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Plant virus diseases represent a major issue in agriculture, with relevant economic impact. The correlation be-
tween the plant health status and the emission of characteristics volatiles has been well established in the
literature of analytical chemistry. However, the development of a cost-affordable technology suitable to work in-
field for the automatic detection of these olfactive signals remains a major challenge in gas sensing. In this work,
we investigated the use of metal oxide gas sensors working with temperature modulation to detect the outbreak
of tomato spotted wilt virus infection in tomato plants, chosen as a relevant case study. To handle sensor-to-
sensor reproducibility issues and plants’ individualities we designed experiments comprising 8 plants per
time, each equipped with a dedicated sensor. Considering the complex time dependence of plants’ emissions and
infection-independent interfering effects, we adopted an analysis method exploiting the signals from the whole
network. Results indicates that the proposed technology detects the outbreak of infection through the detection
of an anomalous signals from individual sensors with respect to the common behavior of the network, and is
potentially suitable for autonomous, non-invasive, in-field operation. Polymerase Chain Reaction and Gas-
Chromatography Mass-Spectroscopy characterizations suggest that the sensing system respond mainly to vola-
tiles of plant tissues damage. These results indicate the potentialities of this technology for the development of a
distributed network aimed at a non-invasive monitoring of plants health status in greenhouses.

1. Introduction

The automatic and early detection of virus-infected plants inside
greenhouses or even in open field through a distribute network of cheap
sensors would be a great economic and technological advancement. This
would allow to drastically reduce the crop damage by taking counter-
measures to limit the infection spread. To give an idea of the economic
burden, in 2014 plant virus pandemics and epidemics were estimated to
have a global impact of more than USD 30 billion [1]. Sensing the vol-
atile organic compounds (VOCs) emitted by infected plants is a prom-
ising route to accomplish this task. Indeed, it has been well documented
that plants emit a broad spectrum of VOCs upon biotic and abiotic
stresses [2,3]. The emitted volatilome is a complex mixture of several

VOCs, including terpenes, alcohols, esters, aldehydes, whose concen-
trations feature time dependence, reflecting the different stages of the
metabolic response of the plant and environmental condition variations
[4-6]. Methyl salicylate (MeSa) is widely reported as marker of biotic
and abiotic plant stress [7-9], its release starting a few hours after
inoculation and reaching a peak within a couple of days [7]. However,
these results have been recorded by means of very efficient, but
expensive, laboratory techniques such as Gas Chromatography coupled
with Mass spectrometry (GC/MS) and Proton Transfer Reaction (PTR).
Achieving these results with cheap and portable instrumentation suit-
able for in-field operation remains a major challenge. Indeed, MeSa
concentration lies in the low ppb range [71, which is quite hard to detect
for most of solid-state gas sensors, particularly in real scenarios. The
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detection of VOCs originating from necrosis and tissue damages looks
more feasible. Their concentration may reach the order of 10 ppm in
case of severe infection, accounting for the contributions of volatile
products from the lipoxygenase pathway (LOX products, due to leaf
membrane degradation) and monoterpenes (due to glandular trichomes
degradation) [10].

Considering the complex composition of the target atmosphere, the
electronic nose (EN) technology, which is based on a sensor array with
broad sensitivity and a pattern recognition software [11,12], is prom-
ising. Metal oxide (MOX) gas sensors are among the widest explored
devices for the development of electronic noses, owing to their reduced
size and power consumption, their mechanical and chemical robustness,
as well as the possibility to tune their sensing properties over a wide
range, which can be done by properly designing the sensing material
[13-15] and its activation method, namely the working temperature or
UV-light exposure [16-19].

