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ABSTRACT

This PhD project arises from the growing awareness of food quality and safety on the part of
citizens and institutionsThe increase in the population to feed, the lengthening of the production
and distribution chains and the seeiconomic risks of a poor dienake it crucial to monitor the
quality of food from the producer to the consumeéraditional methods (sensory panels and
laboratory analytical techniques) are too expensive and above all slow to evaluate the quality of
fresh foods that deteriorate outie course of a few hours. In this context, it is crucial to develop
monitoring devices that are cheap, rapid andineasive, in order to be able to evaluate the quality

of food products extensively and constantly.

Solid-state gas sensors are an idealdidate, as they are inherently rRiowasive and
inexpensive. In this context, the project focused on chemoresistive sensors based on semiconductor
metal oxides, which are among the simplest and most performing, and have the advantage of being
sensitive taalmost all gases and VOCs. Initially, nanostructures of different materiasdmptype
semiconductors) and of different morphologies (nanowires and nanosheets) were studied in order to
investigate the performance of individual sensors. In this wage stevices have been optimized
with respect to the detection of possible biomarkers of the degradation of specificTlo@densors
have demonstrated a rapid response (from a few seconds to a minute), an intense response and abov
all a very low detectio limit (less than fapnv, in some cases a few tenspgby), important for

agri-food applications.

This approach is the simplest since it requires a single sensor that is selective towards a
certain molecule (ammonia, ethylene...) which can be considereghtpemportant information

parameter in a certain application.



In most cases, however, the gaseous emission of a food is composed of a large quantity of
volatile compounds, and the low selectivity of resistive sensors makes it difficult to discrimimate th
molecules most informative regarding the degradation process. For this reason, in the second part of
the PhD we used the sensors developed up to then to create electronic noses. Exploiting the
dimensions of nanostructures, we have developed a new carficbptmal electronic nosegi with
sensors of the same material, but within a thermal gradient. In this way, by exploiting multivariate
statistical analysis and machine learning techniques, the devices acquired a greater ability to
discriminate and quiify the different gasesThe electronic noses have shown that they can
perfectly recognize the different gases tested (100%) and estimate their concentration with an error

of a fewppmv.

Measurements in the laboratory are very useful for testing therpenice parameters of
sensors and electronic noses, as they make it possible to evaluate the correctness of the classificatior
and the error in estimating the concentration of any gas. On the other hand, measuring the emissions
of fresh food is different,sathe concentrations are not known, and therefore a different approach is

needed.

The final stage of the project involved using electronic noses to assess the freshness of
certain agrfood products. As the developed sensors were particularly sensitiventonia, it was
decided to study the degradation of meat and fish, where this gas is an important marker. The
electronic noses have been able to accurately recognize the meat from the fish (> 95%), and evaluate
the state of degradation by giving a very wate estimate of the microbial count (>95%),

responding in a very short time (tens of seconds).



The miniaturized electronic noses developed during this PhD project have therefore
successfully demonstrated to be a rapid andineasive crossectional tob for assessing the

freshness of agifiood products.



CHAPTER 1. | NTRODUCTION

1.1 Analytical chemistry for food quality

Evaluating the freshness of afpiod products is a growing problem as traditional methods
keep pace with production. In the past, panels of human experts sareliedted the producfd],
recently joined by noinvasive analytical techniques such as garomatography, spectrometry and

mass spectrometiy].

These techniques can separate gas mixtures by distinguishing their individual components and
quantifying them in a precise manner. Their high sensitivity and specificity make them a precious
objective aid to the human experience of the panelists. Unfortunately, all these techniques share the
same problems of sensory analysis: they are expensive in terms of personnel (expert personnel are
needed), money (they are expensive laboratory instrumentsjtanw all in terms of time (the

analysis of a sample takes long).

1.2 Gas sensors

In parallel to traditional analytical techniques, gas sensors have experienced remarkable
growth, driven by innovations in materials science and nanotechnology. Among theseyxideta
nanowires have garnered significant attention. These nanomaterials exhibit remarkable sensitivity to
various gases and offer a platform for the development of chemoresistive gas sensors. Chemical gas
sensors operate on the principle that the etadtresistance of a sensing material changes in
response to gas adsorptidrhis change in resistance depends on the type and concentration of the
gas and is very fast, thus enabling ft#@le gas detection. Furthermore, the miniaturization and

possible mtegration of these sensors in portable devices would allow their use on a large scale,



measuring the headspace of &god products one by one and not just randofB]y Gas sensors

have some advantages over laboratory analytical techniques:

1. Reakttime monitoring: One of the paramount advantages of chemical gas sensors is their ability to
provide reailtime, continuous monitoring of gas concentrations. Unlike traditional analytical
techniques such as gas chromatography, which involve sample collectiorsuasequent
analysis, chemical gas sensors offer immediate feedbEuk. measurement speed is very
important in the analysis of fresh food products such as vegetables, fruit and even more meat and

fish, as their quality degrades quickly.

2. Portability and miniaturization: Metal oxide nanowires have played a pivotal role in the
advancement of miniaturization of gas sensors. Their small size and low power consumption
make them suitable for integration into production and distribution chains, portableslawid
even wearable technologies. This portability would allow fesibe measurements on production

farms, warehouses, shopnd even by the customer with his smartphone.

3. CosteffectivenessChemical gas sensors cost thousands of times lesgréthiional analytical
instruments. Their simplicity in design and low cost of production and operation make them
accessible for mass production and therefore extensiveases, to analyze all products and not

just a few samples.

While gas chromatographgnd mass spectrometry are powerful analytical methods for gas
analysis, they are relatively complex, require skilled operators, and are less suitable-tiorereal
monitoring.Gas sensors, on the other hand, offer a simpler, faster and cheaper appoogsierH
it is essential to recognize that gas sensors do not achieve the same level of sensitivity and

specificity as advanced analytical techniques.



The synergy between analytical techniques and gas sensors could foster a comprehensive
approach to gas alyais, where sensors act as rapid screening tools, directing complex samples to

analytical instruments for detailed characterization.

Unfortunately, the performance of gas sensors is not only "worse" than that of analytical
techniques, but they lack seledly almost completely. In fact, chemoresistors are sensitive to
almost any gas and volatile organic compound. In simple contexts, in which it is necessary to detect
a gas in the absence of interferents or in the presence of few interferents, choasgiy thaterial
can solve the issudut in most cases the situation is more complex and cannot be solved with a
single sensor. In these casesyeralgas sensors are combined into an array that works together and

is called an electronic nose, as it siatab the functioning of the mammalian olfactory system.

1.3 Electronic noses

An electronic nose consists of a series of chemical sensors, each with a different selectivity
to gases or volatile organic compounds (VOCs). When used for a measurement, these sensor
produce a pattern of distinct electrical responses that is characteristic of the gas, VOC or mixture
being sensed by the electronic no$ekis patternis then analyzed using multivariate statistical
analysis techniques and machine learning algorithnmyialg the electronic nose to identify and
qguantify the gas or mixture it is detecting. This process follows the way our sense of smell interprets
the world (receptors with different sensitivities, then processed together by the brain), albeit with the

precision and speed of modern technolddly

Although electronic noses are not able to understand which molecules they are detecting,
they are able to work very efficiently by comparing the measurement in progress with a database of

measurements, in order tecognize the aroméatthey are measuring as a whole. In this way, not



leaving out a "calibration" phase that requires the use of established analytical techniques, the
electronic noseouldthenbeable to evaluate the freshness and quality of foodymts quickly and
efficiently [5]. Unfortunately, the development of electronic noses is still being studied, and the
prototypes made and marketed so far are still quite bulky and expensive. This PhD course on

miniaturized electronic noses for the afprod sector is located in this context.



CHAPTER 2. AIM OF THE THESIS AND SPECIFIC OBJECTIVES

Current electronic noses are devices with great potential, but still limited by both performance
and size and above all by cost. Simplifying the device at a technoldgiadl would make it
possible to significantly reduce both parameters, making electronic noses more affordable in many
applications, including the agiwood sectorFrom this point of view, the present PhD project aimed
to develop a new type of electronioses, based on chemoresistive gas sensors, which were cheap,

tiny and therefore integrable in an extensive way in the-fogrd sector chain.

2.1 Gas sensors

The most suitable chemiresistive gas sensors for this purpose are those based on metal oxides,
sincethe gas molecules absorbed on the surface withdraw or release electrons inside the material
(depending on whether the gases are oxidizing or reducing) and thus modify the resistance creating a
sensor signal in a very simple way. The use of nanostructueddrials greatly improves the
performance of the sensors as it leads to a huge increase of the surface/volume ratio and because the
surface effect influences the resistance of the sensor more importantly. In fact, the morphology of
the nanostructures antiet possible functionalization with other materials (organic molecules or
metallic nanoparticles) allows to substantially optimize the sensor performEmaefore, during
the PhD it was planned to study sensors based on nanowires and nanosheets wif e
oxides, possibly functionalized on the surface in order to improve their sensitivity and selectivity
towardsspecific volatile organic compound3ptimizing individual sensors towards the detection of
agri-food biomarkers is in fact the first stepecessary to create the elements that make up the arrays

for electronic noses.

2.1.1 Specific objectives



Within this first phase, the specific objectives to evaluate the progress of the doctoral project

were

1 realization of nanowires (1D) and nanosheets (Zetal oxides

1 possible functionalization with metal nanoparticles or organic molecules

1 morphological, compositional and structural characterization of nanomaterials

i fabrication of chemoresistive sensors and testing of their detection performancengleh s

gases

2.2 Electronic noses

Based on tiny sensors composed of metal oxide nanostructures, the PhD project aimed to
develop innovative electronic noses, which work on the basis of different working temperatures
rather than different materials. In this wadlge entire device could be miniaturized by exploiting a
temperature gradient in which a series of identical sensors based on metal oxide nanowires operate.
The general aim was therefore to manufacture electronic noses with microelectronic techniques, so
as to be able to integrate the different sensors together with an asymmetric heater, reducing the size

of the entire device to a few millimeters.

However, this approach is technologically difficult, and therefore a Bobncept was also
implemented irparallel by realizing single nanowire sensors in which the thermal gradient was not
spatial but temporal (the same sensor measured sequentially at different temperatures). The idea was
to exploit both architectures in order to test different sensors atda¢® their performance against
specific food products. In fact, even if the discrimination of an electronic nose is "artificial" (it

derives from the different response of the sensors which creates a unique pattern for a certain



bouquet of odours), theetection performance of the sensors that compose it greatly influences its

operation.

2.2.1 Specific objectives

Within this secondphase, the specific objectives to evaluate the progress of the doctoral

project were:

1 measurements with natural thermal gradiemnt simulation of thermal electronic reys

1 integration of sensors and asymmetric heater and creation of a miniaturized electrgnic nose
1 multivariate statistical analysis of electronic nose responses and performance eyaluation

1 feedback from machine learnirdgorithms regarding the effectiveness of the single sensors

used

2.3 Measurements of food products

The ultimate goabf the project was to develop a new riomasive tool for assessing the
quality and freshness of agdod products. As already mentioned, the electronic nose is an
instrument which, unlike analytical techniques, does not recognize the molecules &. datethis
reason, the measurement of real food must be accompanied, at least in the first phase, by a standarc

technique that allows its "calibration”.

Furthermore, measurements with real foods are very different from those made in the
laboratory with gigle gases, as they measure dynamic headspaces instead of a constant flow.
Therefore, the measurement procedure itself also had to be reviewed and adapted, and this was only
possible by using them simultaneously with a sensitive, selective and rapidjtecbach as proton

transfer reaction mass spectrometry (FVIR).
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Of course, the ultimate goal was that electronic noses would later be able to function on their

own, quickly, efficiently and accurately.

2.3.1 Specific objectives

Within this last phase, the spgciobjectives aimed at evaluating the progress of the doctoral

project were:

1 headspace measurement test and comparison with flowmeter measurements;

1 measurement with PFRIS and electronic noses to analyze and optimize the functioning of
the sensors;

1 measuing foods with single nanowire electronic noses and standard calibration technologies;

1 field measurement of foods with integrated electronic nose prototype.
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CHAPTER 3. ULTRASENSITIVE NO, GAS SENSING PERFORMANCE OF TWO

DIMENSIONAL ZNO NANOMATERIALS : NANOSHEETS AND NANOPLATES

This chapter is based on tbeentific papel®:

fUltrasensitive NQ gas sensing performance of two dimensional ZnO nanomaterials: Nanosheets
and nanoplatés  Ceramics International, 47 (2021) 28828820. Doi:

10.1016/j.ceramint.2021.07.042

3.1 Abstract

Highly sensitive N@ gas sensors with low detection limit are vital for practical application in
air pollution monitoring. Here, the N(as sensing performance of porous ZnO nanosheets and
nanoplates were investigated, with different shape aic#inéss. It was found that ultthin ZnO
nanoplates had a higher sensitivity than ctikal ZnO nanosheets. The results were attributed to the
high specific surface and very small thickness of the ultrathin nanoplates. The nanoplates have
indeed a thickess of 15 nm compared to that of the nanosheets which is 100 nm, and a BET surface
area of 75 m2/g, while that of the nanosheets is 6 m2/g. The chemosensor basedtoim tr@
nanoplates shows a response of 156 tqPravof NO, at 200°C, with a theoretical detection limit
of 3 parts per trillion and a selectivity higher than 760. The specific surface and the small thickness
of the ultrathin nanoplates contribute to its highly improved sensing performance, making it ideal

for NO, gas sensing.

