ReLu in the last hidden layer. This reduction of performance is caused by the 
misclassification among the samples of classes of 4.7% and 7.9% ABV beers. It can be assumed 
that the class boundaries learned by the ANN were degraded when k becomes higher: indeed, 
in this case, almost samples of the two classes used in training are considered as a reference 
for the calculation of the distance, and the ReLu function is not able to learn correctly. The only 
exception is represented by the ANN with ReLu and hyperbolic tangent sigmoid as activation 
functions of the first and the second layer respectively (cyan line). In this case, the best result is 
obtained with k=15 reaching a value of 96.51%, which is also the highest accuracy achieved. 
Generally, it possible to affirm that both methods can learn the classes of the sample using a 
small part of the dataset and to assign the measure used as a test to the correct belonging class, 
thus limiting the negative effect of drift. 

 

Figure 9.5. Accuracies of k-NN and the different ANNs structures for the combined method. Among square 
brackets the number of neurons per layer is indicated; tanh denotes the hyperbolic tangent sigmoid 
activation function, relu is rectified linear unit function. 
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4.  Conclusions 
This study aimed to characterize how sensors, just produced and without induced aging, drift, 

and how it is possible to counteract it. Ten different sensors divided into four groups were tested 
(RGTO and NW, tin oxide, and copper oxide) with ethanol and beers with different alcohol content. 
Two parameters were considered: baseline drift and changes in resistance variation when exposed 
to gases. From ethanol measures, it resulted that NW sensors (both tin and copper oxide) had the 
most stable baseline during the period of analysis (days 1-51). Conversely, RGTO sensors showed 
more reproducibility over time. 

One hybrid approach that combines k-NN and ANNs has been used to evaluate the possibility 
to counteract drift, using the dataset containing beers measures. Performances were compared 
with the k-NN algorithm. It resulted that the two approaches do not differ from each other in terms 
of accuracy, although the best classification result was achieved with the hybrid method.  
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X. Campylobacter jejuni detection 
In this chapter, a new rapid method for the detection of Campylobacter jejuni was fine-tuned to 
prevent infections from this pathogen that affects more than 200,000 people every year in Europe. 
Since the main vehicle for transmission of the bacterium is contaminated food like meat, milk, fruit, 
and vegetables, the aim was to test the sensors array to detect it first on the culture medium where 
C. jejuni grows and then in milk. The results of this study merged into two papers entitled 
“Innovative Sensor Approach to Follow Campylobacter jejuni Development” (Biosensors, 2019) and 
“Nanostructured MOS Sensor for the Detection, Follow Up, and Threshold Pursuing of 
Campylobacter jejuni Development in Milk Samples” (Sensors, 2020). 

1. A focus on Campylobacter jejuni 
Concerning the food industry, we now live in the safest climate. Organizations such as the 

European Food Safety Agency (EFSA), the World Health Organization (WHO), and the Food and 
Agriculture Organization (FAO) assess and coordinate all the legislation that governs all aspects of 
food nutrition and trade. Even if the risk perception regarding the food industry is not one of the 
first concerns of the population in non-developing countries [1,2], food poisoning is still the first 
cause of hospitalization in the world. The Center of Disease Control (CDC) estimates that each year 
48 million people get sick from a foodborne illness, 128,000 are hospitalized, and 3000 die just in 
the USA [3]. 

The Foodborne Diseases Active Surveillance Network (FoodNet) division of the CDC affirms in its 
2017 report that the incidence of infections per 100,000 people was highest for Campylobacter spp 
and Salmonella spp from 2016 to 2017. The situation in Europe for Campylobacter spp infections is 
illustrated by the Campylobacteriosis-Annual epidemiological report published the 30 January 2017 
by the European Center of Disease Control (ECDC) from data collected in 2014 [4]. The report affirms 
that 240,379 confirmed cases were reported in 2014 with a rate of campylobacteriosis of 59.8 cases 
per 100,000 population in the EU/EEA, representing a 13% increase compared with the previous 
year. Human campylobacteriosis was more common in children below five years of age and, in 
general, was slightly higher for males than females across all age groups. Campylobacteriosis shows 
a clear seasonality, with a sharp peak of cases in July. Indeed, for example, at the beginning of the 
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summer of 2018 in Pescara (Italy), 180 cases of intoxicated children were reported and identified as 
campylobacteriosis infection.  