To cite some relevant examples in agritech applications, Zhou et al.
and Ghaffari et al. used a commercial EN coupled with a custom head-
space sampling system to spot rice plants attacked by Nilaparvata lugens
[20], and tomato plants infected by powdery mildew (Oidium lyco-
persicum) and spider mite [21]. Cellini et al. [22] tested commercial
sensing systems with the aim of detecting bacterial infections of Erwinia
amylovora and Pseudomonas syringae pv. syringae on apple plants. Cui
et al. [23] built a custom EN optimized for the diagnosis of
aphid-stressed tomato plants. The EN technology revealed also suc-
cessful in discriminating between non-infested and emerald ash borer
infested trees on the basis of volatiles emitted by the tree sapwoods [24].
In all the above-mentioned papers, bulky systems have been used, which
are not suitable to work in-field in a distributed network. Moreover,
these ENs use a source of clean air as a reference, which is readily
available in the laboratory but may be hardly compatible with in-site
operation. Temperature modulation is a promising approach to solve
these issues. Since the reaction rates of analyte gases vary with tem-
perature, a cyclic variation of the working temperature can give a
unique signature for each gas through the sensor resistance vs time
curve, Ry(t), which can be used as input of the pattern recognition
software [25]. This approach reveled suitable to address selectively for
different target gases, both diluted one-by-one in air [26,27] and mixed
in complex blends [27-29]. Selectivity in presence of varying levels of
humidity was also demonstrated [30,31]. In principle, the temperature
modulation mode allows to develop a compact sensing system based on
a single gas sensor. Moreover, since the device response is related to the
shape of the Ry(t) curve instead of a single resistance value, the use of a
reference air is not necessary [32,33]. This means that the sensing sys-
tem do not need to recover any baseline, the rate of its output is thus
only limited by the thermal period, and it may be considered an almost
real time monitoring. Further considering the small size typical of
temperature-modulated metal-oxide gas sensors, these features are
fundamental for the realization of a network of sensing systems
distributed over the greenhouse area.

In this paper we investigated a prototypal network of lightweight and
cheap sensors exploiting temperature modulation as a possible techno-
logical solution for automatic detection of infected plants inside a
greenhouse. In particular, we have used Solanum lycopersicum L. cv.
Marmande plants and tomato spotted wilt virus (TSWV) as pathogen. In
view of the possible exploitation as a distributed network of devices,
accounting for sensor reproducibility between nominally identical de-
vices and differences between individual plants is a fundamental issue.
To this aim, we designed our experiments with 8 replicas (every session
involves 8 tomato plants, each equipped with a dedicated sensor de-
vice). Our work indicates that, upon a proper data analysis, information
about the health status of the plants emerges over strong interfering
effects arising from environmental and plant transpiration effects that
are intrinsic in this application. Results highlight the potentialities of
this technology for the development of a distributed network aimed at a
non-invasive monitoring of plants health status in greenhouses.
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2. Materials and methods
2.1. Sensors and data acquisition

Our Sensing system was composed by a compact (size is about
25 mmx90 mm x 10 mm), USB-controlled, data acquisition platform
(MOXstick by JLM Innovation GmbH, [34]), equipped with a single
metal-oxide (MOX) gas sensor (TGS 2620 by Figaro USA Inc.).

Temperature modulation was used with a thermal period of 50 s. The
heater voltage was kept at 3 V for 25 s (cold semi-period) and at 4 V for
the remaining 25 s (hot semi-period). The data acquisition sampling
time was set to 0.5 s. As an example, Fig. 1 reports the voltage applied to
the heater and the sensor resistance vs time curve acquired in the
headspace of a healthy plant. To resume the shape of this curve, for each
thermal period we extrapolated a set of 14 parameters working as input
features for data analysis. As detailed in Supplementary Material, 1, data
pre-processing and feature selection were applied to reduce noise and
work with relevant (not redundant) features. Selected features are listed
in Table 1.

To monitor the temperature (T) and relative humidity (RH) inside
the bottles (setup details are in 3), we used a combined RH/T sensor
(TSPO1B by Thorlabs Inc.). The sampling time was 50 s to match the
thermal period of the MOX devices.