3.2 Introduction
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According to the World Health Organization (WHO), more than 90% of the world's
population lives in areas that exceed air pollution limits, nearly 98% of cities inntmne
countries do not meet air quality standards, and abaouitlion people lose their lives each year due
to pollutionrelated disorderf7]. One of themost toxic gases present in the atmosphere is nitrogen
dioxide (NQ), a reddiskorown gas with a characteristic sharp ofjr There is a lot of interest in
monitoring this gas and reducing its concentration, due to its harmful effects on human health and
the environmen{9]. Nitrogen dioxide is mainly produced from the industrial exhaust gas, power
plants, petrochemical plants, vehicles and laboratptis It canproducephotochemicapollution
and acid rain, as well as irritation to the eyes and luregpiratory diseases, weakening of the

immune system and even def@il]].

According to the WHO and the European Commission for Air Quality Standards, the NO

houly mean value may not exceed @arts pemillion in volume(ppmv) more than 18 times in a

year, while the N@annual mean value may not excée@2 ppmv[12]. In the environment, the

NO, concentrationis on the order oppby, making it difficult to detec{9]. For these reasons,
different types of devices have been studied recently, trying to obtajns&l@ors that are very
sensitive, reliable and selective. pl€hemical gas sensors based onisenductor metal oxides
(SMOs) are very promising due to their advantages such as low manufacturing cost, simple
operation, low power consumption, high sensitivity and stability, @mold compatihlity with

silicon technology13,14,15].

Among the variousensing technologies, solid state chemoresistors are among the most used
for NO, detection, and among the most used mateseeral SMOs are foun@&nQ,, ZnO, InOs;,
WO; and TiQ [16,17,18]. Recently, heterostructures based combinatios of these

semiconductors or on the surface decoration with metallic nanoparticles such as Pt, Auhand Ag
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beendeeply studied19]. Zinc oxideis one of the most studied SMOs for its properties, ahdst
beenused widely to realize different types advices, namely gas sens¢2§,21], electrochemical
sensors and biosensd2,23] but also supercapacitof81] and environmental tools for pollution

degradatiorj22].

Furthermore, ZnO proved to have some natural selectivity towards [R24,25]. For
instance, Wang et al2¢] incorporated ZnO nanowireand black phosphorus nanosheets for the
detection of N@ gaswith enhanced response value. Zhou et} {iIsed nanowireetworksensor
for the detection of N@gas under UV illumination, where theyudied the effect of carrier gas on
the sensing performance. Such sensordd detect N@at ppbvlevel at room temperature, but the
sensorgequired long response and recovery timecéhtly, improvements inanotechnology allow
for better control of ZnO nanostructures in terofscrystal structure, size and dimensionality,
porosity and microstructuren the mesoscale28,29,30]. The geometry and size of the ZnO
nanostructures are partlady important in the case of gas sensors ttuthe great influence that
morphology has on gas detection performantang et al. developed a sensor based on ZnO
nanospheres thatxhibits a response of 29.4 to @pmv of NO, at room temperature when
illuminated with ultraviolet (UV) light23]. Due to their larger surfacrea and the small diameter
of the nanoparticles that compose them, ihaospheres showed attiee response than nanorods
and nanoflowersThe response of all ZnO nanostructures was very low for all other tgsted
(NO, CO, NH, CsHs, Ho, ethanol and acetone), indicatiagcellent shapéndependent selectivity.
Kusumam et al. have showthat very thin nanosheets (thickness of 30 nm) give a much greater
response than nanoparticles with a diameter of 100 nm: a respdtt@%etto Sppmvof NO, and a

sensitivity of 21%ppmv|[29].

In this work, porous cordike nanosheet@nd ultrathin ZnO nanoplates were grown by
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hydrothermal technique followed by thermal annealing. The sensor based on ththirultra
nanoplates exhibits superior NG@ensing performance epared to thecoratlike nanosheets
counterpart. It can deteeerylow NO, concentrationsvith a detection limit of 3 parts per trillicet
the optimal working temperature of 200°C. The response of thethitr&@nO nanoplates was 76 to
0.5ppmvNO,, twice that of the porous corbke ZnO nanosheet3he selectivity of the sensor with
respect to interferents (acetone, ethanol, isopropyl alcohethytamine, S@ and CO) ishigher
than 760.This excellent performance, combined with the advantages ofarksistors based on
metal oxide nanostructures (redusizk and costsimplicity of fabricaion and measurement), make

the ultrathin ZnO nanoplates an ideal material for N¥@nsors.

3.3 Experimental

The chemicals used in this work (ZnSTH,0, urea (CHN,O) and Zn(NQ),-6H,0) were
bought from SigmaAldrich. All reagents were analytic grade and used as received without further
purification. Both porous ZnO nanostructures were synthesized by hydrothermal meth@iljFig.

using ceionized water as solvent.
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Figure3.1 - Hydrothermal synthesis procedure of ZnO nanosheets and nanoplates.

In a typical process to grow ZnO nanosheets, zinc nitrate hexahydrate [Zn@¥0] (4
mmol) was dissolved in 30 mL deionizedter under continuously stirring for 15 min. Then 20 ml
urea (CHNO) solution (8 mmol) was added with further stirring for 15 min to obtain pH 5. The
resulting solution was transferred into a 100 ml Tefload stainlessteel autoclave, where it was
maintained at 220C for 24 h for the hydrothermal growth. After being naturally cooled to room
temperature, the precipitate on the bottom was centrifuged, washed several times with deionized
water, then with ethanol solution, and finally collected by centrifugation at 4000The obtained

white powder was dried in an oven af@6or 24 h, and then calcined at 6@[31].

The ultrathin ZnO nanoplates were grown following a very similar procediige 3.1). Zinc
sulfate heptahydrate [ZnQ0TH,0] (10 mmol) was dissolved inO3mL deionized water. After
continuously stirring for 15 min, 20 mL urea solution (20 mmol) was added with further stirring for
15 min to adjust the pH to 5. The resulting solution was then transferred into a-liredlbn

stainlesssteel autoclave and theydrothermal process was maintained for 24 h at’@20he
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washing and collecting process of the nanomaterial was the same as that for the porous ZnO

nanosheetg32].

The synthesized materials were characterized by-&lssion scanning electron microsgop
(SEM, JEOL 7600F), powder-pay diffraction (XRD, Advance D8, Bruker), and higésolution
transmission electron microscopy (HRTEM, JEOL 2100F). The specific surface area of the
nanomaterials was determined using Brunigldemmeti Teller nitrogen adsorptigdesorption
isotherms (Micromeritics Gemini VII). The sensing properties of the synthesizedliker@nO
nanosheets and ultthin ZnO nanoplates were then characterized by using a laboratuty
systemPrior to the gas sensing measurements, the ser@sopreheated at 600°C for 2 h in order to
improve the adhesion between Pt electsogied materials antb stabilize the sensasutput This
also eliminate the effect of hetatment condition on the gas sensing performance of the fabricated
sensors fob comparison.Sensor resistance was measured continuously using a source meter
(Keithley 2602) while the chamber was flowed with different concentmtibgas, intersperse with
dry air. Schematiadiagram of the gas sensing measurement system was rejpoRedl [33]. The
sensing measurement setup consists of a heater, a tempeoatoder, gas inlet and outlet valves,
and probes connectintpe sensor to Keithley 2602 source mefearget gases (N SO, and
VOCs) of different concentrations wepeepared by mixing standard gases with dry air as reference
and dilutionusing a series of mass flow controllers. Details about the calculatitarget gas
concentration can be found in our recent publicat®. [The respose § was calculated as the
ratio R/Ry (for reducing gases) orgR, (for oxidizing gases), wherg, andRy were the resistances
of the sensor in dry air and tested gas, respectively. The response and recoveryctimesd)
were defined as the time taken by the sensoedaoh 90% of its saturated response after exposure to

NO, and air, respectivell3Q].
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3.4 Results and discussion

Typical SEM images of cordike ZnO nanosheets andtra-thin ZnO nanoplates are shown in
Figure3.2(A,B) andFig. 3.2(C,D) respectively. Both materials show a high homogeneity, with two
dimensional nanostructures about one micron wide, randomly oriented. The nanosheets in Fig.
3.2A,B have very large sizayith an average thickness of about 100 nm and show a marked porosity
(pores of about 90 nm in diameteFhe nanoplates in Fi@.2C,D look smooth and have an average
thickness of 15 nm. Herein, homogenous cbkal ZnO nanosheets and uHitdain ZnO nangplates

were obtained without using any surfactant, thus reducing the usage of chemicals.

The mechanism of formation of coildte ZnO nanosheets and ukitain ZnO nanoplates can
be explained as follows: zinc sulphate heptahydrate, and zinc nitrate hetehgde used as
precursor of Zfi, while urea is used as a means to control the pH of the solutions. During the
hydrothermal process, urea is easily broken down intg Bkhd HNCO B5, and CHN,O
decomposes into NJ®H and HNCO $6]. Therefore, the (OH)group reacts with Z1 ions to form
Zn(OH), flakes. The morphology and thickness of the ZnO nanostructures were attributed to the use

of precursor salts.
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Figure 3.2 - SEM images of the synthesized Zm@nostructures: (A, B) coriike nanosheets and (C,D)
ultra-thin nanoplates.

The lattice structure of the ZnO nanosheets and nanoplates was analyzed by means of XRD,
the patterns of which are shown in the upper panel of3B3é.. The experimental pattesrior coral
like nanosheets (in blue) and ultan nanoplates (in red) show the same peaks, which match well
with those of the wurtzite crystal structure (JCPDS card Ndl4%), shown in the lower panel.
The intense and sharp peaks indicate a goodatiigsy of the nanostructures composing both
sensors. No peaks due to other phases or amorphous contributions are visible 3iBBsig.
confirming the good crystallinity and single phase of the nanomatg3iglsThe crystallite size was
calculated usingcherrer formula, resulting in 21.2 nm for ceilé nanosheets and 19.6 nm for

ultra-thin nanoplates. The specific surface of the ebkal ZnO nanosheets and ultrathin nanoplates
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was tested with nitrogen adsorption/desorption isotherm measurementgstiits of which are

shown in Fig3.3B.
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Figure3.3 - (A) XRD patterns, (B,C) Nitrogen adsorption desorption of the synthesized ZnO nanosheets and
ZnO nanoplates.

Despite their marked porosity, cofide nanosheets have a BET surface area of 6 m?/g (Fig.
3.3B), while ultrathin nanoplates have a much larger BET surface area of 75 m?/@ 3. The
large surface area, together with the tiny thickness of theptatae are two important factors why

the nanoplates are expected to have better sensing performance than Hileeamabsheets3g].

Typical TEM images of the cortike ZnO nanosheets and ukitsin ZnO nanoplates are shown in
Fig. 3.4. Fig. 3.4A and Ghows low magnification TEM images confirming the morphologies of
porous nanosheets, and uithéen nanoplates, respectively. The size of ZnO nanosheets is very large
of micrometers with many nanopores. The nanoplate are smaller with a size of abouot. IUten
HRTEM images in Fig. 3.4B and D clearly show the lattice fringes confirming the good crystallinity
of both nanostructures. The interplanar spacing was found to be 0.25 and 0.50 nm-likecoral
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nanosheets and ultrathin nanoplates, respectively.ifteespacing between two adjacent planes

0.25 and 0.50 nm are in good agreement with the expected values for (101), and (001) of the

hexagonal ZnO.

.

Figure3.4 - TEM images of (AB) the corallike ZnO nanosiet and (€D) ultrathin porous ZnO nanoplates.