In this study, the attention was focused on a single species that is Campylobacter jejuni. Among 
its peculiarity, it requires small amounts of oxygen (3–6%) for growth and optimum growth 
temperature of 37 °C on solid media; furthermore, it grows well at pH 5.5–8.0. C. jejuni is associated 
with warm-blooded animals: in fact, a large percentage of all major meat-eating animals have been 
shown to contain these organisms in their feces [5,6]. Some strains of C. jejuni produce a 
thermolabile enterotoxin (CJT), that has been reported to have some similar properties with the 
enterotoxins of Vibrio cholerae (CT) and Escherichia coli (LT) [7,8].  

Many meat warm-blooded animals can carry in their intestines, liver, and giblets cells of C. jejuni 
that can be transferred to other edible parts of an animal when it's slaughtered. In the USA in 2014, 
the National Antimicrobial Resistance Monitoring System (NARMS) testing found C. jejuni on 33% of 
raw chicken bought from retailers [9]. Campylobacter spp infection can also be transmitted through 
unpasteurized milk ingestion when a cow has C. jejuni cells in its udder or when milk is contaminated 
with manure. Campylobacter jejuni is a common raw milk contaminant and is notoriously di cult to 
isolate from food products, because of its fastidious growth requirements [10-15]. Animal feces can 
also contaminate water sources, such as lakes and streams.  

Today many techniques can be used in the identification of this type of contamination, many of 
which have limits related to the collection time of responses, high complexity, or the possibility of 
being reused several times. 

In the last few years, different kinds of sensors have been developed for C. jejuni detection. They 
are essentially DNA-biosensors, of which specificity is due to oligonucleotide probes covalently 
immobilized on the sensing surface. Several optical [16], acoustic [17], and electrochemical [18] 
techniques have been proposed for translating the hybridization with the specific target nucleic acid 
to the pathogen detection [19]. As an example, quartz crystal microbalance (QCM) immunosensors, 
using monoclonal and polyclonal antibody systems coupled with the use of gold nanoparticles 
(AuNPs) to increase the sensitivity, were used [20]. In this way, a limit of detection (LOD) of 104 
CFU/mL was reached; however, this kind of sensor is limited to a single use and consequently does 
not have a low usage cost. The same LOD was reached using a colorimetric aptasensor, that can be 
used for on-line applications and gives its response in 30 min [21].  

To overcome time consumption and single-use limitations, approaches based on nanowire gas 
sensor technology could be employed. Nanowire gas sensors base their action principle on the 
analysis and recognition of the volatile fingerprint of a determinate sample. This kind of approach 
has already been applied successfully in many different fields as human microbiota monitoring [22], 
and environmental monitoring [23,24]. In particular, regarding food microbial contamination, 
nanowire tech was able to recognize the presence of a determinate microorganism throughout the 
set of volatile organic compounds (VOCs) emitted when growing in a determinate matrix [25–27].  

This study was divided into two parts. Firstly, the VOCs set that characterizes C. jejuni through 
Gas-Chromatography Mass-Spectrometry (GC-MS) were individuated and the capability of S3 to 
distinguish between samples inoculated with this microorganism and control specimens to follow 
C. jejuni temporal development was indagated. With these results, in the second part of the study, 
the same sensors array was employed to detect and follow up C. jejuni development in milk samples.  
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2. Material and Methods 

i. Samples Preparation 
Samples were prepared using C. jejuni subsp. jejuni type strain purchased from DMSZ, DSM 

number 4688, (ATCC 33560, CCUG 11284, CIP 702, NCTC 11351) and Brain Heart Infusion Broth (BHI) 
media purchased from Sigma Aldrich (Merck). Tubes containing 9 mL of sterile BHI were inoculated 
with C. jejuni cells and were aerobically incubated for 24 h at 35 °C to produce enough biomass to 
proceed with the next step of the analysis. After the incubation, the culture was used to inoculate 
tubes of sterile BHI media to realize the same optical density (OD) of the number 3 standard of 
McFarland that corresponds to a concentration of 9 × 108 CFU (Colony Forming Unit) by mL [28].  

