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ARTICLE INFO ABSTRACT

Keywords: Ensuring wine quality and authenticity is of growing importance for both producers and consumers, particularly
Electronic nose considering the increasing economic relevance of the global wine industry and the need to safeguard consumer
SWCNTs

trust. Reliable, rapid, and cost-effective tools are required to monitor the progression of wine aging, detect early
signs of spoilage, and identify varietal origin, since these parameters are directly linked to both sensory attributes
and market value. Here, we report the development of an electronic nose (e-nose) based on single-walled carbon
nanotube (SWCNT) sensors functionalized with zinc phthalocyanine (ZnPc), designed to improve sensitivity and
selectivity toward wine-related volatile compounds. The e-nose, comprising seven sensors, was characterized
using representative analytes such as ethanol, water vapor, ammonia, acetic acid, and acetone, which are key
indicators of fermentation, spoilage, and storage conditions. The e-nose was subsequently employed to monitor
wine aging and to discriminate among several commercial white wines, including Prosecco, Chardonnay, Pinot
Grigio, Lugana, and Prime Rose. Distinct and reproducible response patterns enabled accurate discrimination of
both wine type and aging stage. These results demonstrate the capability of ZnPc-functionalized SWCNT e-nose
to provide objective and scalable aroma-based quality evaluation, highlighting its potential for broader appli-

Zn phthalocyanine
Wine tracking
Machine learning

cations in the characterization of fermented beverages and complex food matrices.

1. Introduction

Tracking wine quality and authenticity is gaining interest in the
global wine industry, for both producer and consumers. Indeed, pro-
ducers often aim to ensure the quality of their products and exposing
potential market frauds, while consumers seek for quality in terms of
genuine and not spoiled products. Therefore, on one hand it is important
to track the quality of wine in terms of aging, on the other it is
mandatory to accurate discriminate among different wine types,
tracking origin or type. Indeed, subtle differences in aroma profiles,
influenced by factors such as grape variety, fermentation process, stor-
age conditions, and aging, can significantly impact the sensory percep-
tion and commercial value of the wine [1,2].

Current methods to track wine quality relies mainly on a combina-
tion of sensory evaluation by sommelier and by analytical techniques
such as gas chromatography-mass spectrometry (GC-MS), high-
performance liquid chromatography (HPLC), or nuclear magnetic

resonance (NMR) [3-6]. While these methods offer high sensitivity and
specificity, they are often time-consuming, expensive, and require
extensive sample preparation and trained technician to properly
perform the analysis [6,7]. Furthermore, the subjective nature of som-
melier can lead to variability in results. It is clear that there is the need
for more objective and reproducible techniques, which should be rapid
and low-cost.

Electronic noses (e-noses), i.e. arrays of non-selective gas sensors,
have emerged as promising tools for rapid, non-invasive, and real-time
monitoring of products in food and beverage industry [8,9]. These ar-
rays are built to mimic the human olfactory system, coupling gas sensors
and pattern recognition algorithms to identify complex gas analyte
profiles, with application in several fields, like environment, medicine or
industry [9-13]. In the framework of wine quality assessment, e-noses
can offer several advantages, including high throughput, portability,
and the capability to detect changes in aroma associated with both aging
and with varietal differences [14,15].
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Commercially available electronic noses are predominantly based on
metal-oxide semiconductor (MOX) sensors. These devices offer several
advantages, such as robustness, relatively low cost, and established
manufacturing processes, which have contributed to their widespread
adoption. However, MOS-based e-noses also suffer from notable limi-
tations. In particular, they typically require operation at elevated tem-
peratures, leading to increased power consumption and reduced
suitability for portable or continuous-monitoring applications. Further-
more, their sensing performance can drift over time, making frequent
recalibration necessary to maintain reliability and accuracy [16,17].
These drawbacks limit the scalability and long-term applicability of
MOX-based e-noses in fields where low-energy consumption, long-term
stability, and minimal maintenance are critical, such as food and
beverage quality control. Room for improvements is represented by
nanostructured carbon-based materials, such as graphene or carbon
nanotubes (CNTs). Thanks to their unique properties (i.e. high surface to
volume ratio, exceptional chemical stability and great charge mobility),
CNTs have raised interest for disparate applications, including solar cell
[18,19], energy storage [20], and gas sensors. In gas sensor field,
although being widely exploited as single sensors [21-23], they remain
a challenge in the field of electronic noses [10,24,25], especially for
application in food and beverage fields [26].

This study explores the development and application of an e-nose
based on single walls CNTs (SWCNTs) for detecting wine aging,
exploiting a cooking white wine, and discriminating among different
types of white wines, including Prosecco, Chardonnay, Pinot Grigio,
Lugana, and Prime Rose. The wines under investigation are commer-
cially available and produced in a precise Italian region: Trentino Alto
Adige.

In particular, to improve the sensing capability of SWCNTs, mainly in
terms of sensitivity and selectivity, functionalization with metal
phthalocyanines, i.e. zinc phthalocyanine (ZnPc), have been performed.
It is reported in literature that while CNTs provide a high surface area
and excellent electrical conductivity [27,28], ZnPc contributes to target
interactions with specific analytes [29]. The combination of these ma-
terials in sensor design enables a more accurate detection and discrim-
ination of wine aroma profiles, thereby enhancing quality control and
authentication in a cost-effective and scalable manner.