The FV curves of the sensors based on the two individual nanomaterials in air are shown in
figures35 A and C. A voltage range from 15 V to +5
showed linear -V characteristics, demonstrating good ohmic contact between the ZnO
nanostructures and the electrodes. Figdis8 and D show the resistance of the cditad ZnO

nanosheets and ultthin ZnO nanoplates in air at different working temperatufé® corallike
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ZnO nanosheet sensor showed the maximum resistance &C300hereas the ZnO nanoplate
device exhibited the maximum resistance at 260 The results are very interesting, because it is
agreed that the resistance of a semicondut#oreases with an irease of temperature. However,

here, the resistance of sensors increased with an increase of temperature from 200 to 250°C for the
ZnO nanoplate sensor and to 300°C for the ZnO nanosheet sensor. Such behaviors could be
explained by the competition betwetre decrease of resistance due to the thermal excitation of
electron from valent band to conduction band, and the increase of resistance caused by the surface
adsorption of oxygen species. With temperature increasement from 200 to 250, and 300 °C the
oxygen adsorption dominates the change in resistance, thus the sensor resistance increased, anc
archived the maximum values. To clarify this point, we tested itkeclrves of the nanosheet
sensor in N at high temperatures, and the sensor showed liridarcurves at all measured
temperatures. In addition, the sensor resistance decreases with an increase of temperature from 15C
to 350 T. No peak of resistance was detected at 300 °C as obverted when testing in air. Such results
confirm that the oxygen adsorptigrlay an important role in determination the change in based

resistance of sensor with temperature.

Figures 3.6A and 3.7A show the dynamic resistance of the-ldagaZnO nanosheets and
ultrathin ZnO nanoplates when different concentrations of, N@re injected at different
temperatures. The ZnO nanostructures were tested with 10, 5, 2.5, 1, @pu.6f NO,, in a
temperature range of 1850°C. The sensor resistance rapidly increases when exposed gad|O

and returns to its base value when NIOw is stopped and replaced with air.
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Figure3.5 - I- V curve of the ZnO nanosheets (A) and ZnO nanoplates (B) sensor measured in aif at 150
350°C; calculated resistance at different working temperafore@8) ZnO nanosheets and (D) uHtan

nanoplates.

This effect is expected for antype semiconductor reacting to an oxidizing gas, which

withdraws electrons from the nanostructures. The response values calculated fr@&8A-ignd

3.7A for coratlike ZnO nanosheets and uittan ZnO nanoplates, are shown in BB and3.7B,

respectively. While the response of nanosheets is linear throughout the concentration range, that of

nanoplates tends to saturate beyongbgw. For both nanostructures, thetiopal temperature (at

which the response is maximum) is 200°C. The response ofthiltrananoplates is significantly

higher than that of cordike nanosheets, especially at lower concentrations: at 200°C the response



of nanoplates to ppmvof NO, is 156,which is more than 2 times that of nanosheets. 36§ and
fig. 3.7C show the response and recovery time of the -titaZnO nanosheets and the uithen
ZnO nanoplates sensors, calculated at 200°C to different concentrations. dR@é$ponse timesa
in the order of tens of seconds, while recovery times are in the order of minutes. THhbinultra
nanoplates respond and recover faster than the-ldaalanosheets, probably due to their thinness

and larger surface.
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Figure 3.6 - NO, sensing performance of the celite ZnO nanosheets: (A) dynamic resistance upon
exposure to different concentrations of N@easured at different temperatures; (B) sensor response as a
function of NO2 concentratiorfC) response and recovery time as a function of thedé@centration.
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Figure3.7 - NO, sensing performance of the porous ZnO nanoplates: (A) dynamic resistance upon exposure
to different concentrations MO, measured at different temperatures; (B) sensor response as a function of
NO, concentration; (C) response and recovery time as a function of thedd@entration.

The NQ detection limit (DL) of the sensors based on the elikalZnO nanosheets andnat
thin ZnO nanoplates, was calculated at their optimal operating temperature of 200°C. Although the
lowest gas concentration investigated in this study is opprby, the sensor theoretical detection
limit can be determined by the formulBL = SD,isd Sensitivity, which is the IUPAC definition with
k =3 [39]. In the formulaSD,iseis the standard deviation of the sensor noieasured in ajwhile
Sansitivity is the derivative of its response as a function of, M@Gncentration calculated at the

minimum concentrationsDetails on the calculation method of detection limit can be found
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elsewhere 34]. At 200°C the ultrathin ZnO nanoplates sensor has a detediioin of 3 ppt, which

is lower than that of the corlike ZnO nanosheets sensor, which is 25 ppt.

Table 1 shows N@sensing performance of ZnO nanostructures in scientific literagrean
be seen, the response of ultinen nanoplates is very high,hile the detection limit is orders of
magnitude lower than the others report8dch low detection limit is advantageous in practical

application in monitoring of ultralow concentration of Ngas in air pollution monitoring.

Table3.1 - NO, sensing performance of ZnO nanostructures in scientific literature.

NO,

. Response i
Morphology Size (nm) concentration Tem?)ecr)a ture > Detection
(R/Ro) limit
(Ppmv)
Nanorods @ 156200 1 300°C 1.8 (1ppmv) <1ppmv [40]
Nanorods @ 30 0.25 250°C 200 (5ppmv) 0.2 ppmv [4]]
Nanotubes @ 200 1-20 150°C 1.31 (Appmy) 1 ppmv [42]
Nanorods @ 60 0.1-1 200°C 1.3 (100ppby)  100ppbv [30]
Nanopetals Thickness 70 20 RT 119 (20ppmv) 20 ppmv [43]
Nanorods @ 260 1-100 200°C 1.41 (Appmy) 1 ppmv [31]
Nanowires @ 8090 1-30 250°C 1.3 (1ppmy) 1 ppmv [44)
Roselike
. . Fl @2
hierarchical sh ovt\{etrhs. I((Z) 00 10 5-80 300°C 49 (10ppmy) 5 ppmv [45]
structures eet. thickness
Nanorods @ 50300 1.6 (0.5ppmv)
o [46]
Flowers Sheet thickness: 30 0.15 25°C+UV  20(0.5ppmy)  100ppbv
Sphere NPs @& 2630 2.2 (0.5ppmy)
Nanoplates Thickness 15 0.510 200°C 156 (1ppmv) 3 ppt This work
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To evaluate the shetérm stability of the cordike ZnO nanosheets andltra-thin ZnO
nanoplates sensors, we investigated 8 recergsyonse cycles to gpmv NO, at 200°C. The

results are shown iRig. 3.8 and indicate that both sensors are very stable and repeatable.

Selectivity is considered an important parameter forta@capplications. The ultrthin ZnO
sensor was tested to various concentrations of interfering gases suchlppm@MN0,, 500 ppmv
acetone, 50@pmv ethanol, 50(ppmvisopropyl alcohol, 50@pmvtriethylamine, 50pmv SO, and
200 ppmv CO at a working tempematr e of 200 UC,39. e sendoroewhibitsithe  F i
highest response to NOfollowed by CO, S@ acetone, triethylamine, isopropyl alcohol, and
ethanol. The sensor response to,N©Omuch higher than that to all the interfering gases tested,
although the NQ concentration was much lower than those of the other gases (in most cases by a
thousand times). Note that the sensor is highly selective to even oxidaga§®Where the response
value is about 1.58 for ppmv SO,. This suggests the potent@gbplication of the ultrdhin ZnO

nanoplates sensor for selective detection of MQir quality monitoring.

It is clearly that the ZnO nanoplates based sensor is suitable for application in detection of
NO; gas in air. However, for practical applicatimnair pollution monitoring, the effect of humidity
and long term stability is also importan§]. Thus, we tested the response topivNO, at 200
°C in ambient air with different relative humidity vales ofi 830 %RH, and the data are shown in
Fig. 3.10A and B. As shown in Fig. 3.10the based resistance of the sensor decreases from 14.6
kg to 8.2 kqgq with an increase of relative hum
resistance was ascribed to the adsorption of water molecules, which induces free electrons to the
condution band of ultrethin porous ZnO nanoplates. In addition, the response value fgph%
NO, was also slightly decreased from 78 to 46 with an increase of relative humidity from 30% RH

to 90% RH (Fig. 3.10B). However, the N@esponse of the sensor wast mafluenced at low
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relative humidity of less than 40% RH. The influence of ambient humidity onrd&ponse can be
explained by the occupation of physically absorbed water on the active sites of the ZnO nanoplates,

which prevent the adsorption of M@olecules and results in a decrease of sensor response.

Repeatability and lonterm stability of the ZnO nanoplates based sensor at 200 °C were also
studied for the detection of apmv NO,. As shown in Fig.3.10C, the sensor maintained its
performance after terconsecutive cycles measurement with ;N@as confirming the good
repeatability. After storage of 3 months in air, and a week of testing at@0the sensor still
maintained its response values (F3dLOD). Such results indicate that the porous ZnO natep
based sensor had good repeatability and-teng stability, proving its suitability in practical

applications 27].

Because N@is highly toxic pollutantthus for air qualitymonitoring, we tested the response
of the porous ZnO nanoplates basedsor t@pbvlevel NG, concentration, as shown in Fi§j10E.
It is clearlythat the sensor could detect Ngas down t@pbvlevel with significantresponse values

of 3.5 10 for the NQ concentration in the range 650 ppbv(Fig. 3.10F).

Furthermore, the response of the ZnO nanoplates based semstdation gas (S€), was
also studied, and the response of the sensor is relatiselyof about 1.261.58 for SQ
concentrations in the range of 8 ppmy, confirming the high selectivity of the sensor over the
contamination of S@gas. Such results document the possibility of using the porous ZnO nanoplates

based sensor to monitor N@t ppbvlevel for application in aipollution monitoring.
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Figure3.81 Shortterm gability of (A) ZnO nanosheets and (B) ZnO nanoplates sensor 0 NO

The sensing properties of metal oxiolesed sensors rely on the change in electrgsadtance
that occurs when the gas molecules interact with the surface of the semicontijd&r Basically,
when the ZnO nanoplates and nanosheets are exposed to air, oxygen is absorbed on their surface

forming oxygen anions such as® OO and Q and thus forming a thin depletion layer (top

configuration in Fig3.11).
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Figure3.9 - Selectivity of the ZnO nanoplates sengesponse values to different gases
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level NG,
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Although the effect is one and acts on the interface between the gas and the semiconductor
creating a zone depleted of electrons, it works in two distinct ways. Along the path of the current,
the depletion zones are found at the edges between differsteliing nanostructures, and create
potential barriers that the electrons must overcome. Whenrdiats on the surface of the ZnO
nanostructures withdrawing electrons, these barriers rise and the current decreases, as fewer

electrons are able to pass them

NO2 gas)t € 2 NO2' (ags) (3.1)

NO7 (ads)t O2 (ads)t 2€ @ NO2 (ads)t 20 (ads) (3.2)

Perpendicularly to the current flow, the absorption of electrons does not create potential
barriers, but only a large depletion layer. The reaction of diOthe surface of the ZnO increases
the thickness of this depleted area (bottom case inJld), reducing the number of electrons
available for conduction. Both of these mechanisms work in the same direction: a higher
concentration of N@increases the thickness of the depletion layers, raising the potential barriers
and decreasing the number of electrons available, and therefore increasing the resistance of the

Sensor.

Since the width of the nanosheets and nanoplates are comparablightrerésponse of the
ultra-thin nanoplates is attributed to two other factors: the larger surface32/8@ pnd the thinner
thickness 40,49]. As seen in Fig3.11, the depth of the depletion layer is the same in the two
nanostrutures (indicated between the two black arrows in each case), but since the nanoplates are
thinner, the relative depletion is much larger. Considering that the sensor response is the ratio

between its resistance in the two conditions, it is explained wkymituch higher for the ultrthin

31



nanoplates. The comparison between figB&B and 3.7B also confirms this mechanism: the
nanoplates are so thin that even very low concentrations efhE&vily deplete the nanostructure,

approachingesponseaturation

coral-like nanosheets (B) ultra-thin porous nanoplates
0, (ads) + e~ + O; (ads) O, (ads) + e~ 0, (ads)
0, 04 _ _
: @ 0, (ads) + e « 20 (ads) : @ 0, (ads) + e~ # 20~ (ads)
* ' ) e depletion * . . —
4 layer 4 D ¢
® [ ]
Gas out @ NO, Gas in Gas out @ NO, Gasin

=——

Figure 3.11 - Schematic diagram of the N@assensing mechanism of the ZnO cdilaé nanosheets (A)
and ultrathin nanoplates (B).