In the first part, serial dilutions using sterile BHI media were performed until the concentration 
was decreased by 4 orders of magnitude to 9 × 104 CFU/mL. This concentration was used for the 
inoculation of the analyzed vials. Sterile chromatography 20 mL vials containing 4 mL of BHI were 
inoculated with 100 μL of the solutions, reaching a final concentration of 2.20 × 103. Control vials 
were performed as well keeping the vials containing 4 mL of BHI with no inoculum. Furthermore, to 
control the effective number of cells at the beginning and the end of the analysis, a plate count 
technique was applied using four plates for each time (T0 and T20).  

In milk samples analysis, the same steps were followed. The main difference lay in the 
concentration used: of 9 × 106 CFU/mL and a final concentration of 2.20 × 105 CFU/mL. The 
microbiological analysis was performed at T0, T21, T45, T69, and T93.  

ii. GC-MS Analysis Parameters 
The fiber for SPME analysis was exposed to the headspace of the vials after heating and shaking 

the samples in the HT280T oven, thermostatically regulated at 40 °C for 15 min, to create the 
headspace equilibrium. The length of the fiber in the headspace was kept constant. The desorption 
of volatiles took place in the injector of the GC-MS for 6 min at 240 °C.  

The following GC oven temperature programming was applied. In the beginning, the column 
was held at 40 °C for 3.5 min and then raised from 40 to 90 °C at 5 °C/min. Next, the temperature 
was raised from 90 °C to 220 °C, with a rate of 12 °C/min; finally, 220 °C was maintained for 7 min. 
The GC-MS interface was kept at 200 °C.  

In the first part of the study, four samples were analyzed: control and C. jejuni at times T0 and 
T20. No milk samples were considered for this technique since the aim was to find the VOCs profile 
of C. jejuni. 

iii. S3 Analysis 
The S3 device used was the one named “S3-002”. It contained 8 sensors: 2 commercial TGS 

sensors (TGS2611 and TGS2602), and six MOX sensors produced in the SENSOR Laboratory. In Table 
10.1 the composition of the “S3-002” is reported. 
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In the culture medium analysis, the autosampler carousel was filled with 40 vials. Among these 
vials, 5 were control samples analyzed at times 2.5 h, 5.5 h, 8.5 h, 11.5 h, and 14.5 h. Each vial was 
incubated at 40 °C for 10 min in the autosampler oven. The sample headspace was then extracted 
from the vial in the dynamic headspace path and released into the carried flow (100 sccm). The 
analysis timeline can be divided into three different steps for a duration of 30 min per sample 
divided as follows: 5 min to analyze samples, 5 min to clean the tube that carries VOCs from sample 
headspace to sensing chamber, and 20 min to restore the baseline. The frequency of sampling was 
equal to 1 Hz. 
 

Table 10.1. Type, composition, morphology, and operating temperature for S3 sensors made at the SENSOR 
Laboratory.  

Materials 
(Type) 

Composition Morphology 
Operating Temperature 

(°C) 

SnO2Au (n) 

SnO2 

functionalized 

with Au clusters 

RGTO 400 °C 

SnO2 (n) SnO2 RGTO 300 °C 

SnO2 (n) SnO2 RGTO 400 °C 

SnO2Au + Au (n) 
SnO2 grown with Au and functionalized with 

gold clusters 
Nanowire 350 °C 

SnO2Au (n) SnO2 grown with Au Nanowire 350 °C 

CuO (p) CuO Nanowire 400 °C 

 

The differences in the milk analysis lay in the number of samples analyzed. In this case, the 
analysis was carried out from 0 to 93 h with a total of 168 samples that were analyzed continuously. 
Since the autosampler has 42 positions, four steps of 21 hours were performed in sequence. 
Furthermore, milk control samples were analyzed every 150 min (i.e. after 5 contaminated samples). 