2.2. Plants growth, inoculation and genetic diagnosis of infection

Tomato plants (S. lycopersicum L. cv. Marmande) were cultivated in a
growth chamber under controlled conditions, namely a 16/8-hour day/
night photoperiod, of 25 °C and 18 °C day/night temperatures, and 70%
relative humidity. Three-week-old plants were mechanically inoculated
with the TSWV isolate 1244 (PLAVIT collection). The inoculum was
prepared from freshly infected leaves of Nicotiana benthamiana, which
were homogenized in an inoculation buffer containing 0.05 M potas-
sium phosphate buffer (pH 7.0), 1 mM EDTA, 5 mM DIECA, and 5 mM
thioglycolic acid. Carborundum (600 mesh) was used as an abrasive
agent to facilitate inoculation, and the leaves were rinsed with water
immediately after inoculation. Mock-inoculated plants were inoculated
with an extract of a healthy leaf.

At the end of each measuring session, a single leaf from each
experimental tomato plant was harvested, and a crude sap extract was
obtained using the method described in [35]. Subsequently, 5 uL of the
crude extract was boiled in 50 pl. of RNase-free water for 5 min.
One-step Reverse Transcription quantitative Polymerase Chain Reaction
(RT-qPCR) was performed using primers and probes as described in
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Fig. 1. Time dependence of the sensor resistance (R;) and of the corresponding
squared wave voltage applied to the heater (V3) to modulate the sensor tem-
perature. The shaded central area highlights an individual thermal period. The
extreme values of R and the times delimiting the hot (t; and ¢,,) and the cold (¢,
and t,) thermal periods are reported as a reference for the selected features
listed in Table 1.
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Table 1
List of the selected sensor features extracted from the sensor resistance vs time
curve for each thermal period. The description refers to Fig. 1.

Sensor Feature description

feature

fi R, variation during the transition from the cold to the hot
semiperiod:
Ry(t) — min(Ry)

f2 R, variation during the transition from the hot to the cold
semiperiod:
Max(R;) — Ry(tm)

f3 R, ratio between the transition from the cold to the hot semiperiod:
Ry(t) / min(Ry)

fa R, variation during the cold semiperiod: Ry(t;,) — min(Rs)

fs R, ratio during the cold semiperiod: Max(Ry) / Rs(te)

fe Mean value of R, calculated over the cold semiperiod

f7 Median value of R; calculated over the cold semiperiod

fs Median value of R; calculated over the hot semiperiod

fo R; slope, extrapolated from a linear fit applied to the last 5 s of the

hot semi-period

[36], with 1 uL of the boiled extract serving as the template. M-MLV
Reverse Transcriptase (Thermo Fisher Scientific Inc.) and iTaq Universal
Probes Supermix (Bio-Rad Laboratories Inc.) were used for the reverse
transcription and PCR reactions, respectively, following the manufac-
turer instructions.

2.3. VOCs collection and GC/MS analysis

Volatile organic compounds (VOCs) were collected and analyzed
using gas chromatography-mass spectrometry (GC-MS). Sampling was
carried out in a 12 L modified glass bell jar containing non-flowering
tomato plants. The plants were illuminated by an LED fixture
providing approximately 170 pmol m™ s™'(corresponding to about
3.74 mW/cm?) of light under a 16-hour photoperiod. The environ-
mental conditions inside the bell jar were maintained at ~24 °C with
70% relative humidity. The glass bell jar was connected to an aspirating
pump via a glass plug with two openings, allowing a continuous flow of
ambient air into and out of the jar. Incoming air was filtered through
cotton gauze and mixed with the internal environment of the bell jar at a
flow rate of 150 mL min™".

For VOC collection, a Stir Bar Sorptive Extraction (SBSE) system was
used to adsorb compounds from the headspace. A polydimethylsiloxane-
coated Twister stir bar (0.5 mm thickness, 10 mm length; Gerstel, Ger-
many) was placed in a glass liner connected to the outlet of the bell jar,
allowing headspace air to pass over it. Adsorbed VOCs were thermally
desorbed from the SBSE using a Gerstel TDU-CIS system. The com-
pounds were cryo-focused at —30 °C before injection and analysis by
GC-MS (Agilent 5975 mass spectrometer coupled with an Agilent
6890 N gas chromatograph).