The here developed e-nose, which comprises 7 sensors, is at first
tested to selected analytes, such as ethanol, water vapour, ammonia,
acetic acid, and acetone, which play a crucial role in assessing wine
quality, detecting aging stages, and distinguishing between different
types or origins of wines. Indeed, each of these analytes can be consider
as marker of specific chemical or microbiological processes that occur
during wine production, storage, and aging. In details, ethanol needs to
be recognised by the developed e-nose, being the main component,
along with water vapour, of wine composition. Additionally, ethanol is
the main product of alcoholic fermentation and physical properties of
wine are influenced by its concentration [30]. Ammonia is related to
nitrogen metabolism during fermentation and microbial activity, espe-
cially involving spoilage organisms such as Brettanomyces or Lactoba-
cillus [31]. High ammonia concentration (above 10 ppm) in wine can
denote microbial contamination or protein degradation, which can
affect wine aroma and stability [32,33]. Acetic acid is the primary
component of volatile acidity in wine and is often associated with
spoilage and aging, especially when its concentration exceeds 600-800
ppm [34-36]. Acetone can be a byproduct of microbial metabolism,
mainly from bacterial activity. Its presence in wine can be indicative of a
not proper storage condition. Acetone concentration in wine can be
considered acceptable up to 20 ppm; higher concentration indicates
faulty or over-aged wines [37]. Together, monitoring this set of com-
pounds enables a holistic and rapid assessment of wine quality and type
using sensor arrays, offering a powerful starting point for non-invasive
wine authentication and discrimination. After the preliminary moni-
toring of these compounds, two experimental investigations were con-
ducted on white wine to further assess the performance of the proposed
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e-nose. The first experiment focused on the ability of the system to
recognize and track wine aging, providing insights into how volatile
profiles evolve over time. The second experiment evaluated the capacity
of the e-nose to discriminate among different commercially available
white wine varieties. Taken together, these tests highlight the robustness
of the sensor array in addressing both temporal changes and varietal
differences in wine aroma. The obtained results demonstrate a clear and
reproducible discrimination capability, confirming the potential of the
developed e-nose as an effective tool for objective wine quality assess-
ment and varietal authentication.

2. Experimental
2.1. Sample preparation

The e-nose is composed of 7 chemiresistors based on SWCNTs: one
pristine and 6 functionalized with different amount of zinc phthalocy-
anine (ZnPc) (Fig. la-c, Table 1).

Powder of SWCNTs and ZnPc have been purchased from Sigma-
Aldrich. Base SWCNTs solution have been prepared by dissolving 1 mg
of SWCNTs and 50 mg of sodium dodecyl sulphate (SDS) into 5 ml of
MilliQ water and sonicating at room temperature for 1 h (SWCNTs
concentration is approximately 0.2 mM). 20 droplets, each of 3 pl vol-
ume, have been dropcasted ona 1 x 1 cm? plastic foil (for the bare CNTs
sample). 6 identical solutions have then been prepared and different
amount of ZnPc powder has been added to each vial: 0.5 ug (sample A),
1.0 ug (sample B), 1.4 ug (sample C), 2.4 ug (sample D), 4.0 ug (sample
E), and 7.5 ug (sample F), as reported also in Table 1. After 30 min
sonication, 20 droplets of each CNTs+ZnPcs solution have been drop-
casted on plastic foils (Fig. 1-b). For all samples, the electrical contacts
have been made drawing silver paint stripes at the opposite sides of the
square foil.

A second batch of samples was prepared using the same CNTs and
ZnPc ratios, but dropcasted onto a silicon substrate in order to enable
characterization by energy-dispersive X-ray spectroscopy (EDX). The
use of silicon was specifically chosen to avoid the charging effects
typically observed when employing plastic substrates, thereby ensuring
more reliable imaging and compositional analysis.

Finally, two nominally identical sensor arrays were fabricated on
plastic substrate, using the same protocol (sensors prepared in pairs for
each ZnPc functionalization content). Both batches were characterized
electrically, through Raman and EDX spectroscopies, and towards
ammonia. Systematic gas and wine sensing experiments were performed
on one complete array to ensure internal consistency of the chemometric
dataset.

Of note: ZnPc-films fabricated using the same drop-casting volumes
employed for CNT/ZnPc hybrids exhibited very high electrical resis-
tance due to the lack of an homogenous conductive network, preventing
reliable chemiresistive gas measurements with the present setup, thus
they have not been considered in this work.

2.2. Characterization

To characterize the prepared layers energy dispersive X-ray (EDX)
spectra have been collected in different areas of the samples. A JEOL
(JSM IT800(IS)) system operation at 20 KeV and in planar view has been
exploited. To perform quantification, the EDX spectra have been fitted
using the SMILE VIEW Jeol software, with the Standardless — ZAF —
metal approach. SEM imaging has been performed with a JEOL (JSM
IT800(IS)) system working at 3 KeV.

Raman spectra have been acquired on a CGS device with a Renishaw-
Invia system (laser excitation at 633 nm) with a 100 x objective. An
1800 lines/mm grating and a laser power of 5 mW have been used for
the measurements. Spectra were collected on (i) CNTs film, (ii) ZnPc
powder, (iii) the plastic substrate, and (iv) ZnPc-functionalized CNTs
films.
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Fig. 1. Summary of the methodology: (a) ZnPc and CNTs powders were weighted and dissolved in different concentration; (b) the solutions were dropcasted on
plastic substrates; (c) the prepared samples were then assembled into an electronic nose. (d) cross sectional view of the prepared sensors and readout scheme. (e)

Scheme of the set up used to detect wine vapours.