S3 data analysis consisted of the extraction of the ΔR/R0 parameter from the signals to use them 
in an unsupervised way with PCA. 

3. Results and Discussion 

i. Culture media analysis 



211 
 

GC- MS analysis was used to identify characteristic compounds produced by C. jejuni from its 
metabolism on a period of twenty hours.  

The comparison between control and C. jejuni specimens at time T0 underlines no significant 
differences in terms of number and amount of VOCs. In Table 10.2, the list of compounds with their 
retention time (RT) and abundance in the arbitrary unit is reported. The correlation coefficient has 
been calculated to get how similar the two samples were; a value equal to 0.9965 has been 
obtained. This proves that during the conditioning period of 15 min before fiber exposure in the GC 
injector, C. jejuni VOCs production was too small to change headspace composition. 

Table 10.2. List of volatile organic compounds (VOCs) for C. jejuni and control samples with their retention 
times (RT) and abundance in arbitrary units at time T0. 

RT VOC Abundance 

 Campylobacter Control 

1.552 3-Butynol 5,488,041 5,289,186 

2.674 Isovaleraldehyde 28,336,125 25,535,856 

5.386 Dimethyl Disulfide 5,401,037 6,048,406 

8.666 3-O-Methyl-D-fructose 912,105 904,062 

9.281 1-Hydroperoxyheptane 533,178 418,838 

12.332 2,5-Dimethylpyrazine 623,139 560,597 

14.432 Nonanal 512,867 227,918 

14.624 6-Methyloctadecane 549,617 794,739 

15.419 4-Methyl-2-oxovaleric acid 457,664 412,957 

15.805 2-Acetylamino-3-hydroxy-propionic acid 27,861 51,993 

16.017 1-(2-Methoxy-1-methylethoxy)-2-propanol 519,216 240,149 

16.372 Ethylhexanol 404,819 389,367 

16.866 Benzaldehyde 12,509,648 13,515,034 

17.430 3-Trifluoroacetoxydodecane 92,701 168,299 

18.455 3-Hydroxycyclohexanone 145,875 206,891 

18.695 Acetophenone 2,201,980 1,987,623 

19.545 [(2-Ethylhexyl)methyl]oxirane 93,105 281,168 

19.950 Methoxy-phenyl-oxime 1,545,714 1,301,333 

20.871 Heptanoic acid 268,343 304,130 

21.205 Benzyl alcohol 280,516 246,860 

21.555 2-[2-(Benzyloxy)-1-(1-methoxy-1-methylethoxy)ethyl]oxirane 226,967 202,114 
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22.021 1-Dodecanol 222,887 482,480 

22.465 Phenyl carbamate 51,364 93,104 

23.580 Octanal 121,544 130,790 

24.480 Octadecanal 131,841 76,150 

25.078 2,6-Bis(tert-butyl)phenol 691,529 597,086 

27.565 N, N-Dimethylformamide ethylene acetal 53,073 24,830 

On the contrary, sample analysis after 20 h has indicated changes in vial headspace due to 
microorganism’s metabolic activity and to slow release of VOCs contained in BHI broth. In Table 
10.3, the list of VOCs is shown. The main differences between the specimens reside in the presence 
of alcohol compounds, such as 1-pentanol, acetoin, 2,7-dimethyl-4,5-octanediol, 2-propyl-1-
pentanol, bicyclo[3.2.1]octan-6-ol, 1-nonanol, γ-methylmercaptopropyl alcohol, and (9E)-9-
hexadecen-1-ol greater in C. jejuni samples than control one. This result points out how sugar 
fermentation went on during a 20 h incubation period at 37 °C. Furthermore, this heating phase 
could also be responsible for the formation of new compounds derived from pyrazine, like 
trimethylpyrazine and 2-ethyl-3,6-dimethylpyrazine. In this case, the correlation coefficient is equal 
to 0.2666, indicating the samples were strongly diverse. 