Separation was achieved using a non-polar DB-5MS capillary column
(30 m length, 250 pm i.d., 0.25 pm film thickness; 5% phenyl arylene,
95% polydimethylsiloxane). Helium was used as the carrier gas at a
constant flow rate of 1.0 mL min™'. The oven temperature program was
as follows: initial temperature 60 °C (1 min), ramped at 3.0 °C min™' to
230 °C (2 min), then ramped to 320 °C at 15 °C min~* and held for 5 min.

The mass spectrometer was operated in electron ionization (EI) mode
at 70 eV. Acquisition parameters for the quadrupole detector were set in
autotune mode, with the ion source at 150 °C and the quadrupole at 230
°C. Mass spectra were acquired over a range of m/z 50-550. VOCs, when
present, were identified by comparison of their mass spectra and
retention indices (Kovats indices) with reference standards and by
matching against the NIST 98 and Adams (2001) libraries using the NIST
Mass Spectral Search Program v2.0.

Sensors and Actuators: B. Chemical 460 (2026) 139921
3. Experiment design: setup and specifications

Each experimental session (Fig. 2) consisted of 8 tomato plants
(S. lycopersicum L. cv. Marmande) placed together over a common saucer
inside a climatic chamber (MCT 120 by Angelantoni scientifica, Massa
Martana, Italy), set to 25 °C. Four plants out of eight were previously
inoculated with TSWV isolate 1244, while the other four were mock
inoculated. A commercial 3000 K LED strip was mounted inside the
chamber and set on in the time interval 6 AM - 21 PM (15 h of light per
day and 9 h of darkness), providing an optical power of about 0.25 mW/
cm?, as measured with a photodiode (818-UV by Newport Corp., Irvine,
USA); during the day the optical power coming into the chamber from
outside was < 200 nW/cm?. Plants watering was accomplished by a pipe
that comes out from the chamber through a hole. Water flowed through
the pipe and reached the saucer where the water level was maintained
constant at about 3—4 mm. In this way, watering was carried out without
opening the thermostatic chamber, which would break the environ-
mental conditions of the experiment.

To keep the volatiles emitted by plants confined as much as possible,
each plant was enclosed inside a PET plastic bottle that was fixed to the
plant pot through PARAFILM® and duct tape. The soil inside the pot was
covered with aluminum foil to avoid the growth of mold and fungi
which could alter the VOCs profile inside the bottle. Before sealing the
bottle to the pot, a sensing system was placed inside each bottle. As
shown in Fig. 2 (B), the sensing system stay suspended at half height of
the bottle and doesn’t touch the ground. Though this setup is likely to
introduce an abiotic stress to plants owing to the reduced air exchange
around them, such an additional stress will apply to both healthy and
infected plants. Since our study is of comparative type, we may
reasonably expect that it will not markedly affect our results. A relative
humidity and temperature sensor was introduced (details are in 2.1). All
the cables came out from the upper holes of the bottle, ran out of the
chamber through a hole and reached the USB port of the PC used for data
acquisition. The hole of the chamber was plugged with a cotton pad to
prevent the entry of dust and to better maintain temperature inside the
chamber.

A webcam was installed inside the climatic chamber to better
monitor the course of the disease and to have some time information
about symptoms development.

Before the start of the experiment the gas sensors were pre-heated in
temperature modulation mode for about 7 days for stabilization in
ambient air.

Plants heights and leaves number were noted at the beginning and at
the end of each measuring session.

In this paper we present the data obtained in two different experi-
mental sessions, named A and B.