Table 1
summary of the prepared solutions.
Sample Name CNT (mg) in 5 ml DH,0 ZnPc (ug)
A 1 0.5
B 1 1.0
C 1 1.4
D 1 2.4
E 1 4.0
F 1 7.5
CNTs 1

2.3. Gas and wine sensing measurements

To evaluate the chemoresistive response of the samples to various
target gases, electrical contacts were applied using silver paint stripes on
opposite sides of each sample. The samples were then mounted on a
custom-designed platform, capable of accommodating up to eight sen-
sors, allowing simultaneous monitoring of all sensor responses under the
identical environmental conditions (Fig. 1-c).

In addition to the tested sensors, two commercial reference sensors
were integrated on the platform: a relative humidity (RH) sensor
(Honeywell HIH-4000 series) and a temperature sensor (Murata NTC
PCB 5 K thermistor). Data acquisition was managed through a dedicated
software written in the LabVIEW environment. Additionally, to monitor
the tested gas concentration and draw the calibration curves of the
CNTs-based sensors, a properly calibrated commercial sensor that works
in parallel to the e-nose has been exploited (FIGARO, TGS2602).
Although the TGS2602 is not a strongly selective MOX sensor, it is not
used here to claim chemical selectivity, but as a calibrated and repro-
ducible indicator to assign consistent ammonia and ethanol concentra-
tions under controlled temperature, humidity, and background VOC
conditions, as also reported in literature [38,39]. The reliability of
TGS2602 calibration curves has been cross-checked by measurements in
a testing chamber with calibrated mass flow controllers (MFCs) and
target analyte cylinders diluted in synthetic air (oxygen 21%, nitrogen
79%) (SIAD S.p.A.), as reported in Figure S1. The MCF connected to the
dry air cylinder has a maximum flow of 1000 sccm, while the max flow
of the MFC connected to the analyte cylinders is 500 sccm.

Gas-sensing properties were characterized by analysing the

chemoresistive response during exposure. Each sensor was connected to
a simple electronic readout circuit comprising a load resistor (Ry) in
series with the sensor, powered by a constant voltage source (5 V). The
sensor resistance (R) was determined by measuring the output voltage
across the sensor. The chemoresistive response was then defined and
calculated as AR/Rg = (R — Rg)/Rg, where Ry is the baseline resistance
before exposure and AR represents the change in resistance during gas
exposure. A schematic of this circuit is shown in Fig. 1-d. All CNTs-based
sensors worked at an operating temperature of 25°C.

Exposures towards ammonia, acetone, ethanol, acetic acid, and
water vapor were performed at room temperature and in laboratory air
with a starting relative humidity (RH) of about (50 + 10)%. Exposure
time was set at 3 min, followed by recovery in room air.

In detail, the analytes were produced from a liquid source; indeed, a
vial containing few drops of the analyte is placed near the sensors and let
evaporate; different concentrations have been achieved changing the
liquid volume inside the vial. We consider the starting time of the
exposure the instant when the vial is placed near the sensors, while re-
covery time is defined as the time taken by the sensor signal to recover
from its maximum response value to 90% of the total signal change
toward the initial baseline after removal of the target gas.

For each exposure, the effective analyte concentration was experi-
mentally determined using the calibrated commercial TGS2602 sensor.
All calibration curves are based on the concentration values measured
by this reference sensor, not on the nominal liquid volume.

All measurements were performed using the same vial type, opening
geometry, sensor-vial distance, and chamber configuration.

For ammonia, which is commonly the gas used to test the perfor-
mances of new developed sensors, and for ethanol, i.e. the main VOC
present in wine, multiple exposures were used to draw the calibration
curves by plotting the sensor response (AR/Ry) as a function of the gas
concentration.

After exposures towards synthetic gas, wine vapours were tested. In
detail, wine was inserted into a flask, closed with a cap connected with
two small tubes. One of the tubes was connected to a syringe, the other
to a plastic bag, where the e-nose was inserted. Air was inserted in the
flask through the syringe, to make the wine bubbling. In this way, wine
vapours enter the second tube and were sent to the bag containing the e-
nose. Wine vapours were left interact with the sensors for about 3 min,
then the bag is opened, and the e-nose can recover in fresh air. The set up
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for wine test is shown in Fig. 1-e.

All wine measurements were performed under identical experi-
mental conditions to minimize artefacts related to vapor delivery. For
each test, bottles were freshly opened, samples were at room tempera-
ture, and for each test a new plastic bag was used to avoid carryover or
memory effects. Relative humidity and temperature were continuously
monitored and remained stable during all wine exposures, while the
alcohol content was comparable for all wines (=10-11% v/v). Sparkling
wines (Prosecco and Prime Rose) were not degassed; they were
measured using the same protocol as still wines, and the successful
discrimination of all samples will indicate that classification is not
dominated by CO: release or bubbling-related effects, but by differences
in the overall volatile aroma profile.

2.4. Statistical analysis

To evaluate the e-nose capability to discriminate gases, data from
exposures to five different analytes were processed using Principal
Component Analysis (PCA), whereas for wine aging and wine discrim-
ination, in addition to PCA, Linear Discriminant Analysis (LDA) and
Mahalanobis distance calculations were exploited. All chemometric
tools were carried out in the R environment.