Table 10.3. List of VOCs for C. jejuni and control samples with their retention times (RT) and abundance in 
arbitrary units at time T20. 

RT VOC Abundance 

 Campylobacter Control 

1.540 3-Butynol 8,834,835 2,135,579 

2.266 Isovaleraldehyde 221,889,809 3,852,176 

4.142 Dimethyl Disulfide 42,167,678 0 

8.377 1-Pentanol 236,112,172 0 

9.229 Isoamyl Alcohol 0 737,186 

10.673 Acetoin 1,974,910 0 

11.125 2-Methylbutyl isovalerate 1,684,776 0 

12.299 2,5-Dimethylpyrazine 0 693,770 

14.400 Nonanal 0 123,487 

14.483 Trimethylpyrazine 0 258,896 

14.600 6-Methyloctadecane 0 60,501 

15.275 2-Ethyl-3,6-dimethylpyrazine 243,733 0 

15.392 4-Methyl-2-oxovaleric acid 454,870 273,645 
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15.702 Ammonium acetate 812,172 572,057 

15.903 2,7-Dimethyl-4,5-octanediol 945,696 0 

16.186 1-(2-Methoxy-1-methylethoxy)-2-propanol 0 79,930 

16.295 2-Propyl-1-pentanol 308,880 0 

16.340 Ethylhexanol 267,747 301,354 

16.845 Benzaldehyde 0 14,760,479 

17.366 1-Octanol 972,272 256,675 

17.550 Bicyclo[3.2.1]octan-6-ol 164,638 0 

17.946 2-Undecanone 103,647 0 

18.419 3-Hydroxycyclohexanone 0 79,109 

18.581 Benzeneacetaldehyde 5,087,169 0 

18.668 Acetophenone 0 669,190 

18.740 1-Nonanol 1,331,499 0 

18.914 Methyl 4-hydroxybutanoate 0 204,876 

19.446 γ-Methylmercaptopropyl alcohol 690,884 0 

19.923 E-11,13-Tetradecadien-1-ol 2,393,731 532,815 

20.575 β-Phenethyl acetate 131,503 0 

20.844 Heptanoic acid 488,771 215,935 

21.187 Benzyl alcohol 342,619 146,035 

21.540 Phenylethyl Alcohol 26,577,900 1,429,647 

21.750 m-Tolunitrile 0 60,783 

21.996 1-Dodecanol 492,208 270,053 

22.316 Tropone 165,612 56,068 

22.443 4-Hydroxybenzenephosphonic acid 0 77,574 

22.684 Nerolidyl acetate 0 116,357 

22.876 Octanoic acid 178,530 73,913 

23.555 1,3,2-Dioxaborolane, 2-ethyl-4-(3-oxiranylpropyl)- 0 48,973 

23.822 (9E)-9-Hexadecen-1-ol 188,001 0 

25.047 2,4-Di-tert-butylphenol 204,650 200,860 

26.632 Pyrindan 103,007,890 14,885,449 

27.555 N,N-Dimethylformamide ethylene acetal 40,116 40,546 
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The growth of C. jejuni is also confirmed by microbiological analysis. There were (8.57 ± 1.18) × 
104 CFU/mL at time T0 in terms of mean ± standard deviation calculated on four plates and (1.38 ± 
0.40) × 107 CFU/mL at time T20. 

Regarding S3 analysis, the first step consisted of checking the most performing sensors in the 
array. Sensor responses were normalized to highlight the variation of the resistance once sensing 
materials were exposed to VOCs. Five sensors showed the best performances: two RGTO (SnO2Au 
and SnO2 heated at 300 °C), SnO2Au nanowire, copper oxide, and TGS2611. Resistance variation 
overtime for all measures is shown in Figure 10.1 for three kinds of sensors, i.e. RGTO, nanowire, 
and commercial MOX. 