3.5 Conclusion

Morphology and thicknessof ZnO nanostructures eve optimized for gas detectiory

changing only the precursor salt in a simple -st&@ hydrothermal process. The sensing
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performance of cordlke nanosheets and ultthin nanoplates were comparddhanks to their large
surface and above all to their very thinctness (15 nm), the ultthin nanoplates show sensing
characteristics superior to those of cdiled nanosheets, with an excellergisponse of @ to 0.5
ppmv of NO, at 200°C. The sensor also shows very low detection limit (3 gqupd) excellent

selectivity(>760),showingpromise for practical applications environmental monitoring
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CHAPTER 4. ROOM TEMPERATURE AMMONIA GAS SENSORBASED ON P-TYPE

V>,05 NANOSHEETS TOWARDS FOOD SPOILAGE MONITORING

This chapter is based on tbeentific papel®:

"Room Temperaturdmmonia Gas Sensor Based ol ypelike V,0s Nanosheets towards Food

Spoilage Monitoring", Nanomaterials, 13 (2023) 146. Doi: 10.3390/nan013010146

4.1 Abstract

Gas sensors play an important role in many areas of human life, including the monitoring of
production processes, occupational safety, food quality assessment, and air pollution monitoring.
Therefore, the need for gas sensors to monitor hazardous gases, such as ammonia, at low operating
temperatures has become increasingly important in manys fiSlensitivity, selectivity, low cost,
and ease of production are crucial characteristics for creating a capillary network of sensors for the
protection of the environment and human health. However, developing gas sensors that are not only
efficient but aso small and inexpensive and therefore integrable into everyday life is a difficult
challenge. In this paper, we report on a resistive sensor for ammonia detection based g@sthin V
nanosheets operating at room temperature. The small thickness and porosity @isthandsheets
give the sensors good performance for sensing ammonia at room temperature (RT), with a relative
change of resistance of 9.4% tgopmv ammonia (NH) and an eésmated detection limit of 0.4
ppmv. The sensor is selective with respect to the seven interferents tested; it is repeatable and stable
over the long term (four months). Although®% is generally an 1type semiconductor, in this case

the nanosheets show mtype semiconductor behaviog tentative explanation of theensing
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mechanism is proposed. The devicebds perfor mar
consumption, makes it a good candidate for monitoring freshness and spoilage along shepbod

chain.

4.2 Introduction

Ammonia sensors are widely requested in different application areas, such as automobile,
environmental monitoring, industrial processes, medicine, agriculture (fertilizer dosage), and food
processing31,52]. Ammonia is not a gredmuse gas, but it can indirectly contribute to greenhouse
gas emissions, and cause serious health problems. According to the American Conference of
Governmental Industrial Hygienists (ACGIH), the US Occupational Safety and the Health

Administration (OSHA)the threshold limit values (TLVs) for NH&xposure are 2ppmv[53,54].

Ammonia can be found in human breath as a result of the protein metabolism and the
production of the intestinal bacteriaq. For these reasons, it is indicat&sla biomarker indicating
specific diseases and health conditions such as renalrefalb6], halitosis p7], hepatic
encephalopathy5B], and Helicobacter pylori[59]. In exhaled breath, the concentration of NH
reaches 15 and 1.jppmv for endstage renal disease patients and kidney patients, respectively,

whereas its concentration is approximatelyghgvin healthy individualsgQ].

Ammonia is also among the main indicators of bacterial degradation of priateiiood (fish,
poultry, and meat)61]. For instance, Nklconcentration produced during the-clemposition of
pork meat ranges from 10 to pPmv[62]. Thedetection and monitoring of Nfe€missions in foods
enables to monitor food spoilage and to establish safisumption. As a result, the development of
sensors to detection Nivith high sensitivity, selectivity, rapid reaction, low detection limit at room

temperature (RT) is crucif3,64,65,66).
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Resistive sensors are among the most common gas sensors. They are simple, cheap, fast,
sensitive and stable, and are therefore also widely investigated for food an&y&8§]. [
Nanostructured semiconducting metal oxides (SMOs) have gained great attectmisebof their
capability to achieve thebovementionedoroperties. Nanostructures of metals oxides such ag, SnO
Zn0, TIiO,, In03, F&03, W03, CuO, NiO, MoQ, and \L0Os with different morphologies have been
prepared by different methods and used as grasoss §9,70]. Among them, vanadium oxide draws
considerable attention because of its multivalent phases and layered structure. Vanadium pentoxide
(V20s) is an ntype semiconductor with a bandgap in the range-2.84&V. It shows high stability,
variable «idation states, high specific capacity, high energy density, resistivity and excellent
electrical properties/[L,72]. Different morphologies of ¥Os such as nanoparticles, nanowires, thin
films, nanospheres, nanorods, nanofibers, and others have been tested as sensors for many gase

such as hydrogen @) ethanol (GHsOH), NOx, and ammonia.

Nanomaterials with a porous structure can be easily prepaneg inexpensive hydsthermal
methods with environmeiitiendly reagents. In particular,,@s nanostructures are characterized by
a large porosity and surfate-volume ratio that promote the diffusion of gas molecules within the

sensor material improvinthe utilization rate of the sensor and its gas sensitiV8ly [

Mounasamy et a[74] proposed a noimvasive healthcare monitoring wearable device based
on V,0s nanosheets for ammonia (M)Hdetection. Surface modified pelylactic acid (PLLA)
substratesvere used to improve the sensing performance,QiV¥ilm. The sensing mechanism of
the PLLA/V,Os film was related to the large specific surface formed by the molding process. The
adsorption properties of X0s were exploited to develop a nanogravimetmnenaonia sensors made
of V,0Os nanoplatelets deposited onto a QCM piezoelectric transdéBerThe physical adsorption

mechanism and the Xds material's peculiar porous structure are used to explain the approach for
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detecting ammonia (Ng)l using \LOs platelds/QCM sensors. The rough and hydrophilic surface of
the V,0Os thin film promotes the synthesis of additional adsorbed species, increasing the production

of ammonium hydroxide (NFDH) and hence the sensitivity of the sensor.

In this paper, we further invegated the ammonia sensitivity o,®s being nanosheets in a
resistive gas sensor obtained by hydrothermal technique followed by calcination treatment. Besides
to being sensitive, the sensor also shows a good selectivity respect to a number of possible
intereferents. In spite of the knowrtype character of 30s, the response to ammonia (an electron
donor) is compatible with a-fype behaviour. It is known that atgpe material can emerge under
particular growth conditions such as in hydrated amorpho@s Y76]. Here, the inversion of
conductivity character is compatible with the formation of a surface inversion layer induced by

molecular surface adsorption.

4.3 Materials and Methods

NH4VOg3, Pluronic P123, and HC,O, were of analytic grade and used as ines without
further purification. Deionized water was used as a solvent to prepare the solution,Ghe V
nanosheets were synthesized by the hydrothermal method. In a typical procedure, Ammonium
metavanadate (Nf¥Os) (10 mmol) were dissolved in 30 mL ofl water and 30 mL of Ethylene
glycol with stirring for 15 min. Then, Pluronic-F23 was added and stirred for 30 min. Next, add
oxalic acid (C;H204) (10 mmol) and continue stirring for another 15 minutes to obtain a pH of 4.
The solution obtained above whaansferred to a 100 ml Tefldimed stainlessteel autoclave for
the hydrothermal process, which was maintained at 200 °C for 24 h. After being gradually cooled to
room temperature, the precipitate at the bottom was centrifuged and washed severalitimes
deionized water. It was then washed twice with ethanol and collected by centrifugation at 4000 rpm.
The obtained product was dried in an oven at 60 °C for 24 h and finally calcined at 500 °C for 2 h.
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Figure4.1 - Scheme of the deposition process of th®Manostructures: (A) the hydrothermal synthesis of
V,0s nanosheets, (B) the drop coating process gis\based gas sensor, (C) diagram of the hamade gas
measurement system.

The structure, morphology and composition of the synthesized material were characterized by
field-emission scanning electron microscopy (FESEM, JEOL JSM7600F),-résghution
transmission electron microscopy (HRTEM, JSM 2100FyaX diffraction (XRD, D8 Adance,

source in a 2d range f

Bruker Corporation, Germany) with a ®&uU
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dispersive Xray spectroscopy (EDS)),), Raman spectroscopy (Renishaw, InVia confocal micro
Raman), thermogravimetric analysis (TGA), specific surface area ameatstwith BET analysis
(Micromeritics Gemini VII). The oxidation levels of the materials were investigated usiray X

photoelectron spectroscopy (XPS).

Gas sensors were prepared, as shown in Figyareby dropcasting and following literature
methods §]. V.05 nanosheets were dispersed iviNylpyrrolidone to form a colloidal solution and
then deposited on a substrate made by a silicon oxide layer of aboutn250n silicon. The
substrate was endowed with a pair of ceshlaped interdigitated Pt electrodes fabricated by

conventional UV photolithography

The sensing properties were tested using a homemade gas test station. Prior to the
measurements, sensors werehgated at 500°C for 2 h to stabilize the resistance and enhance the
contact between Pt electrodes and vanadium pentoxide. The sensor resistance was recorded with &
source meter (Keithley 2602) as the atmosphere in the measuring chamber changed foom air t
analyte gas and vice versa. The limit of detection was calculated using the estimated sensitivity at

the origin and the signal to noise ratio of the-imt signal 77].

4.4 Results and discussion

4.4.1 Morphological, compositional and structural characterization

Thermogravimetric (TGA) and differential thermal experiments (DTA) were performed in N
atmospheres at temperatures ranging from 20 td°@50 determine both the precursor breakdown
temperature and the more suitable calcination temperature requiretieatgethe YOs phase.

Results are shown in Figude2 where two distinct phases are identified.
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Figure4.2 - TGA T DTG curves of VOs hanosheets.

The modest weight loss likely resulted from moisture ewatpmr. At the temperature of 320
°C, the TGA curve shows a large weight loss of 20 %, which is corresponding to thesrsiadirp
endothermal peak at 13D in the DTA curve. The endothermic peak and the related weight loss are
consistent with the burning t¢fie organic polymer component (Pluronic P123). Formation-Gf V
bonds was reported to happen at temperatures abovat33@|. The V-O bonds are supposed to
act as crystallization centers of different crystalline vanadium oxides. At temperatures abd@e 550
no additional weight loss was found since all organic material was yet destroyed at this temperature.

The following increase of mass to 68D was most likely caused by the emergence of orthorhombic

V05 [79].

The morphology of the growth material wevestigated by scanning electron microscopy
(SEM). SEM images, shown in Figude3, were taken at low medium, and high magnification.
SEM images illustrate the uniform presence of wide and thin nanosheets tightly stacked parallel on
top of each otherThe high magnification image (Figu#3D) shows an average thickness of
approximately 50- 60 nm. The large surface area and the small thickness are attributed to the

difference in growth rate along the different crystal orientations. The formatiorc&édtthin \,Os
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nanosheets during the hydrothermal process can be described by the following reactions:

NH,VO; z NH4+ + VO3 (41)

2VOz+2H, 2z V,0s5+ H,0 (42)

250 nm
|

Figure4.3 - SEM images of the grownanostructures. A) low magnification, B) medium magnification, C,
D) high magnification.

In detail, in deionized water NNMOg3, the precursor of vanadium, tends to dissociate into
NH;" and VG ions [B0]. During synthesis, the production of oxalic atidreases the conaation
of H' ions that, reacting with VO species, lead to the formation ob®. The addition of the
surfactant P123 and the control of the pH value at 5 allow to optimize the formation of thin
nanosheets. The resulting nanostrucwaee characterized by numerous active surface sites that can

accelerate the adsorption of target gases.

The structure, purity, and crystalline phase of the nanostructures were investigatedyy X

diffraction analysis. The XRD diffraction patterns of theOs nanomaterial, unannealed and
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annealed at 50TC, are shown in Figuré4A.
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Figure4.4 - (A) XRD spectra of aprepared (green) and annealed at 8D@red) \,Os nanosheets. (B) EDS
spectrum and (C) EDS elemental map of anneal€y.V

Before thermal treatment, the material does not show evident peaks, demonstrating that

hydrothermal growth itself produces amorphous nanosheets.
nanosheets after calcination at 580 (red line in Figuret4 A)

21.78, 26.02, 30.98, 34.28, that correspond, respectively, to the lattice planes (200), (001),

shows

p e aR0slT,at

(101), (110), (301), and (310) of the orthorhombic structdrg,Os. The diffraction peaks are in
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good agreement with reference data (JCPDS426) B1,8283]. The lack of additional peaks
indicates neither contaminants nor amorphous phases affect the purity of the ndpridRD
analysis confirms thatalcinations at 500 °C is crucial to transform the hydrothermally grown
material into crystalline YOs nanosheets. The crystallite size 0§04 was determined by the

DebyeScherrer equation:

- D
0= o (4.3)

whereD is the crystallite sizek is the Scherrer constant (approximately 0.8%3,the wavelength of
the incident copper radiatio,is the FWHM of the peak andi s t he Bragg di f fr
=10%90°). From the above equation, the average crystallite size in the anng@leshviple is 32.7

nm.

The elemental composition of the material was characterized by EDS whose results are shown
in Figure44B. EDS spectrum confirms that the nanosheets are composed only by V and O at
weight percentages of 46.90 wt.% and 53.10 wté8gpectively. EDS does not show additional
peaks due to either impurities or contaminants. The atomic ratio between V and O is approximately

2:5, a value compatible with literature valu8§|[

HRTEM images of the pristine )@s nanosheets at different maga#tions are shown in
Figures4 5A, B, and C. Singkerystal lattice fringes are visible in FigudesC, indicating that the
pristine \,Os nanosheets have good crystallinity. The lattice edges of 0.34 nm can be attributed to

the (110) plane of the pristingQOs crystalline orthorhombicg6,87).