PCA is an unsupervised chemometric approach used to reduce the
dimensionality of a dataset while maintaining the highest variance. It
transforms the original variables into a series of orthogonal principal
components (PCs), where PC1 captures the largest variance, PC2 the
second largest, and so on. The goal is to map the data into a two- or
three-dimensional space in which the tested gases can be clearly
distinguished [40,41]. LDA, on the other hand, is a supervised chemo-
metric technique that considers class information for each sample. It
assumes identical covariance within each class and focuses only on the
covariance matrix of the data. Unlike PCA, LDA seeks to maximize the
separation between classes while minimizing the spread of data within
each class, producing a reduced-dimensional space defined by discrim-
inant factors. This often yields better class separation than PCA,
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facilitating classification tasks. Additionally, LDA supports both training
and testing phases for the dataset [42].

The performance of the LDA-based classification was quantitatively
evaluated using accuracy, precision, class recall, and F1-score,
computed on the independent test sets. Precision, recall, and F1-score
were first calculated for each wine class using a one-versus-rest
approach and then summarized using macro-averaging to provide an
overall performance metric independent of class size. These metrics
allowed a more comprehensive assessment of classification performance
beyond overall accuracy, particularly in terms of class-specific
discrimination capability.

Finally, Mahalanobis distance was applied within the LDA-
transformed space to measure how far a given type of wine lies from
the center of each class cluster, providing an alternative method for
identifying unknown samples. A Mahalanobis distance of a selected data
point is smallest for the class to which it most likely belongs. The al-
gorithm was implemented in R, exploiting the tool in [43].

Before applying PCA, LDA, and Mahalanobis distance analysis, all
the three datasets for gas, wine aging and wine classification tests were
pre-processed by column mean-centering.

3. Results and discussion

To characterize the samples, several EDX single spectra have been
acquired on the 7 prepared layers on silicon substrate (batchl), to avoid
charging effects, and representative spectra are shown in Fig. 2-a.

The SDS used for the dispersion of CNTs contributes to the Ko peaks
of Na and S, at about 1.1 keV and 2.3 keV, respectively, while the silicon
substrate results in the presence of a weak Si Ko peak at 1.7 keV, which
intensity is the same in all spectra collected for all samples, indicating
that the thickness of the layer is almost the same in all samples. The O Ka
peak is detected in all samples, at about 0.5 KeV. C Ka peak is detected at
0.3 keV and it is mainly related to the CNTs layer, while ZnPc contribute
to the Zn La peak at 1.0 keV.

The aim of EDX analysis is mainly to qualitatively verify a relative C/
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Fig. 2. (a) Representative EDX spectra collected on the functionalized samples. (b) C/Zn ratio as function of the prepared samples. (c) Representative Raman spectra
acquired on the plastic substrate (black trace), ZnPc powder (light green trace), bare CNTs (red trace) and on the functionalized samples (blue, pink, yellow, purple,

light blue, green traces).
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Zn ratio trend. The results, reported in Fig. 2-b, reveal a clear decreasing
trend in the C/Zn ratio from Sample A to Sample F, indicating a pro-
gressive increase in the ZnPc content relative to the CNTs contribution.
The error bars represent the standard deviations obtained upon several
measurements in different regions of the samples and demonstrate a
good homogeneity of the ZnPc/CNTs intermixing. This systematic
reduction in the C/Zn ratio confirms the successful modulation of ZnPc
content in the prepared samples.

To assess the chemical composition of the samples, in particular as
regard the presence of SDS in the layers, quantification of Na, S and C
have been performed from the EDX spectra. In SDS, the theoretical mass
ratio of Na:S is 23:32. However, as reported in Table S1, EDX quantifi-
cation of the prepared samples shows that the Na content is consistently
slightly higher than the expected value. This excess of Na can be
attributed to trace sodium contamination originating from the water and
glassware used during sample preparation. To ensure a reliable evalu-
ation of the SDS content among the samples, the sulfur signal was
therefore taken as the reference. Specifically, the C/S ratio was evalu-
ated and found to be nearly identical for all samples, indicating com-
parable SDS content and making it unlikely that variations in surfactant
residue account for the systematic trends observed with ZnPc
concentration.

Of note, the overlap between the Na Ko and Zn La peaks visible in
Fig. 1a was resolved automatically by the JEOL EDX analysis software
(SMILE), which deconvolutes overlapping peaks based on reference
spectra and fitting algorithms.

Characteristic Raman spectra collected on the prepared samples
(batchl), on the plastic substrate and on ZnPc powder are reported in
Fig. 2-c. All the spectra have been collected in a 1200-1800 cm ™! range,
since ZnPcs present a strong luminescence at higher wavenumber [44],
which make it difficult to recognize peaks related to CNTs. The CNTs
sample (red curve) shows the G-band, with the G~ and G™ contributions
at 1568 cm™! and 1587 cm™!, respectively, and the D-band at
1305 cm™! [45]. The plastic substate contribution (black curve) is
mainly related to the peaks at 1280 cm ™!, 1610 em ™}, and 1725 em ™.
The main characteristic peaks of ZnPc are located at 1505 cm ™!,
1340 cm™}, and 1430 cm™! and 1448 cm™!. For the functionalized
samples, contribution from both CNTs and ZnPc can be observed, with a
ratio between the two intensities that decreases from Sample A to
Sample F, qualitatively confirming once again the increase of the ZnPc
content. The ZnPc bands in the composite remain consistent with those
of the powder, supporting molecular integrity after processing. Finally,
SEM images collected on representative samples (Figure S2) show a
similar fibrous and interconnected CNTs network for all functionalized
samples. No significant macroscopic morphological changes are
observed with increasing ZnPc content, supporting that the functional-
ization process does not alter the overall CNT structure.