CuO sensing material exhibits an increase in resistance for the R0 value, while TGS2611 and SnO2 
RGTO have an opposite behavior due to their n-type semiconductor characteristic. However, all of 
them are characterized by the decrease of ΔR with the growth of time. This trend is more evident 
for CuO and TGS2611 sensors. Conversely, RGTO has an increase of ΔR for the first five samples, 
while from the seventh specimen it has the same kind of response as the other two, even if it is less 
accentuated. This tendency could be explained considering that the number of microorganisms 
grows over time very quickly; it has been shown that they double their number in BHI broth in 75 
min (average value) [29]. Hence, many VOCs could be used by C. jejuni to feed, thus subtracting 
them from the headspace. At the same time, new compounds are emitted from bacteria and pass 
into the gaseous phase, as shown in Tables 2 and 3. It is important to underline that for 20 h not 
only the alcohols have increased in number and amount, but also other compounds. Among them, 
the one present in greater quantity is pyrindan, a bicyclic compound containing a pyridine ring. The 
reduction of ΔR/R0 value could be due to the action of this compound. Furthermore, it can be 
noticed that the first sample of the analysis produced a ΔR significantly different with respect to the 
others; it is higher for all sensors, especially for RGTO and nanowire sensors. Since this could be the 
result of different conditioning, it has been discarded for the following analysis.  

Figure 10.2 refers to PCA that has been performed using the five aforementioned sensors. The 
first two Principal Components (PC) were used for a total explained variance equal to 99.08% 
(91.77% in PC1 and 7.31 in PC2). It is possible to identify two different trends. For C. jejuni samples, 
the first four samples (0.5–2.5 h) are characterized by descending scores along the PC2 axis, while 
the other specimens (3–20 h) are distributed essentially along with PC1 ascending scores. 
Furthermore, the distance between points decreases as time goes on and it can be explained by the 
typical growth curve of microorganisms. Indeed, it is characterized by four phases: (A) lag phase 
(bacteria adapt themselves to growth conditions and are yet not able to divide), (B) log phase (cell 
doubling), (C) stationary phase (growth rate and stationary rate are equal due to a growth-limiting 
factor such as the depletion of an essential nutrient) and (D) death phase (bacteria die). In PCA, the 
lag phase corresponds to the first four points that move along the PC2 axis, log phase to the 
following eleven samples (3–8 h), and stationary phase to the remaining ones (8.5–20 h). Instead, 
control samples assume higher scores along both PCs axes with increasing time. It is due to the slow 
release in the headspace of some VOCs contained in the BHI broth. The only exception is the fourth 
control sample that does not follow the parabolic trend of the others, but it is closer to C. jejuni 
points. 
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Figure 10.1. Resistance variations of three sensors once exposed to VOCs. From top to bottom: copper oxide nanowire, 
TGS2611, and tin oxide RGTO. On the x-axis, there is time in seconds, on the y-axis normalized resistance.  
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Figure 10.2. Principal Component Analysis (PCA) was done with the first two components (total variance equal to 
99.08%). Green circles are C. jejuni samples, red diamond control ones. 

ii. Milk samples analysis 
The theoretical initial concentration of microbial cell inoculation in whole milk at T0 was 2.20 x 

105 CFU/mL. Count plate technique confirmed the real number of inoculated cells was 2.92 x 105 
CFU/mL at T0, while the control samples were completely clean throughout the entire analysis time 
of the first set of analysis. Conversely, the inoculated samples exhibited an increase in the cell 
number during the analysis time up to 2.19 x 109 CFU/mL, enhancing the initial concentration of 
nearly four orders of magnitude. Regarding the results obtained with the S3 device, data are 
represented in the form of PCA in Figure 10.3. 

A clear separation of two clusters is evident in the figure, diversifying contaminated samples 
out of contaminated ones. Apart from these data, no evolution of the contaminated samples was 
evident which formed a cluster with no differentiation between the less contaminated and the ones 
that exhibited big contamination at the end of the 93 h. This output is mainly due to a saturation 
phenomenon of the sensor response. 
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Figure 10.3. Principle component analysis (PCA) score plot representing the data obtained during the 93 h of the first 
set of analyses where contaminated samples are dots colored in green while control samples are yellow squares. The 

horizontal axis represents the explained variance enclosed in PC1 as equal to 60.31%, conversely, the vertical axis 
represents the explained variance enclosed in PC2 as equal to 23.04%. The total explained variance enclosed in the 

graphic is equal to 83.35%. 