4. Results and discussion
4.1. Genetic diagnosis and plants symptoms

RT-qPCR analysis revealed that in session A zero out of four virus-
inoculated plants resulted infected, while in session B, all the four
virus-inoculated plants resulted infected at the end of the session. The
result of session A is likely due to a low viral titer in the inoculum.
Though inoculum was not effective, session A offers an interesting
comparative case study with session B, as discussed in 4.

Infection symptoms were further confirmed by visual inspection of
plants at the end of each session. In session B, all negative plants
increased their height during the experiment and did not present any
necrosis on their leaves (Fig. 3 (B) and (C)). Differently, all positive
plants did not display any height increase, but exhibited necrosis at the
optical microscope investigation, with leaves showing bronzed color
(Fig. 3 (B) and (C)), in agreement with previous studies on TSWV
infected plants [37]. Severe symptoms were observed in plants B1 and
B7, whose leaves showed more abundant necrosis regions with respect
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Fig. 3. Plants symptoms and RT-qPCR analysis. Plant heights measured at the beginning and at the end of the experiment and RT-qPCR results acquired at the end of
experiment for (A) session A and, (B) session B. (C) optical microscope comparison of leaves from infected (pos) and not-infected (neg) plants of session B.

to other inflected plants of the same session (details are in Supplemen-
tary Material, 2). In session A, positive plants did not show any symp-
toms and were indiscernible from the negative ones, in agreement with
the RT-qPCR analysis (Fig. 3 (A)).

The growth of negative plants during experiments and the good
status of their leaves indicate that the reduced air circulation of our
setup did not appreciably hinder the physiological growth of plants. We
may reasonably conclude that virus-induced stress was the most relevant
plant stress in our experiments.

4.2. GC/MS analysis

Considering the complex time dependence of volatile emission from
plants, GC/MS analysis was carried out collecting the volatiles for a
period of 72 h at different times, namely in the temporal ranges of 72 —
144 h and 168 - 240 h since inoculation. No major differences between
the chromatograms of control tomato plants and infected plants were
detected in the first test, while distinct chromatographic patterns
emerged in the second one. As shown in Fig. 4 (A), the volatilome
emitted by control plants is composed of 19 different peaks. In contrast,
infected plants present a more complex and intense profile. The 19 peaks
show an increased intensity, and about 43 additional peaks are present.
Among the most abundant compounds, five were identified, namely
ethanol 2-butoxy, ethyl octanoate, benzaldehyde, acetophenone and
succinic acid ethyl 2-octyl were identified. Over-emission of benzalde-
hyde and the release of acetophenone are reported in the literature as
correlated to biotic stress of tomato plants [6], and as a characteristic
emission of wounded leaf in Solanaceae plants [38], respectively.

It is further worth of analyzing the chromatograms sorted by the

peak areas, as reported in Fig. 4 (B). Indeed, peak areas are proportional
to VOCs concentrations. Though the proportionality factor may vary
from compound to compound, variations are usually limited, and the
distribution of peak areas can be reasonably considered a good indicator
of the gas concentration distribution. Fig. 4 (B) clearly indicate that the
target odor is not dominated by a few compounds, but it is composed of a
complex and rich blend of VOCs, whose concentration profile is char-
acterized by a long, slowly decaying tail. The sum of the 10 most intense
peak areas is almost equal to sum of the remaining tail (peaks from 11th
to 62nd).

These results clearly illustrate the complexity of the target odor,
whose chemical composition is highly heterogenous, including alcohols,
aldehydes, ketones, aromatic compounds and esters, none of these
dominating over the others. Because of this, we retain that the sum of
compounds, i.e. the whole volatilome, is the target in this application.
Accordingly, we chose to work with a MOX sensor featuring a broad
sensitivity to alcohols and organic solvents such as the Figaro TGS 2620.