Resistance baseline, Raman and EDX analysis were performed also
on the second prepared batch, revealing reproducibility of the prepa-
ration protocol (Tables S2, S3 and Figure S3).

Ammonia is considered as the optimal gas to perform preliminary
test on sensing capability of nanostructured-carbon-based chemir-
esistors [46,47]. Thus, we first expose the samples described in Section
2.1 and reported in Table 1, batch1, to ammonia. An example is reported
in Fig. 3-a.

To draw the calibration curves, multiple exposures to ammonia at
different concentrations, ranging from O to 52 ppm, have been per-
formed, and the results are shown in Fig. 4-a. The sensor response is
calculated as AR/Rg, where Ry is the baseline resistance before exposure
and AR represents the change in resistance during gas exposure. A
Freundlich isotherm (AR/Ro = y + A-[NH3]?°") was used to interpolate
the data, revealing a sub-linear trend, typical of carbon-based chemir-
esistors [25,48-50]. The calibration curves clearly indicate that func-
tionalization enhances the sensing response of bare CNTs and that the
response increases with the ZnPc content: the lowest response is
observed for sample A, followed sequentially by samples B, C, D, E, and
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F.

Also the recovery time is improved upon functionalization, as can be
seen in Fig. 3: indeed, while CNTs sample does not fully recover from
ammonia exposure within approximatively 30 min, all the functional-
ized samples achieved complete recovery, with sample F being the the
best-performing also in terms of recovery. It is worth noting that,
compared to values reported in the literature [25,51-54], the observed
recovery times are consistent, although they remain too long for inte-
gration into a continuous food quality monitoring chain, where recovery
on the order of a few seconds is typically required [55]. Nevertheless, for
wine discrimination purposes, the recovery times achieved are entirely
suitable and do not limit the practical application of the device.

To improve recovery times of CNT/ZnPc chemiresistors to meet in-
dustrial level requirements, several strategies can be considered. Ther-
mal or UV-assisted desorption can accelerate the release of adsorbed
volatile compounds from the sensor surface, while mild airflow or
pulsed heating can help restore baseline resistance more rapidly
[56-58]. These strategies can be explored in future works.

To assess the batch-to-batch reproducibility, 4 prepared samples
were selected and tested in pairs towards ammonia, in order to evaluate
variations between the two different batches. Only four sensors per
batch were considered, as the platform can host up to eight sensors. The
selected sensors were CNTs, and samples A, C, and F, to test different
ZnPc concentration. The results, reported in Figure S4, demonstrate
comparable sensor responses across batches, within the experimental
measurement uncertainty (below 5%).

In addition to ammonia, calibration curves have been drawn also for
ethanol exposures, in a 0-105 ppm range, being ethanol the main VOC
present in wine (Figs. 3-b and 4-b), considering only samples from
batchl. As in the case of ammonia exposures, also for ethanol tests an
increase of the resistance is observed, and it is also clear that better
performances in terms of response and recovery time are observed for
the functionalized samples. In particular, CNTs sample shows a very
week response towards ethanol, almost in the noise, which is clearly
enhanced and with a positive trend within the increase of ZnPc con-
centration in the functionalized samples. A sublinear behaviour of the
response vs concentration is observed also in the case of ethanol, and
Freundlich isotherm has been selected to fit the calibration curves.

The detection limit (dl), i.e. the lowest concentration that the sensor
can detect, was evaluated through the formula 56/Rg =y + A [dI]P®"
[39,59], where o is the fluctuation of the electrical signal, and A, y and
pow are the fitting parameters obtained from the Freundlich isotherm
(Fig. 4) and reported in Table S4. The evaluated dl are reported in
Table S4. As can be seen, for ammonia the dl is always in the ppb range,
while in the case of ethanol Samples C, D, E and F exhibit a dl in the ppb
regime, while CNTs, Samples A and B present a dl of some tens of ppm.
In both cases, the dl is in general lower for the functionalized sensors
compared to the CNTs one. The obtained dl are in line or even better to
similar CNT- and carbon-based chemiresistors, especially for ammonia
detection [44,50,59-64].

Regarding the sensing mechanism, the observed increase of the
resistance value upon exposure to ammonia suggests that all layers
exhibit an overall p-type character, which is consistent with the p-type
nature of the CNTs-based layers. SWCNTs detect ammonia mainly
through charge-transfer due to Van der Waals interactions between the
gas molecule and the nanotube surface. Indeed, when the N atom of
ammonia molecules faces the surface of SWCNTs, they transfer electrons
to the nanotube surface [64,65]. Since pristine SWCNTs generally
exhibit p-type semiconducting behaviour [66,67], due to oxygen
adsorption from air, this electron donation leads to a partial neutrali-
zation of the majority hole carriers, resulting in a decrease in the hole
concentration. Consequently, the electrical resistance of the SWCNT
network increases. Regarding the functionalized samples, let us consider
at first the situation in air. Under ambient conditions without target
gases, an electron charge transfer occurs between CNTs and ZnPc,
slightly modifying the carrier concentration in the nanotube network
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[68-71]. It is worth to notice that we observed a gradual increase of the
baseline resistance upon functionalization (Fig. 3), from about 2.9 kQ of
the CNTs sample to about 1.8 MQ of sample F, suggesting that the charge
is transferred from the ZnPc molecules to the CNTs network. In partic-
ular, it is important to further comment on the progressive increase in
baseline resistance observed with increasing ZnPc functionalization,
which is attributed to electronic effects rather than to a loss of network
percolation. Indeed, SEM images confirm that all samples retain a
continuous and interconnected CNTs network. At the microscopic level,
ZnPc molecules can modify CNT-CNT junctions and induce
charge-transfer interactions, locally increasing tunnelling barriers and
modulating carrier density without disrupting macroscopic electrical
connectivity. Consequently, the resistance variation reflects intrinsic
electronic modulation of the CNT network rather than morphological
degradation or percolation artifacts.