4. Conclusions 
This work demonstrates the potential of this technology for the development of a device able 

to give responses very quickly when compared to classical microbiological methods, 5 min for the 
former, and several hours for the latter. This lays the foundation to develop a rapid and sensitive 
detection method for C. jejuni in the future. Innovative gas sensors with nanowire and RGTO 
morphologies used in this study have proven to be useful tools for the identification and 
characterization of microbiological contamination. In particular, PCA done with five sensors shows 
the capability of the system to follow bacteria growth along a period of 20 h. During which the 
sensors used were able to associate the response faithfully following the growth curve of the 
contaminated microorganisms. 

Furthermore, the analysis with a real food matrix such as milk showed the capability of the 
system to discriminate control samples from contaminated ones. Besides, efforts will concentrate 
into study investigating the effect of adding normal milk microflora to the samples to observe the 
interaction between the microorganisms and the volatiloma emitted from them. Experiments 
adding non-related microorganisms to demonstrate the specificity of detection is already on-going. 
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Part IV: Conclusions 
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XI. General Conclusions 
All the research lines developed during the Ph.D. period included the application of an array MOX 
gas sensors in the food field. In particular, the installation of different arrays in the devices like ovens 
and fridges has been presented in parallel with applications that employed an e-nose like device. 
For this reason, and for the relative content, the thesis was divided into three parts; it is my intention 
to respect the same division (excluding the first part of the state of the art) in this concluding chapter 
to highlight the obtained results and make them more easily comparable.  

In part II. Smart Home and Industry the applications focused on works made in collaboration with 
Italian companies involved in production, processing, or storage of food have been described. In 
chapter IV, applications in ovens (industrial and domestic) and fridges are enclosed to show the 
potentiality of this kind of device to follow cooking processes and to monitor the conservation of 
some types of food at low temperature. Regarding the industrial oven study, several goals were 
achieved at the end of the tests. The most important ones were that: 1) sensors were able to 
discriminate food within the first 2 minutes of cooking; 2) there was a relationship between the 
response of the sensors and the degree of cooking of the product and they could discriminate 
between raw and cooked products with high accuracy (94.6% for raw food); 3) it was possible to 
reveal the quantity of product loaded as long as the type of product is known (hierarchical 
discrimination). Similar results were obtained in the case of domestic ovens. The main differences 
with the previous application were the fluid dynamics inside the oven that, in this case, did not affect 
the signals of the sensors and a clear clusterization of cooked product from raw food. Furthermore, 
the cluster of ready-to-eat food had low dispersion and included the cooked food independently 
from their type and their optimal cooking time. This is an encouraging result toward an actual 
automatic cooking system. Finally, the fridge application showed how different morphologies and 
sensing materials acted in the detection of spoiled food at low temperatures (about 4°C). It resulted 
that RGTO and NW SnO2 sensors had high correlation coefficient with the concentration of 
microorganisms over the stored food (higher than 0.7, that indicates a strong correlation). 
Furthermore, it was possible to do a “dynamic” test that simulated a possible home scenario with 
the addition and removal of food from the fridge during the analysis. This test led to two 
conclusions: 1) the ability of the technology to adapt to conditions similar to domestic ones and 2) 
the sensor's ability to respond even only to an inedible food among others that are still healthy.  