Figure 45D shows the area selected for the electron diffraction (SAED) pattern analysis.
SAED shows a uniform and well visible array of diffraction traces, indicating that the calcined

nanosheets are wallystallized The \WOs crystals in the formed nanosheets are oriented
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differently, but the dissolutienecrystallization process can keep the single crystal structure intact.
The observed diffraction points in the crystal correspond to the orthogg@aplanes (101)(001),
(200), (201), and (0028BB]. The elemental composition mapped in FigdrsE, F and G shows a

homogeneous distribution of the elements V and O.

_‘,’_;/(110)

2 (001)
b A
(101) (200) (002)

Figure4.5 - (A-C) TEM images, (D) SEAD, and (E) EDS elemental mapping of annealegDy'material.

The Raman spectrum of the annealed nanomaterial is shown in Big&eThe annealed

sample shows the typical crystalline peaks at 143, 196, 283, 406, 479, 526, 698, and $89.cm
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The most intense peak 143 crit corresponds to the vibration of the®V bonds. This peak is
evidence of the layered structure of thgO¥ phase. The peaks at 283 and 406'emanifest the
bending vibrations of the V=0 bond8(. The peak at 479 chis attributed to the beling
vibrations of the VO-V bonds, whereas the peaks at 526 and 698 @ra relative to the phonons
band \4-O. Finally, the peak at 994 chindicates the terminal oxygen V=0 stretching mode, and

confirms the crystal quality of the,@s nanosheetf].

Figure 46B shows the nitrogen adsorption/desorption isotherm measured. The porous
structure of the YOs nanosheets is characterized by a specific surface aeea 8.4362 ig. The
material's slit distribution in the 20 1000 nm range exhibits a peakntered about 1000 nm
compatible with the presence of multiple nayaps. Because the pore size has a direct influence on
the diffusion rate of the gas molecules into the sensor layer. The diffusion rate may be estimated

from Knudsen diffusion model:

i Y'Y
[ =4- 2— (4-4)
OQ 3 113 U

whereDy is the diffusion rate or constamtjs the pore siz€l is the operating temperatumd,
is the molecular weight of the diffusing gas, &g the universal gas constant. The diffusion rate is
proportional to the slit sizehus abundances of voids and/or gap size increase are expected to

enhance the gas sensitivigZ].

To understand chemical states and composition, the prepa@®dc&nosheets were analyzed
by XPS. Results are shown in Figut§. The binding energgpectrum of YOs are depicted in
Figure4.7A where the main peaks related to vanadium and oxygen as well-psaubf carbon at
283 eV are visible. The Gaussian is applied to fit the XPS core levels. The corejearti\Q; of
XPS spectrum are shown Figures4.7B and C, respectively.
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Figure4.6 - Raman scattering and (B) BET curve of the anneal€d Wanosheets at 50C.

Here, there are two broad peaks centered at 516.5 eV and 523.3 eV whaslsauiated to
Vopsz and Vop12 doublets and corroborate to the*\obxidation state 93]. The binding energy
difference of approximately 7.8 eV betweenppdb and Vo2 confirms the formation of
orthorhombic structure. The core level ofs®pectrum splitsnto two peaks located at 529.73 and
531.13 eV, which are attributed to>Cadsorbed oxygen species at the surface of the sensing

material. In particular, the peak at 529.73 eV corresponds to the bonding of O and V elements.
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nanosheets.

4.4.2 Electrical and gas sensing characteristics

The electrical properties of the sensor were analyzed, measuring/tloarve in the range
from -2 V to 2. Figure4.8A shows the-V curves in nitrogen and at different temperatures, from
room temperature to 300°C. The linea¥ turve indicates the ohmic contact betwee®y/and Pt
electrodes. The material shows the typicebative temperature coefficient of semiconductors.
Figure4.8B shows the corresponding Arrhenius plot of the conductance. The relationship between
conductance and temperature is defined by an activation eneggyi.€E the minimum energy
required to prorate the charge carrierg8).

In 'O = %Q,l—Y+ & Q (4.5)
whereG is the conductancég is the Boltzmann constant afids the temperature. Fitting the

plot in figure 4.8B returns an estimated activation energy of 0.26 = 0.01 eV compatible with the

literature values of the band gaf?].
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Figure4.8 - (A) I-V curves at YOs nanosheets measured at different working temperatures, (B) Arrhenius
plot: conductance vs. the inverse of temperature fitted by an exponential function.
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Figure4.9 - |- V curves of the YOs nanosheets in @giin pure nitrogen, and Bpmvof ammonia in air.

The effects of gas have been studied measuring, at room temperaturd/ tuevé exposing
to air, nitrogen, and ppmvof ammonia in nitrogen. Tre three curves are shown in FigQrehe |
V curve reveals that the conductivity decreases from air to nitrogen and further decreases adding
ammonia to air. Considering the electron acceptor character of oxygen and water, and electron

donor character of ammonia, this behaviour is compatible wittlype semiconductor. This result
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is surprising because ;@s is known to be an -type semiconductor. Change of conductivity
character have been previously found in hydrated amorphous maté@absi{ in this case it seems

to be induced by the adsorption of gases. A full explanation of the change of character is out of the
scope of this paper, and it will require deeper experimental and theoretical studiesvélaray

surmise that it might be elicited by the surface depletion of electrons. In detail, when the sensor is
exposed to air the adsorbed oxygen and water molecules are expected to act as electron acceptors
Thus, the adsorption of oxygen and water shquitluce an upward band bending at the surface
corresponding to a region depleted by electrons but at the same time enriched of holes. The
conductivity, respect to nitrogen, increases, as expected iatypepsemiconductor. Such a

phenomenon is emphasizeda nanometric material where the surface dominates over the bulk.

When the sensor operates at low temperatures, the oxygen species generate dominantly on the
surface of ¥Os nanosheets is Qinstead of Oion. The ptype behavior was again observed bg t
exposure to Ng| a reducing gas. The sensing mechanism is suggested as4rilBigrhe initial A
type V.05 adsorbs oxygen molecules forming negative ions and radicals on the surface. This layer
will repel the electrons and attract the holes to forhole accumulation region (Fig.10B). At a
certain condition, this hole accumulation layer would mainly contribute to the material conduction
and make it behave as aype semiconductor. With the injection of Bllrholecules, it possibly
occurs a reactioetween NH and Q on material surface and releases back electrons to the

material leading to the descent of hole concentration via the elettotesrecombinatian

4NH3+30, 2z 2N, +6H,O0+3¢€ (46)
Thus, the density of absorbed @ecreases and downwards the energy band bending as in

Fig.4.10(C). As a result, the sensor resistance increases with the injectiory gablH
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Figure 4.10 - The schematic energy band diagrams e®dnanosheets in pure state (A); strong oxygen
surface adsorption in air (B); and in ammonia gas injection (C).

In most metal oxide semiconductor gas sensors, the sensitivity is activated at high
temperature, with the obvious drasghk of excessive power camsption and the necessity to
maintain stable the sensor temperature. Respect to this general g@gtaxosheets are sensitive
at room temperature. The sensor sensitivity to ammonia has been tested at room temperature and a
45% of relative humidity. Té sensor was exposed to pulses of concentrations of ammonia in the
range 5i 500 ppmv in air. Each pulse of ammonia lasted for 200 s and it was followed by an

exposure to air for 800 s to recover the initial baseline.

The dynamics of the resistance of tle@sor to the sequence of concentration pulses is shown
in Figure 411A. As previously mentioned, the resistance increases with the concentration of
ammonia. Figurel.11B shows the response of the sensor versus the ammonia concentration. The

sensor responsg calculated as the relative change of the resistance:
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where R and R, are measured before and at the end of the exposure to ammonia respectively.
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Figure4.11 - (A) Dynamicbehaviour of the resistance of the sensor at room temperature and 45% of relative
humidity towards different Nklconcentrations, (B) sensor response curve as a function of the ammonia
concentration. Freundlich isotherm fit is also shown. (C) Sensor responthe range 050 ppmv of

ammonia fitted by a Langmuir isotherm function. The sensitivity at the origin is calculated as the derivative

of the Langmuir function in c=ppmv.

The response curve is fitted by the Freundlich peasr isotherm. Freundlich isleerm

accounts for the response in the whole range of concentrations. However, since the slope (the

sensitivity) of the Freundlich isotherm at the origin is infinite, it is not adequate to represent the
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sensor behavior in the low concentration range. Hspanse at concentrations smaller than 50
ppmv is better fitted by Langmuir isotherm (see EigO0C). The deviation at high concentration
from the Langmuir behaviour suggests the presence of a low density of high affinity adsorption

sites.

The limit of detection for ammonia was calculated as the ratio between the inverse of the
signal to noise ratio and the sensitivity in the origin. The sensitivity at the origin, estimated from the
Langmuir function, is about 2.9 #@gmv. The signal to noiseatio is calculated in steabtate
condition as the ratio of the mean of the current divided by three times its standard deviation. The
measured signal to noise ratio is of the order of 50. Thus, the estimated limit of detection is of the
order to 0.4ppmv. Such a value is sufficient for most of medical and food quality monitoring

applications.

In terms of practical applications (for example in the detection of spoilage of meats or fishes),
selectivity plays a fundamental role in correctly interpretingstesor signals. To investigate the
selectivity, the sensor was exposed to F@Onv of NHz, and at 500ppmv of the following
interferent compounds: trimethylamine, toluene, isopropyl alcohol, acetone, ethanol, methanol, and
ethylene. The comparison of the senresponses to the different gases is shown in Figl?e The
relative resistance variation to Nk three times larger with respect to ethylene, and betweamds
7-times larger with respect to the other volatile compounds. It is worth mentiorahgntimost
applications the concentration of ethylene is much smaller thap@00. The selectivity behavior

suggests the high affinity between the ammonia and the actigsites pP5|.

An additional interferent to be considered is the humidity whoseepcesis ubiquitous in
particular in foods and breath. The effect of humidity has been tested measuring the response to 500
ppmvof ammonia and variable relative humidity in the range 48%%6 (Fig.4.13A).
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Figure4.13 - (A) Dynamic resistance of the sensor under different humidity conditions, (B) response of the
sensor to varyingelative humidity.

As shown in Fig.4.13B, the response to ammonia is larger at the smaller tested humidity
while at RH larger than 65% the response to ammonia drops from 50% to 30% bubihée
almost insensitive to further increase of humidity. Therel@se of response in presence of humidity
suggests that the adsorbed water molecules compete with ammonia in occupying the adsorption

sites.

Other important parameters to ensure the accuracy of the sensortimesaionitoring are

the repeatability andhe stability of the sensor response. The repeatability and stability were
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evaluated by measuring at distance of four months the response of the same sensor to repeated
cycles of 100ppmv of ammonia in 45% of relative humidity. Results are shown in FiglueBA

and B. In spite of the drift of resistance baseline, the relative response of the sensors is still
comparable. Figuré.14C shows the distributions of the repeated responses at four months of
distance. The stability of sensor response can be apgedaalculating the ANOVA of the two
distributions. Results indicate that the response to the same stimulus remain statistically

undistinguishable @walue=0.22).

A Time T, Time T, + 4 months

Resistance [k1]
Resistance [kQ]

1" ’
1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000 7000 8000
Time [s] Time [s]

B

20! .
Month 0 Month 4

Figure 4.14 - Repeatability and stabilityests. (A) Sensor resistance under consecutive exposures to 100
ppmv of ammonia and 45% of relative humidity, (B) same measurement repeated four months later. (C)
Comparison of sensor responses.

A comparison with recent results reported in the scientiferdture with chemoresistive
sensors based on pristine and composjt@sWianostructures is summarized in Table 10¥based

resistive sensors, grown by different methods and with different morphologies, have been tested to
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detect various gases such as;N@lene, ethanol, butylamine, acetone, trimethylamine (TMA), and
ammonia. Table 1 indicates that vanadium pentekmked sensors are mostly used at high

temperatures, in the range 200°800°C.

Table4.1 - Performance comparison ot®s hanostructures as gas sensors in recent scientific literature.