Let us consider the sensing mechanism upon exposure to ammonia,
when the gas molecules donate electrons to the CNTs but also to the
ZnPc, either through interaction with the macrocyclic n-system or, more
efficiently, with coordination to the central Zn** ion, which increases
electron density in ZnPc [69,72,73]. This additional electron population
is partially transferred to the CNTs, reducing the hole concentration and
leading to the measurable increase in the resistance value. The experi-
mentally observed correlation between ZnPc content and ammonia
response is consistent with this sensing mechanism: indeed, increasing
the ZnPc concentration, there is an increase in the number of active sites
available for the charge-transfer interactions, i.e. a higher number of
Zn** ions.

As for ethanol exposures, considering pristine CNTs, the sensing
mechanism is mainly governed by weak charge-transfer interactions.
Ethanol molecules, possessing a polar hydroxyl group, can act as mild
electron donors via their oxygen lone pairs or influence the local
dielectric environment upon physisorption [74,75]. This electron
donation decreases hole concentration in CNTs, resulting in an increase
in electrical resistance. When CNTs are functionalized with ZnPc, the
sensing mechanism is influenced by the additional interaction pathways
provided by the phthalocyanine molecules. Ethanol can interact with
ZnPc through hydrogen bonding between its hydroxyl group and the
macrocyclic nitrogen atoms, as well as through weak donor-acceptor
interactions with the n-conjugated system [76]. These interactions can
modulate the electronic structure of ZnPc and facilitate charge transfer
to the CNTs, amplifying the sensing response.

To summarize, previous studies have demonstrated that ZnPc acts as
a preferential adsorption site for different classes of gas molecules:

electron-donating species such as ammonia interact strongly with the
central Zn* ion through coordination [69,72,73], whereas polar VOCs
such as ethanol preferentially interact with the n-conjugated macrocycle
via donor-acceptor and hydrogen-bonding interactions [77]. In both
cases, ZnPc effectively concentrates the analyte at the sensor surface,
enhancing charge-transfer to the underlying carbon nanotube network.

Finally, long-term stability and reproducibility of the sensor response
have been proven for ammonia as a representative analyte. As shown in
Figure S5, sensor responses recorded up to 4 months after fabrication
remain consistent with the calibration trends within experimental un-
certainty, indicating no significant degradation over this period. Even
after 12 months from the sensors preparation, the response towards
ammonia is still reasonably stable, showing a signal loss of below 5%.

Datasets similar to those reported for ammonia and ethanol in Fig. 3
have been collected for exposures to acetone, acetic acid and water, with
the aim of probing the discrimination capability of the array. Histograms
reported in Fig. 5 have the purpose to show the responses of the e-nose to
the 5 selected target molecules expressed as the sensor response AR/Ry,
evaluated for the highest concentration tested of each analyte. All the
sensors respond to all the tested analytes, and the functionalization al-
ways enhance the response.

A 8 x 41 response matrix has been used to perform chemometric
analysis, being 41 the exposures performed at different concentrations
of the 5 tested gases, and 8 the sensors composing the e-nose. Indeed, in
addition to the 7 CNTs-based sensors, also the response from the com-
mercial RH (relative humidity) sensor has been added to the matrix.
Indeed, water vapor, represented as relative humidity, is recognized as
one of the main interfering gases affecting a sensor performance. Peng
et al. demonstrated that varying RH levels can significantly impact data
clustering when analysed using PCA [78]. We have previously imple-
mented a method to properly consider this aspect: adding the RH sensor
response directly into the PCA data matrix can improve the separation of
different gases within the PCA space [25,61].

The PCA results are reported in Fig. 6. In the spaces defined by PC1
and PC2 (Fig. 6-a) and by PC1 and PC3 (Fig. 6-b), distinct separation
among all tested gas molecules is achieved. Additionally, consistent with
previous findings on arrays based on carbon nanomaterials [79], each
gas cluster displays a clear concentration gradient, where concentration
levels diminish progressively along PC1, from the right to the left. The
loading plots (Fig. 6-¢) can provide additional insights on the contri-
bution of each sensor toward the gas molecules discrimination. All the
sensors, except RH, basically equally contribute to the discrimination
along PC1, while the main responsible of discrimination along PC2 are
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RH and CNTs sensors, which interestingly are negatively correlated to
all the other sensors, and sample D dominates PC3 discrimination. From
the loadings we can clearly conclude that all the sensors are necessary to
achieve such discrimination.

It is worth noting that the sensing strategy adopted in this work does
not rely on highly selective single sensors, but rather on an array of
partially cross-sensitive elements whose combined responses are inter-
preted through multivariate analysis. While individual sensors respond
to multiple analytes, the overall response patterns enable clear
discrimination at the system level, as demonstrated by the PCA sepa-
ration of five wine-related volatile compounds (Fig. 6). This array-level
selectivity is further validated by the successful discrimination of real
wine vapors, which are intrinsically complex mixtures of VOCs,

indicating that cross-sensitivity is effectively handled by the chemo-
metric approach.