In chapter V, instead, a case study in the context of the Industry 4.0 is reported: the use of an array 
of sensors for the identification of the aroma of the fruit jams to install the device directly on the 
production line of the company. After an initial phase of method optimization, several replicas of 
different fruit jams in term of fruit and recipe were carried on. The data obtained with LDA technique 
showed that the system could recognized fruits (at fixed recipe) and recipes (at fixed fruit) with high 
accuracies. Furthermore, this study revealed the combination of sensors useful to the following 
industrial application. Finally, a methodology that included the use of ultrasound highlighted how 
for certain jams they enhanced the emission of compounds from the solid to the gaseous phase 
since the variation of the resistances increased. 
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In chapter VI, the last chapter of this part is dedicated to the recognition of coffee blends and roaster 
in a coffee grinder that can easily be found in bars. On one hand, ANNs were used to analyze the 
collected data; it resulted that their accuracy was about 77% when forced to recognize all the blends 
and increased to 98% when they had to predict only the coffee roasters. In addition, it was found 
that RGTO-SnO2 and CuO sensors could follow the development of the aromatic profile over time. 
On the other hand, in the set-up nearest to the real scenario application, it was found that the three 
RGTO sensors were able to recognize different coffees and follow the temporal evolution. 
Furthermore, ANNs performances indicated that this task was reached with an accuracy of 99% 
during the test phase. 

Conversely, in section III. Food Quality control, the results obtained from different food matrices are 
inserted.  

The first example has been dedicated to Parmigiano Reggiano cheese and the aim was to train the 
array of sensors to distinguish between compliant and non-compliant grated cheese packs. This 
study aimed at verifying the possible distinction between grated PR with different rind percentages 
with an electronic nose, considering two other variables: seasoning degree and working processes 
of the rind. The task to distinguish grated PR with different rind percentages with an S3 device was 
reached extracting five features from sensors’ signal (ΔR/R0, the minimum of first derivative, two 
integrals of the signal and the rise/fall time). A hierarchical approach was employed to predict those 
three parameters, using a “decision tree” with ANNs instead of nodes. The ANNs’ classification rates 
were high during each step, ranging from 88.24% to 100%. 

With olive oil, the study aimed to recognize PDO oil from non-PDO oil and the geographical 
distinction between PDO olive oils from different regions. In a first step, sensors were employed to 
see if it was possible to distinguish among olive oil, non-PDO EVOOs and Garda PDO EVOO. Using k-
NN with k=4, it resulted that the accuracy of the system was 94.3%. In the second step, a similar 
accuracy was reached analyzing Garda oils from two shores of the lake. Hence, this preliminary study 
showed how a S3 device could be trained for these tasks and, possibly, to avoid frauds.  

The last food matrix is beer, with which the behavior of not stabilized sensors and the recognition 
of not alcoholic and alcoholic beers were performed. The goal of this study was to describe how 
sensors drift (only created and not caused ageing) and how it can be counteracted. Ten different 
sensors grouped into four classes (RGTO and NW, tin oxide and copper oxide) were tested with 
ethanol and beers with different alcohol content. Two parameters were considered: baseline drift 
and changes in resistance when subjected to gases. As a result of the ethanol tests, the NW sensors 
(both tin and copper oxide) had the most stable baseline; conversely, RGTO more reproducibility. A 
hybrid method integrating k-NN and ANNs was used to test the probability of counteracting drift 
using a beer measure dataset. Performances were related to the k-NN algorithm. The conclusion 
was that the two methods did not differ in terms of precision, while the better classification 
outcome was obtained with the hybrid form. 

Finally, the last application regards the detection and follow up of the development of 
Campylobacter jejuni in culture media and milk. This work illustrates the promise of this technology 
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for the creation of a system capable of reacting very rapidly relative to traditional microbiological 
approaches, 5 min for the former, and many hours for the latter. This lays the groundwork for the 
development of a rapid and responsive C. jejuni detection system in the future. In particular, the 
PCA with five sensors demonstrates the capacity of the device to track the growth of the bacteria 
over a duration of 20 h during which the sensors used were able to connect the reaction faithfully 
to the growth curve of the infected microorganisms. In addition, the study of a real food matrix, 
such as milk, demonstrated the capacity of the device to distinguish control samples from 
contaminated ones. 

This PhD thesis work reflects not only the wide variety of uses and the flexibility of the application 
fields of the MOX gas sensors, but also the immense plasticity of this technology to be developed 
and tailored to the needs of the various application goals. I believe that many of the application here 
listed could be developed in everyday-life technologies not that distant in the future. 
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