Material Method Gases Conc. Response Temp. {C) Ref.
(Ppmv)

Sno@ V.05 ALD NO, 100 2,52 250 [96]
V,0s Flowerlike Hydrothermal Xylene 100 2.2° 300 [93
V,0s nanosphere Solvothermal Xylene 100 2.757° 290 [97]

V,0s nanorods Hydrothermal C,HsOH 3000 13.3 %° 100 [98]

V,0sthin film Chemical spray NO, 100 20.3 %° 200 [99]

V,0s nanofibers Spray pyrolysis Xylene 100 27" RT [10Q
V,0s@TiO, coreshell Solgel NH; 100 8P 365 [10]
V,0s hierarchical Hydrothermal  1-butylamine 100 2.6° 140 [102
MoO;-V,0s Spray pyrolysis NGO, 100 80 %° 200 [103
V,Os flower-like Hydrothermal TMA 5 2.25" 200 [81]
3.5% in-situ reduction anc¢ 1-butylamine 100 7.3° 240 [104]
Au/V,0s microflowers thermal oxidization
V,05/CuO Electrospinning Acetone 500 8.8° 440 [109
nanostructures
2 wt % S nOsc NH; 50 77.84% RT [72]
V,0s/PVP Electrospinning NH; 0.6 6%° 260 [106]
V,0s Fibers Soli gel NH; 2.1 119 200 [107]
V,0s Films RF sputtering NH, 75 17 [74)
V,0s5 nanosheets Hydrothermal NH; 100 24.298 RT This
work

 Response defined ag/R,; P Response defined as/Ry © Response defined ag i 1ai)/lair X 100%;“ Response
defined as (Rsi Rain)/Rair X100%.

4.5 Conclusions

Nanostructured ¥Os was prepared with an ecologically compatible hydrothermal 1oeth
followed by a heat treatment at 500°C in air. Thanks to the morphology of very thin nanosheets
stacked parallel, the material has a high surface/volume ratio. 7@ge nénosheets show-tgpe

semiconductor character, probably due to the growth process and to the peculiar morphology. The
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resistive sensor based on thglQy nanosheets works at room temperature showing high sensitivity
and a low limit of detection towards ammonia, a typical gasegated, for instance, by the bacterial
spoilage of food products. The sensor also exhibits high selectivity with respect to interfering gases
such as methanol, ethanol, acetone, isopropanol, toluene, trimethylamine, good repeatability and
good longtermstability. The performance of the chemosensor, together with its simplicity and cost
effectiveness, make it a candidate for #t@@ale monitoring of ammonia for instance in breath and in

food along the production and distribution chain.
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CHAPTER 5. ELECTRONIC NOSES BASED ON METAL OXIDE NANOWIRES:

A REVIEW

This chapter is based on the scientific paff&r

"Electronic noses based on metal oxide nanowires: A review", Nanotechnology Reviews, 11 (2022)

897 925. Doi: 10.1515/ntre20220056

5.1 Abstract.

Metal oxides are ideal for the fabrication of gas sensors: they are sensitive to many gases
while allowing the device to be simple, tiny and inexpensive. Nonetheless, their lack of selectivity
remains a limitation. In order to achieve good selectivity ppliaations with many possible
interfering gases, the sensors are inserted intelestronic nosdhat combines the signals from
nonselective sensors and analyzes them with multivariate statistical algorithms in order to obtain

selectivity.

This review aalyzes the scientific articles published in the last decade regarding electronic
noses based on metal oxide nanowires. After a general introduction, section 2 discussed the issues
related to poor intrinsic selectivity. Section 3 briefly reviews the migiorighms that have hitherto
been used and the results they can provide. Section 4 classifies recent literature into fundamental
research, agrifood, health, security. In section 5 the literature is analyzed regarding the metal oxides,
the surface decorationanopatrticles, the features that differentiate the sensors in a given array, the
application for which the device was developed, the algorithm used and what type of information

was obtained. Section 6 concludes by discussing the present state anaygoihésrequirements
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for their use in real world applications.
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5.2 1. Introduction

Recently, gas sensors are increasingly needed in many areas of human life, from monitoring
indoor and outdoor air quality, industrial processes, food quality and even tmuoamngnrinvasive
diagnostic screening. The importance of the gaseous component in human life is confirmed by the
scientific interest, which has increased a lot over the years from the beginning of the 70s to today. A
search for "gas sensors" in Scopugj(bila) shows that the first article on this topic was published
in 1969, while 12,420 were published last year. The plot shows that the growth is remarkable and
constant 109. Interest gradually increased from the 1970s to the20@Ds, and then escaldte
more rapidly. The advent of nanotubes and nanowires, with the concurrent increase in performance,
could be the driving force of this growing attention. In fact, the scientific articles that study
nanowirebased gas sensors are more than a quarter ttéheand as can be seen in Fd.b they

too are constantly growind.09.

a) b) c)
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Figure5.17 Fig. 1: Trend in the number of scientific articles per year found searching for a) "gas sensor", b)
"gas sensor AND nanowireo, 18%hd c¢c) "electronic nos

This review focuses on electronic noses based on metal oxide nanowires, since metal oxide
semiconductors are the most used materials for solid state gas sensors and nanowires, with their very

high surface/volume ratio reach unthinkable perforreafioc previous generations (thick and thin
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films). Resistive sensors based on metal oxide nanowires are indeed ideal in many respects, as they
are tiny and light, cheap to manufacture and operate, and sensitive to most gases and volatiles. The
latter propety is doubleedged, since sensitivity to almost any gas means at the same time a lack of
selectivity. Overcoming the lack of selectivity of semiconductor chemoresistors, inherent in any
device with a onglimensional output signal, is the main challengenttke these devices ideal for
widespread use in many fields of application. In practice, any sensor that has a single value as its
output (usually a ratio between a physical quantity in the presence and absence of the target gas) is
inherently norselectiwe. In the case of resistive sensors, the response is usually defined as the ratio
between the resistance of the sensor in the presence of the target)gasdRs resistance in air

(RA): Rc:,/ Ra.

The selectivity of these sensors is limiteddistinguishing the two large families of gases:
oxidizing and reducing gases, since in one case the resistance increases and in the other it decrease:

and therefore the response will be higher or lower than 1.

For this reason, the most common approaabbtain selective devices is to combine different
resistive sensors in an array and study their responses together, in order to recognize the typical
trends of the various gases. These instruments have taken the relearohic nosebecause they
replicae the pattern of operation inside the nose of mammals. Also in the case of animals, the
responses of neselective or partially selective receptors are combined and processed in order to
associate typical patterns to different volatile compounds. In #gasifashion, an electronic nose
achieves a certain capability to recognize different gases and estimate their concentration (usually
after a calibration or "training” phase) combining the response of sensors with a much poorer
selectivity). As can be sedn Fig. 5.1c, the interest in electronic noses started in the 90s and

continues to grow, almost exponentiallp§. Although the interest is extens), both scientific and
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economic, these devices still have limited applications, and the advancement of machine learning

will certainly support their success.

Despite the strong interest in both nanowiesed gas sensors and electronic noses, scientific
papers studying nanowtteased electronic noses are still very few. This can be explained by the fact
that nanowires have better performance than previous generations (thin films) but also lower
stability and reliability over time, and are therefore lesstunea for practical applications.
Alternatively, the reason can be the multidisciplinarity necessary for this type of tool, which
combines the latest developments in nanoscience and nanotechnology and machine learning. This
requires strong collaboration beten groups with very different expertise and can initially slow

down the growth of the sector.

In this review we analyze the recent relevant scientific literature, trying to understand how
mature the field is and what are the bottlenecks that limit keldpment. The analysis of the
published articles shows that the development obtained by nanosciences in controlling the structural,
morphological and compositional properties of nanomaterials is not matched by the computer
processing counterpart. For tmesason, the review focuses on the "brains" used so far for electronic
noses based on metal oxide nanowires, and on the type of information obtained from them. In fact,
the "brain" of the electronic noses, or rather the approach to data mining or dalizatisun, is the

key component that determines its performance.

As will become clear in the following sections, case studies from the literature use very
different approaches to the evaluation of sensor performances, from simple visual inspection of the
data to advanced data mining methods, with their merits and drawbacks. A critical review of these
studies with a focus on misconception and real application needs, seems important to support a
better comparison of the reported performances and a moresmiffecidevelopment of electronic
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noses based on nanowires. We think that such an analysis can support groups working on
chemosensors on their way for the realization of successful electronic noses by indicating possible

strategies and achievable results.

5.3 Intrinsic selectivity

Metal oxides have been®hn to be excellent gas detection materials since the 1960k [
Technological development has made it possible to move from thick films to thin films and then to
nanostructured materials. Nanostructures, ohioly nanowires, are characterized by having an
enormous surface/volume ratio, and therefore the effect of the depletion that occurs at the surface is
much more intense. Unfortunately, together with many advantages, these materials also carry two
major defets: high working temperature and low selectivity. Working temperature is a minor
problem that was initially solved with integrated microheaters and recently addressed with surface
decoration. The surface of the MOs nanostructures is decorated with @sued@larticles or other
MOs, in order to exploit the spillover effect, the catalysis and the additional junctions created at the
interfaces between the two materials. Surface decoration is commonly used to increase the response
and lower the working tempetat of sensorslfLl]]. The increase in the response and the lowering
of the working temperature are reproducible effects, but the influence on the other performance
parameters, including selectivity, is still not yet clear because the contradictory indiaatitre
literature that make it difficult to identify clear trendsLP]. Tshabalala et al. investigated how the
sensing mechanisms change with temperatLtd by photoluminescence and-rdy photoelectron
spectroscopy. They were able to demonstrate thaeleetive response of the Ti@anowirebased
sensor to €Hjp at 23°C is defeetlependent, while the selective responsegdd;gat 150°C was not
defectdependent. This demonstrates that among the many reactions that take place asdhe gas
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interface, the main sensing mechanism can vary significantly also as a function of temperature,
leading to selectivity towards different gases as the temperature varies. Similar behaviors (selectivity
varying by changing the working temperature) were algserved by Kim et al.1{l4 towards

C7Hi0 and GHg using NiO at 350 and 400°C, and by Motsoeneng eflaf fowards GH;OH and

C,HsOH using Sn@at 75 and 150°C. Kim et al. explained that the tuning of selectivityxigdgne

at 350°C or to toluene at 400°@as achieved by controlling the balance between catalytic
promotion of the gas in more active species and the oxidation in less reactive species depending on
the temperature of exercis&lf. Motsoeneng et al. showed that the selectivity towards different
gases depends both on the morphology of the nanostructures and on the working temperature. Also
in this case PL and XPS confirmed that the denditgiadects in nanostructures depends on their
morphology, and influences the response of the serdddt. [As can be seen, there are various
detection mechanisms that often act simultaneously and, although they are being studied,
unfortunately the results obtained do not yet paint a homogeneous picture. The importance of the
dimensions of the nanomaterial is well established, since the response afstiedapends on the
thickness of the depletion layer (which is fixed) in relation to the thickness of the nanostructure. For
this reason thin films perform much better than thick films, and the new 2D materials promise
further improvement]16. The modulatbn mechanism of the depletion layer is accepted as the
source of the electrical response of the sensor and studied extensively. By approximating the
bending of the bands with a simple step function, it can be seen that as the thickness of the nanowire

deceases closer to the depth of the depletion layer, the more the sensor response ihitigases |
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Figure5.2 1 (a) section of a nanowire in air and in the presence of gas. The white annular section is the
depletion layer, while the purple colored part contributes to the signal; (b) the modulation of the depletion
layer acts on the number of nanometric dimensions.

Fig. 5.2a shows the section of a semiconductor metal oxide nanowire in air (left column) and
in the presence of gas (right column). Since the depth of the depletion layer is constant (red arrow),
as the radius of the nanowire (green arrow) decreases, the sensor response (ratio between the purpl
circle on the left and the one on the right) increaseset al. demonstrated that the sensor response
reaches its maximum peak when the thickness of the nanostructure equals the depletibh3ayer [
Fig. 5.2b illustrates how the effect of the modulation mechanism of the depletion layer differs as the
dimersionality of the nanostructures varies. The mechanism acts in@egigible way only on the
nanometric dimensions of the material, and therefore a 2D structure (a thin plate) will be depleted
only in one dimension, while a 1D nanowire will be depletadtwo dimensions and a 0D
nanoparticle in all three dimensionklP. The main problem with metal oxides therefore remains
selectivity. Many groups work on resistive gas sensors based on different metal oxidestypeth n

and ptype, but the results in tHeerature regarding selectivity are rarely in agreement. In order to

64



assess whether there is agreement about the selectivity of the main metal oxides towards specific

gases, we have carried out a survey of the recent scientific literature, which isishogu®.3.
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Figure5.3 1 Selectivity of the main metal oxides towards the studied gases. The response in each reference
was normalized (the highest response was set to 100).
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As can be seen in Fig.3, there is no agreement in the literature for any metal oxides. The
maximum agreement reached by the various scientific articles examined is 50% in the casg of SnO
TiO, and InO3, while the minimum agreement is 25% forsOgand CuO. This demonstrates that

the selectivity of metal oxides depends on many parameters, and it is currently impossible to

consider a certain selective metal oxide for a certain gas.