Additionally, regarding the selectivity, the e-nose was intentionally
designed to target key wine-related compounds associated with aging
and spoilage, such as ethanol, ammonia, acetic acid, acetone, and water
vapor. Other aroma constituents commonly present in wine, including
esters and terpenes, were not individually tested. However, their inter-
action with ZnPc-functionalized CNTs is expected to be weaker due to
their lower polarity and reduced charge-transfer capability compared to
the selected target analytes [80,81].

Once the capability of the e-nose to discriminate the tested analytes,
which are related to wine and wine aging, has been assessed, exposures
to wine vapours have been performed. At first a generic white wine for
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cooking has been used and its spoilage has been tracked. PCA has been
performed on an 8 x 26 data matrix and the results, reported in Fig. 7-a,
display the discrimination of cooking white wine samples at three
different stages: freshly opened (blue circles), after three weeks of
opening (orange squares), and expired one year prior the opening (red
triangles). Notably, the clusters corresponding to each condition are well
separated along PC1, with the expired samples positioned on the far left,
the three-weeks opened samples in the centre, and the freshly opened
samples on the right. This clear distinction highlights the progressive
chemical changes in the wine detectable by the e-nose over time. The
green arrow indicates the trend of sample aging or degradation. It is
worth noting also the spread of the single data points inside each cluster:
for the freshly opened wine, the e-nose is able to track the differences
from bottle to bottle, indicating sensitivity to subtle compositional dif-
ferences even among samples of the same type. In contrast, the 3-weeks
opened and expired wine clusters show more compact groupings, sug-
gesting that aging or degradation of the products cancelled the differ-
ence among the different bottles.

Regarding the loadings, sample F exhibits the strongest positive
loading along PC1. Interestingly, sample F is the sensor that in general
exhibit the highest response towards all the gases identified as markers
of wine aging. Regarding PC2, all sensors contribute positively with
similar magnitudes, except for the RH sensor, which shows a negative
loading. This suggests that PC2 may capture variance potentially linked
to subtle changes in the sensor array response to chemical constituents
in the wine.

Overall, the data demonstrate that the e-nose, particularly when
considering the combined responses weighted by PCA, effectively dif-
ferentiates cooking white wine samples based on storage time and
freshness.

Finally, 6 different wine types have been tested, namely Chardonnay,
Lugana, Pinot grigio, Prime Rose, Prosecco and the cooking white wine.
All the wine present similar alcohol percentage, i.e. about 10-11%. A
8 X 49 data matrix has been used and the PCA results are reported in
Fig. 8.

The PCA score plots show clear separation among the six wine types,
with PC1 explaining 69.11% of the total variance and PC2 and PC3
accounting for 14.88% and 10.56%, respectively. The distinct, non-
overlapping clusters indicate that the e-nose effectively discriminates
between wine varieties. The loading plots reveal that for PC1, CNTs and
Sample A contribute positively while the remaining sensors contribute
negatively, suggesting complementary sensing behaviour. PC2 loadings
are relatively balanced across sensors, whereas PC3 is dominated by a
strong positive contribution from Sample D. These results highlight the
combined role of multiple sensing elements in enhancing classification
performance.

Sensors and Actuators: B. Chemical 458 (2026) 139753

In particular, for both gas and wine experiments, considering the
loadings (Figs. 6¢, 7b,d and 8c), no single sensor dominates the PCs
responsible for class separation; instead, discrimination arises from the
complementary responses of the full sensor array. This indicates that
reducing the number of sensors would likely decrease the information
content and compromise classification performance. The RH sensor also
plays an active role beyond interference monitoring, contributing
significantly to higher-order PCs by capturing humidity-related variance
intrinsically associated with wine vapours, thereby improving the
robustness of multivariate discrimination.

Additionally, it is worth pointing out that, as mentioned in Section
2.3, although sparkling wines (Prosecco and Prime Rose) were not
degassed and they were measured using the same protocol as still wines,
the successful discrimination of all samples clearly indicate that classi-
fication is not dominated by CO: release or bubbling-related effects, but
by differences in the overall volatile aroma profile.

PCA is an unsupervised chemometric tool that does not allow for
probability of classification, making it unsuitable for direct performance
quantification. On the contrary, LDA allows for a predictive and quan-
titative analysis. LDA uses a training dataset to determine the optimal
linear combination of sensor outputs, maximizing inter-class separation
while minimizing intra-class variability. Once trained, the model can
project test data into the discriminant space, enabling identification of
previously unknown samples. To this purpose, the 49 data collected
from the 6 wines have been divided into 2 subsets for training and
testing; different ratio between training and testing data will be tested.
Internal cross validation (CV) of the model has been assessed with CV
segment equal to 6: building the model, the LDA algorithm randomly
removes 6 datapoints and uses these data to test the newly built model,
providing an accuracy of the model itself. In Fig. 9 the LDA space ob-
tained from a training dataset that contains 35 data point is reported.
Considering this LDA model, the test dataset composed by of 15 un-
identified data has been used to validate the model. The model has been
able to recognize and correctly assign each point to the correct class,
achieving a prediction accuracy of 100%.

To further probe the LDA capability, several different combinations
of training-test datasets dimension (i.e., 49-0, 35-14, 30-19, 27-22,
25-24, 23-26 and 20-29), have been considered and the obtained ac-
curacy of internal validation and prediction are reported in Fig. 9-b. The
cross-validation accuracy ranges from 100% to 97.5%, while prediction
accuracy goes from 100% to 98%.

The performance of the LDA-based classification was quantitatively
evaluated using accuracy, precision, class recall, and F1-score,
computed on the independent test sets. In particular, these parameters
are constant to 1 for the 49-0, 35-14, 30-19, 27-22 training-test data-
sets, since the accuracy is 100%. We thus report precision, class recall,
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and Fl-score for the 25-24, 23-26 and 20-29 training-test datasets,
considering the worst-case scenario for each sub-set. The representative
confusion matrices are reported in Tables S5, S7, S9 and S11, whereas
the evaluated precision, class recall, and F1-score for each class are re-
ported in Table S6, S8, S10 and S12. The mean precision values are 0.97,
0.94, 0.94, and 0.94; average class recall 0.93, 0.92, 0.93 and 0.93,
whereas the Macro-F1 score is 0.96, 0.92, 0.93 and 0.92. These results
represent the lowest limit and demonstrate that, even in the worst per-
formances cases, the Macro-F1-score mean class recall and mean pre-
cision support the consistency of the analysis and the trustfulness of the
results.

Finally, after external validation it is possible to investigate the

10

distance of each point in the test dataset from the different gas clusters,
generated by the LDA model, and recognize the belonging class as
function of the distance: the smallest distance identifies the class which
the point belongs to. To carry out this task, Mahalanobis distance al-
gorithm, being the most exploited for classification, has been considered
in the case of the model reported in Fig. 9, and an example of the ob-
tained results are reported in Fig. 10.

In this particular example, it is clear that point 1 belongs to the Prime
Rose, point 2 to Pinot, point 3 is a Lugana, point 4 is the cooking white
wine, point 5 is the Chardonnay and point 6 is a Prosecco.

The Mahalanobis distance analysis provides a complementary,
distribution-based interpretation of the LDA results. While accuracy,
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precision, recall, and F1-score quantify the classification performance,
the Mahalanobis distance directly measures the statistical separation
between class distributions in the feature space, taking into account
their covariance. Large inter-class Mahalanobis distances indicate
limited overlap between class clusters and, consequently, a reduced
probability of misclassification. This behaviour is fully consistent with
the high precision and recall values and with the low level of confusion
observed in the corresponding confusion matrices (Table S5-512).

The present results then support the application potential for this e-
nose, even with a relatively small dataset, such as the one reported in
this study. While PCA performs remarkably well in the discrimination of
each gas contribution, for a practical application where prediction is
required with a specific accuracy, LDA should be preferred.

11

4. Conclusion

This work demonstrates the successful development and application
of a SWCNT-based e-nose functionalized with ZnPc for wine quality
monitoring and discrimination. At first, the enhancement of sensing
parameters, including response, selectivity and recovery time, thanks to
the ZnPc functionalization has been assessed, as well as the discrimi-
nation capability of the e-nose towards wine-related volatile com-
pounds, including ethanol, ammonia, acetic acid, acetone, and water
vapour. A clear correlation between ZnPc content and sensing perfor-
mance has been found, justified considering the sensing mechanism.

Wine has then been tested; at first to follow the evolution of aging
and spoilage of a generic cooking white wine, and then to probe the
discrimination capability of the e-nose towards 6 different wine variety.
Chemometric analysis confirmed the e-nose robust discrimination
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capability in both tests. In detail, the e-nose successfully tracked wine
aging stages in a PCA 2D-space, detecting chemical profile changes be-
tween freshly opened, partially aged, and expired samples. PCA enabled
also a clear separation of the different tested wines, while LDA and
Malhanobis distance provided quantitative classification with remark-
able prediction accuracy in distinguishing between the six commercial
wines.

In this study, the analysis was intentionally restricted to commer-
cially available white wines from the same region and with comparable
alcohol content, to reduce confounding variables and assess the intrinsic
discrimination capability of the e-nose under controlled conditions.
Despite this conservative scenario, clear separation among wine types
and aging stages was achieved, indicating high sensitivity to subtle
differences in volatile composition. Wines from different regions, red
wines, or samples with varying alcohol content are expected to exhibit
even more pronounced differences in aroma profiles and sensor re-
sponses and will be the subject of future investigations aimed at
extending the generality of the proposed approach.

Compared with existing e-nose technologies applied to wine anal-
ysis, our CNT/ZnPc chemiresistor array presents complementary ad-
vantages. For example, compared to the MOX-based e-noses [82,83] or
resistive microheater arrays [84] used to discriminate wines, the pro-
posed CNT/ZnPc array operates at room temperature without the need
for heaters, offering lower power consumption and simpler hardware
compared to most MOX systems that require elevated operating
temperatures.

Additionally, the functionalization tunability of CNTs with varying
ZnPc concentrations allows tailored sensitivity and cross-sensitivity
profiles, which can enhance discrimination of chemically subtle differ-
ences. This flexible design is less accessible in traditional MOX arrays.

Finally, it is worth to mention that the demonstrated long term sta-
bility under laboratory ambient conditions suggests that the sensors can
maintain reliable performance over extended periods, a key requirement
for industrial applications. The intrinsic chemical robustness of SWCNTs
and metal phthalocyanines, combined with room-temperature opera-
tion, minimizes degradation from thermal and chemical stress. These
properties indicate that the sensor array is well-suited for practical
deployment in industrial environments, where long-term reliability and
reproducibility are critical.

In summary, these findings highlight the potential of CNT-ZnPc e-
nose as compact, rapid, and low-cost tool for objective wine quality
control and authentication. While the current study focused on white
wines from a specific region, the methodology is readily extendable to
other varietals, production areas, and beverage sectors.
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