5.4 The brain of the electronic nose: visualization methods and algorithms

A key component of an electronic nose is its "brain": an array oketattive or lowselective
sensors cannot achieve true selectivity if the responses are not intelligently processed and combined.
The data processing carried out on the data matrixatettdrom a sensor array is fundamental to
obtain good performance, but it is also a rather distant topic from material science. For this reason,
research groups that were working on traditional gas sensors based on nanowires had to undertake
interdisciplnary collaborations or develop their own expertise in this field. However, both processes
(developing interdisciplinary collaborations and building your own skills) are complex and time
consuming. This explains why the "brain" of the electronic nose wate its least developed
element despite being the most important. For this reason, together with the different machine
learning algorithms, section 2.1 has been inserted to describe the most basic methods that have beer
used in recent years to demonstitiae capacity for selectivity. These systems have in common the
fact that they are visual methods, in which it is necessary for the reader to observe a graph and
reason. In this way the human eye and brain (which is still the best pattern recognition ayste
least in two dimensions) are exploited as part of the sensing system. In the next subsections, the
methods used in the articles studied have been listed according to the objectives they achieve: mere
feasibility, qualitative classification, qualita quantification, real classification, and real
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quantification. This distinction will serve to discuss the current state of development of nanowire
based electronic noses, as the level of ability to achievewmadd classification and possibly

quantification is a strictly necessary requirement for-sgatld applications.

5.4.1 Proof of concept

Some publications focus only on the feasibility of an electronic nose by showing how the
responses of the sensors that form the array vary as the tested gas otuasvamiles. This can be
done by visual inspection of the trend of a bar plot or a box plot, and how this trend (fingerprint) is
different for each gas. Similarly, the different shapes that sensor responses show in a radar plot for
different gases can besed to distinguish them. These methods are not based on algorithms of any
kind, but on the ability of the human eye and brain to distinguish differences and similarities, so they

can only be considered proof of concept.

5.4.2 Principal Component Analysis (PCA)

This very old technique, which is gaining more and more interest in the field of sensors, is a
data reduction method used in multivariate statistics. The aim of this technique is to reduce the
number of variables describing a data set to a smaller nurhlzent variables, with a limited loss
of information. In practice, it is a linear transformation that projects the N original variables into a
new coordinate system (still of dimension N) in which the new variable with the greatest variance is
projectedonto the first axis, the new variable, second by variance, onto the second axis and so on. In

this way it is possible to reduce the number of variables (from N to M <N) while keeping as much
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information as possible contained in the original variables. drffggnal purpose (to reduce a too

large data set) is usually not what it is used for in the caseodes: as we shall see, here it is often
used to reduce a small number of variable&Zbdown to two or three in a graph, so that the reader
can visualze the data and the relationships between them. Many authors consider these graphs (two
dimensional or thredimensional, relative to the first 2 or 3 principal components) an easy way to
obtain a sort of qualitative classification. When it is possiblelistinguish clusters of separate
points, each relating to a gas, it is easy to think that a new unknown measure (a new point) can be
classified by observing near which cluster it will be positioned. Unfortunately, in addition to being
very qualitative, tr8 method assumes the presence of a human operator and the exploitation of her
eyes and brain, which are powerful analysis tools but prone to subjectivity and biases. To overcome
the qualitative nature of the visual inspection of PCA analysis, severafickgs methods have

been developed that use autonomous algorithms, the output of which is not a graph but a label with

the class in which the system classifies the new point.

5.4.3 RGB Encoding

This is not a standard method in the literature, but it is degtin this section because it
achieves divergent results from other studies: superior to mere classification, but inferior to true

guantification.

Furthermore, this method well explains an important concept for electronic noses: the
information in a serts's response signal lies in its dimensionality. In section 1 it has already been
explained that a single resistive sensor, with a dimensionless response, is almost completely devoid

of selectivity. In this case, combining three responses of this typesmbkevident that the
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selectivity of the system is sufficient for a perfect classification (at least in the case of the 8 gases

analyzed in the paper) and even for an approximate quantification, similar to that of a litmus test.

It should be emphasizedaithere is no algorithm behind this method, no PCA or other
variance optimization technique. The responses are simply normalized and then interpreted as the

reg, green and blue channels composing a color.

5.4.4 Linear Discriminant Analysis (LDA)

A slightly more powerful tool that works in a similar way is linear discriminant analysis. This
technique is used for dimensionality reduction and visualization, as is PCA, but it is also a reliable
classification method. It is a linear transformation from the spadédimensions to a space with
lower dimensionality M <N, trying to keep as much information as possible, and leaving out the
noise instead. In this case the transformation tries to minimize the variance of different groups and
maximize their distance, thi, to optimize the separation. This makes it easier to divide the space
into regions labelled with a given class (a gas, in our case). Unlike PCA, this algorithm can be
considered a supervised method (a method in which a first set of data is used tiocbmitatiel and
then new data is compared to the model) and used as a classifier. In this case the algorithm compares
each new data with the model created starting from a data set used to "train" the system, and
classifies it by proximity (similarity) to aertain group (a gas, in our case). This method returns a
label as an output without the need for any interpretation, and thus operates a true classification. As
in all supervised methods, models must be tested on data sets that are completely indefpgredent

training datasets.
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5.4.5 Partial Least Squares Discriminant Analysis (PR8)

The most recent interpretation of the acronym PLS stands for "Projection to Latent Structures
by means of Partial Least Squdrg¢$2(. This technique is similar to the princlpegomponent
regression (PCR, based on the PCA seen above) however, instead of finding hyperplanes of
maximum variance between the response and the independent variables, it finds a linear regression
model by projecting the latent variables and the obs&rwadriables into a new spackfl]. Also in
this case, the new space has the same dimensionality N as the original space, and therefore keeps al
the information, even if it distributes it in a different (decreasing) way, trying to maximize the
separation etween different classes. The response variable is a numerical variable that measures the

degree of belonging to a class in thelOrange (total diversitytotal belonging).

An advantage of PLB®A is that it allows the transformation (similar to PCA)eavon a
matrix missing of some elements, while previous methods could process an incomplete matrix only
by eliminating individuals with missing variables, or by replacing the missing data with estimates.

The PLSDA, on the other hand, is able to work ooly known data, even with incomplete matrices.

5.4.6 Artificial Neural Network (ANN)

Artificial neural networks (or jusheural networks are based on the concept of artificial
neuron proposed in 1943 by McCulloch dpitts [122). The first electronic noses wereweloped
using these 123124, trying to replicate the nature of a mammalian nose insofar as possible.
Artificial neural networks are structures of nodes organized in layers, that receive N external signals
on a layer of nodes, each connected to variousnat@odes of the network (typically organized on

several levels) with each single node processing the received signals and transmitting the result of its
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elaborations to subsequent levels.

Usually, neural networks comprise three layers:

1) the Input (I)layer receives and processes the input signals, adapting them to the demands of the
neurons of the network;

2) the Hidden (H) layer is in charge of the actual processing (and can also be structured with
multiple levels of neurons);

3) the Output (O) layerollects the results of the processing of the H layer and checks them with the

expected ones.

In the case of electronic noses, a supervised learning method is used, where the system is
initially "taught” through a series of labeled data. The most usedingaalgorithm is thesanish
gradientmethod, which allows to find a local minimum of a function in adifensional space.

The weights associated with the links between the neuronal layers are initialized to random values

and the ANN is made to work whita labeled dataset.

The training of a neural network takes then place in two phases. In the first phase (forward
pass) the input data are given to the input nodes with a forward propagation of the signals through
each layer of the network, with the valugfsthe synaptic weights all fixed. In the second phase
(backwardpass) the response of the network is compared with the desired output obtaining the error
signal. The calculated error is propagated in the reverse direction to that of the synapticamnecti
Finally, the synaptic weights are modified in order to minimize the difference between the actual

output and the desired output.

5.4.7 Support Vector Machine (SVM)
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A support vector machine is a supervised learning model used to analyze data both for
classfication and for regression. An SVM maps measurements from a first labelled data set to
points in a Ndimensional space so as to maximize the width of the gap between the categories. New
measurements are then mapped into that same space and predictedgddba category based on

the area in the space they fall into.

The algorithm works with two classes at a time, looking for a linearly separable hyperplane
between them. If there are more than a hyperplane, it looks for the one that maximizes the distanc
between the points of the two classes it is considering (using support vectors). If there are none, it
uses noflinear mapping to bring the training data into a higher dimensionality, so that two classes
can always be separated by a hyperplane. Thigrnie dsing a nctinear kernel, in order to obtain a

nortlinear classifier without transforming the data too much.

When used for regression, it uses the same principles as for classification, with only a few
minor differences. However, the main idea is &mito minimize error, individualizing the
hyperplane (a space ofNdimensions) which maximizes the margin, keeping in mind that part of

the error can be tolerated.

Using the SVM first as a classifier and then as a regressor (a different and independent
regressor for each identified class), excellent results can be obtained both in terms of classification

and quantification.

5.5 Fields of application

Unlike a single gas sensor based on metal oxide nanowires, an electronic nose is capable of
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detecting and @tinguishing many different gases and volatile compounds. This makes it a very
transversal tool, suitable for all applications where it is important to quickly understand what an
atmosphere is made of, usually produced by a solid product or an organisasdohy industrial
processes and complex chains of events. An electronic nose can, for example, be used to assess th
freshness of an agrifood product, or carry out asgreening by analyzing a patient's breath, or
monitor the air quality in differenénvironments (city, home, office, factory...). In this section we

will divide the articles published in the literature according to the field in wthiehauthors tested

the electronic nose, considering the most important and common fields: generic ithetg w

specific application, agrifood, health and safety fields.

5.5.1 Generic application

The group of Kol makov proposed a finanoscopi
nanostructureg129. Four ntype semiconducting nanostructures (gr&dd Nidewmrated Sn@
nanowires, TiQ@ and InO; thicker nanowires) were tested towardsadd CO in conditions of low
pressure. The response values of three sensors,(8iKBnG, and TiQ) were plotted as radial

plots for a qualitative classification of the twoget gases.

The KAMINA platform (a linear microarray of 38 segments contacted singularly) was used
with SnGQ nanowires in order to fabricate an electronmse [L26. The microarray was tested
towards ethanol, isopropanol, and CO using two modalities: in the first only the density of
nanowires was varied along the array, while in the second the working temperature also. The
discrimination ability (obtained qualitativelthrough 3D LDA graphs, increases when both

parameters are varied.
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The same microarray architecture was used with a constant density of pristine SnO
nanowires, with only the temperature gradient created by four heaters on the back side of the
substrate I27]. The sensors were able to detect 1 part per milligom{) of CO, ethanol,
isopropanol and toluene. The system was able to classify the four gases at their lower concentration

through a 3D LDA plot.

Four resistive sensors based on single nanowirg®IisnQ and ZnO) and singlwalled
carbon nanotubes were integrated on separate hotplates, so that their temperature could be controllec
individually. Using the responses from the four sensors working at two different temperatures, the
electronic nose wasbke to qualitatively distinguish N H, and ethanol and thegoncentration
[128. Fig. 5.4 shows the SEM images of the four sensors and the PCA plot obtained using only the

three sensors based on metal oxide single nanowires.
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Figure5.47 (a) Sensor array chip composed of four individual chemical sensors, including indivigial In
nanowire, Sn@nanowire, ZnO nanowire, and SWNT chemical sensor chips; (b) PCA scores and loading
plots of the chemical sensor array composed by only the three metal oxide single nanowires. Edited with
permission from12§|.

The group of Moskovits described an electronic nose strategy on an array of single SnO
nanowire whose sensi ngby surfacepdeaoratiore with difeererd metab d i y

nanoparticles ahdifferent operating temperaturel?f]. The sensors selectivity was tested towards
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three reducing gases,HCO and ethylene, which were classified qualitatively through LDA plots.
The discriminating ability of the-eose was not affected by the lengtrd@meter of the nanowires

composing it.

A different system was proposed, composed of two sensors based on vertical ZnO nanowires
with different metal oxide coatings on top of them: CuO and,3&80. Different response values
of the two sensors towards difent concentrations of NGnd HS gases were plotted in radial

graphs, showing different slopes, which could be used to discriminate the gases in a qualitative way.

The same architecture with vertical ZnO nanowires with different coatings, was uséd also
another work of the same grouf3fl]. In this case the structural template consisted of vertical ZnO
NWs coated with Snpon top. Different sensors were obtained sputtering very thin layers of
different metals (Pt, Pd and Au) on top of three samples, as active materials for gas sensing. The
large area given by the vertical nanowires and the catalytic effect due to thenedhle make the
sensors able to detect N@nd HS at room temperature. An array composed of three sensors with
di fferent decorations (Pd, Pt , and AN Nas ab

H,, and CO) in a qualitative way (using 2bda3D PCA plots).

As an alternative to using different materials, different surface decorations or different
working temperatures for the realization of the electronic nose, it was also proposed to take
advantage of UV lighting of different wavelength$3f]. This theoretical work showed that
employing a tunable UV source, the reaction on the nanowires surface can be tuned, achieving
selectivity towards different gases. The theory behind theattiwated gas sensing is shortly

presented in terms of the enefgplance when the light interacts with the surface of the nanowires.

A more traditional approach, using different nanomaterials assembled via dielectrophoresis
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between gold electrodes, was preseni&§[ The active materials used are graphene oxide, carbon
nanotubes, and CuO nanowires, in an array of 40 serdHoesmatrix was exposed to methanol,
toluene and ammonia and the evidence for discrimination is that the dynamic resistance of the

sensors is different for different gases.

A single Sn@ nanowire wasised in a KAMINA design, exploiting the decreasing diameter of
the nanostructure and Pt decoration of its surfa8d].[ The change in resistance along the segments
mirrors the change in the concentration of charge carriers and is used as a variableepsmamet
build the electronic nose. The microarray was able to recognize acetone and hydrogen, while

isopropanol and CO were difficult to discriminate in the LDA plot, because of their overlap.

An array of four heterostructures made of vertical ZnO nanowiiés different surface
decorations (pristine, SnQIN,O3 and WQ) was used as an electromose [L35. The electronic
nose was able to detect BM,S, H,, NHz, and CO at room temperature. The discrimination of the
gases was obtained through a 2D PCA plathich the only isolated cluster was that giSHThe

clusters relative to the other gases overlapped significantly, not allowing any classification.

A sensor based on Sp@anowires was integrated in an array to compare its performance with
that of thethin film counterparts, testing it towards water, ethanol and a miXtL8§. The
nanowirebased sensor demonstrated performance equal to that of thin film based sensors, with the

advantage of greater surface area/volume and flexibility.

An array of threeiagle Mg-doped InO3 nanowires doped with different metal (Au, Ag, Pt)
nanoparticles, was used to demonstrate the feasibility of an integrated electronit37pde fhis
case the sensors were not chemoresistors, but-dadell fieldeffect transistors (FETS). The

parameters of the transistors in the array can be used as features to obtain selectivity at room
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temperature, as the authors did for CO, ethanol and hyaroge

A different design of electronic nose with ZnO nanorods was realized by Ko et al. using
electrodeless quartz crystal microbalandesd. Different patterns of ZnO nanorods were grown on
each mibrobalance, working as independent resonators with différequency. Longer
nanostructures increased the quality factor of the resonators, enhancing the sensing performance of
the sensor. Coating the ZnO nanorods with different polymers (PMMA, PVP and PVACc), a certain
selectivity was achieved, allowing for quatively discriminate ethanol, toluene and gasoline in a

2D PCA plot.

Another vertical design was used to fabricate an electronic nose using different nanostructures
of different materials. Six different sensors were used different of shapes (helices)daigzags)
made of different metal oxides (TAATO, SnQ and WQ) [139. The array of vertical sensors was

used to qualitatively distinguish hydrogen, CO and NO2 using radar plots.

Hu et al. built an array composed of four single nanowires, tryingcpioie the different
selectivities of the most diverse materials, namely a metal (Pd), two polymers (PPy and PANI) and a
semiconductor (ZnO)14Q. Four target gases were selected to test the performance of the array:
hydrogen, methanol, CO and BOThe autbrs were able to qualitatively discriminate the four
gases, also using blinded experiments where new measurements were compared in the PCA plot
with the calibration points, thus also providing a quantitative estimation of the gas concentration. As
can be sen in Fig5.5, the four sensors were quite selective towards the four tested gases, and this
was reflected in the thresimensional PCA plot. Figs.5c compares the real composition of the

tested gases with that estimated by the sensing system.
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Figure5.5 7 Reattime sensing signals and the corresponding PCA plot. (a) Dynamic percentage response
(change in resistance divided by the base resistance) collected from the four sensors durespdose
recovery cycles; (b) 3D PCA plot including training points (colored points connected by lines) and test points
(four teal octagons labeled €&34); (c) Comparison between the real gases injected and the estimates from
the sensing system. Modifiedtlv permission from140Q.

An array of three different echip grown ZnO and CuO nanowires was used as a prototypal
electronic nosel4]]. In practicepy growing ZnO and CuO nanowires directly from the electrodes,
three sensors were made that exploit different junctions:-ZmQ, ZnGCuO and Cu@CuO, as
shown in Fig.5.6a. Using three sensors of the pristine metal oxides, three decorated with Pd
nanopaticles and three with Ag nanoparticles, nine sensors were combined (3 junctions x 3 surface

decorations). The sensors were able to qualitatively distinguisB®, and NQ@in a LDA plot.
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Figure5.6 1 (a) Schematic representation of the crossadowire junction array and corresponding SEM
images; (b) LDA analysis classifying the points corresponding to the various gases at 95% confidence level.
Reprinted with permission fromi41].

A more traditional approach, using different metal oxides (VOx, MnOx, WOXx, and NiOx)
deposited on finger electroded4p]. The semiconducting nanostructures were assembled via
dielectrophoresis onto electrode arrays and then packaged for easy testing. Looking at the fractional
resistance was affected by the presence of ethanol, acetone, methanol and ammonia, the authors
were able to discriminate ethanol and ammonia. They arédean that with the help of machine

learning algorithm, this setup would be able to achieve real selectivity.

A thicker surface decoration was implemented on ZnO nanowires, realizing almost a core
shell situation 143. After atomic layer deposition of thilayers (5 nm) of AlO; and TiQ, two
types of coreshell nanostructures were obtained: ZABAI,O, and ZnQ Zn,TiO4 nanowires, used
as sensing elements at room temperature under UV illumination. Using an array comprising pristine
ZnO nanowires also, the thiors were able to qualitatively discriminate, @;, CO and NQ using

bar plots and a 3D PCA plot.

A network of potassium titanate nanowires was used as a chemiresistor to detect acetone and
ethanol at room temperatur®4d]. The network was segmented iretn different sensors, that are
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different because of the intrinsic variation of the density of the nanowires. Combining the response
values of the eleven sensors and processing them with LDA, different clusters were found for

acetone and ethanol, proviagertain qualitative classification from the system.

The role of metal oxides is different in the work of Song et al., who use polymeric nanowires
surface decorated with 3 different catalysts as sensor. Ag, CuO asf@; Viit5. Four sensors
(including prisine PANI nanowires) were used to obtain an array and achieve a qualitative
selectivity. The sensing system was tested with ascorbic acid, dopamine@nih Hquid as an
electronic tongue, but could also be operated with gases, as an electronic nosdfefdrat
analytes and their mixtures were discriminated qualitatively and-geamtitatively through two

dimensional PCA plots.

Polycrystalline NiO nanowires were used as a chemiresistor to demonstrate that selectivity can
be tuned towards different gat gas by changing the working temperature of the seh46. [The
sensor response to hydrogen is larger at 200°C and decreases as the temperature rises, while the
response to ethanol increases with temperature, and reaches its maximum at 400°C. in byis wa
varying the temperature of the sensor, it is possible to set its selectivity towards one of the target

gases.

An electronic nose based on different materials and different shapes was proposed as very
sensitive system to detect gases and volatlldg| | The sensing system was formed by three metal
oxides (WQ, SnQ and InO3) in three versions: pristine thin films, Alecorated thin films and
vertical nanowires, thus obtaining a 3x3 array. The classification is shown qualitatively by means of
2D PCA plds. Using only the thin films, the electronic nose is able to discriminateaNéi HS,
while adding the nanowires it can also distinguish NO. On the other hand, it cannot distinguish
acetone, benzene, CO and ethanol.
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A different approach consisted in ugim single Sn® nanobelt suspended between two
electrodes, acting as a fieddfect transistor J48. Different FET parameters were extractegh(|
mobility, threshold voltage, subthreshold swing) and used as features to be processed by LDA. The
two-dimensiamal LDA plot shows a qualitative classification of NO, N@nd HS. After this
classification, a possible quantification is proposed, comparing the measurement with the calibration

ones.

The onchip growth of Sn@ NWs was used to manufacture an array ef-Beated gas
sensors, in order to simplify the fabrication process and avoid the need of an external heater,
reducing the power consumptiobdfd. Tuning the sensor power, different response values can be

obtained, which vary for each gas, and can theedferconsidered as fingerprints.

In addition to the intrinsic selectivity of the sensor towards,Nie selfheated system could

qualitatively discriminate b NHs, H,S, and GHsOH.

A chemoresistive electronic nose based on pristine andlegarated Snand WQ
nanowires was fabricated by electio@am evaporation at a glancing andle(. The backheated
2x2 array (2 materials x 2 surface decorations) has oy detection limit for NO and NElin
80% relative humidity (RH). A twalimensional PCA plot@monstrated that the electronic nose is
able to well distinguish NO and NHwhile the other gases {dsOH, CO, GHs, CsHs, and
CH3COCH) are too overlapped. The position in the PCA graph of the points relative to NO and

NH3; shows that a quantitative ansily of these two gases would probably also be possible.

Nanowires of different materials have been grown on the same chip exploiting the presence of
different membrane with integrated heatet5]]. The ability to locally heat the chip, allowed to

grow SnQ, WO3; and Ge nanowires on different sensors of the same chip, and later to optimize the
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working temperature of each sensor. The electronic nose was able to qualitatively distinguish CO,

NO, and relative humidity in a 2D PCA plot.

A sensor made of NiO nanows was made working at different temperature in order to
simulate a temperature gradient and a virtual electronic dd&&® [The fingerprints of 7 reducing
gases (KS, ethanol, B CO, NH;, CO, and LPG) were each combined in a 5D point, and processed
by mahine learning. The shape of the fingerprints is very similar even changing the gas
concentration. Using support vector machines, the system was able to achieve perfect classification

and very good quantification (<15% average error).

An array of four serw's based on vertical polycrystalline Sn@notubes decorated with Pt
was proposed as an uHiaver power electronic nos&$3. The four sensors were tapatedwith
different materials (Au, Pt, Ni, ITO) in order to change their intrinsic selectivities. The sensor array
was tested with relative humidity, NCbenzene and :The 3D LQV plots, similar to PCA plots,
showed that the points are well dispersed, algwio classify the gases and probably even to

estimate the concentrations.

Three sensors based on $n@/O;, and Ge nanowires were integrated on the same chip
thanks to localized growth driven by local heatit§4. Using different membranes with integrated
heaters (Figh.7a), the nanowires were grown directly on the patterned electrodes by chemical
vapour deposition (CVD). The responses from the three materials were combined and analyzed
through PCA. Fig5.7b shows clear qualitative classification of hdityi, CO and NQ with well-

isolated clusters of points for each gas.
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Figure5.7 - Optical image of the blue tungsten oxide WQNWSs, the white SnONW deposit, and brown
coating of Ge; (b) PCA from SnOWO;, and Ge NWbased gas sensor showing clustered CO;, N@d
relative humidity points. Reprinted with permission frakb4).

A visual sensor (a kind of electronic nose that works like a litmus paper) was manufactured
with very simple processing of signals from sensors based on NiO nandl&&gsThe response at
each working temperature was just normalized te2686 range in order to be encoded as one of the
three channels in the colespace. The combination of the three channels allowed to easily
recognize any of the eight tested gases {NHPG, HS, ethanol, B NO,, CO and CQ. A
renormalization on each single gas also allowed to reach a qualitative estimate of the gas

concentration.

Similar to Sysoev's worklB4], but using a temporal rather than spatial thermal gradient, an
electronic nose was made using a single Smhowire L56. The responses of the sensor at five
different temperatures were combined to greatly increase the intrinsic poor seledtivitg o
resistive sensor. Using a SVM the nanometric electronic nose achieved a classification of 94.3% and
a good estimate of the concentrations (18.4%) for ethanplC@, acetone, Nfdand toluene. N®

was sometimes confused at low concentration.
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An electronic nose was built that exploits the intrinsic inhomogeneity of a network of ZnO
nanorods deposited on a mwdtectrode chip I57]. The system was able to detect isopropanol,
ethanol and butanol at syipmv concentrations, and separate them well iBDaLDA plot, as
shown in Fig.5.8. Using the Mahalanobis distance, the authors demonstrated that the separation of

points at higher concentrations is greater.

Figure 5.8 - LDA plot showing that the electram nose can recognize the different gases at different
concentrations, from syippmvto 5ppmv. Reprinted with permission from$7).

A sensor based o®sn(G nanowires grown directly from the metal electrodes and then
decorated with Pt nanoparticles by radiolysis was used as electronic nose by using it at different
working temperatureslpg. The thermal fingerprints for each gas (benzene, acetonédpldene
and ethanol) were shown as a function of the gas concentration, and a 3D PCA plot showed that the
gas clusters are well separated. Using an SVM, it was possible to obtain a good estimate of the

concentration of each gas (approximately 14%).

A sensor based on carbdoped Sn@nanowires was operated in a low range of temperatures

in order to use it as an electronic no4&9. At each temperature the sensor showed a different

84


































































































































































































































































































































































































































