4.3. Overview of sensors data

Fig. 5 reports a brief overview of raw sensors data, namely the Ry(t)
curves acquired at two different times of the experimental session B. It
shows important effects arising from challenges that are intrinsic of this
application and that motivated the data analysis illustrated in Sections
4.4 and 4.5. Challenges may be expected from the working conditions
and the small VOCs concentrations released by plants [7]. Indeed, as
detailed in Supplementary Material, 3, relative humidity is very large,
close to the saturation level, and remains almost constant for the whole
duration of experiments. Such a large humidity is known to reduce the
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sensitivity of MOX-based sensors owing to competing adsorption effects
[39]. Though temperature modulation allows for the exploitation of
features suitable to mitigate these effects [30,31], their impact is surely
relevant. Indeed, the target volatilome is a tiny odor diluted in a large
amount of humidity background, which is influenced by both environ-
mental factors and the transpiration of plants. In these conditions,
sensor-to-sensor differences that affect metal oxide gas sensors [40], and
plant-to-plant variations are likely to become relevant. They may
reasonably explain Fig. 5, in which sensors/plants do not group ac-
cording to the plant health status.

So far, instead of looking for absolute values of the raw sensor data or
the related features, we decided to calculate features of the whole sensor
network, in contrast to features of individual sensors, and to look for
their time evolution, instead of static values. As it will be shown in the
next part of the manuscript, this approach will allow to discriminate the
plant status over the mentioned interfering effects. These effects will be
further discussed in the framework of the proposed analysis in 4.5.

For instance, it is worth noting that Ry(t) variations over the long-
time scale (hundreds of hours) are also evident in Fig. 5, tough at the
raw-data level it is not possible to assess whether these variations arise
from the plant growth along the experiment and environmental varia-
tions, or from the release of virus-induced VOCs.

As the first step to reduce the dependence from sensor and plant
individualities, and to emphasize, for each plant, the variation of the
emitted VOCs with respect to the initial condition, sensor features were
normalized to the initial conditions of the experiment, i.e. from(t) =
(f(t) — fini)/fini» Where fi; is the mean of the feature values calculated
over the first 4 h of stable measurement. Stable means after the stabi-
lization time occurring once the sensor working with temperature
modulation is placed inside the bottle containing the target plant.

4.4. Data analysis approach

The time dependence of the plant volatilome composition is a major
challenge in this application. Though analytical techniques provide very
useful information, a detailed time-resolved knowledge is almost
missing. This hinders the precise labelling of the detected atmospheres.
Indeed, even if a plant may be considered infected since the time of the
inoculation, the volatilome is the real quantity detected by any olfactive
technology, and its development may exhibit a complex time-
dependence following the dynamics of the plant metabolism [10]. In
principle, given this unknown-labels condition, the task of clustering
sensor responses into the ‘positive-odor’ and ‘negative-odor’ may be
addressed by means of unsupervised techniques. We applied methods
such as principal component analysis (PCA) and k-Means but we didn’t
achieve any useful clustering. We retain this result arises from the weak
infection-related emission, as compared to the much larger variations
induced by effects discussed in 4.3, such as the large humidity and the

Sensor N./ Plant N.

—S3 /B1 (pos)
—S4 /B2 (neg)
—82 /B3 (neg)
~——818/ B4 (pos)
——815/ B5 (neg)
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—S16 / B8 (pos)

& =
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Fig. 5. Overview of raw sensors data.
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natural plant aging. In these conditions, supervised techniques are more
effective than unsupervised ones for discrimination, however they
require an a priori knowledge of the proper odor label, which is actually
missing. For these reasons we have defined a mathematical function,
that we named A, which considers the features from the whole network
to assess when responses of all sensors exposed to infected plants differ
from responses of all sensors exposed to not-infected plants.

To define this function, we refer to Fig. 6 (A), which reports three
explanatory cases that may occur during a measurement session with p
sensors (from 1 to p) exposed to positive plants and n sensors from (p + 1
to n + p) negative plants. The function is calculated at each measure-
ment time and for each feature, considering all the n + p sensors of the
given experimental session. For a given sensor feature we have p feature
signals and n feature signals with the same length, defined on the same
time base. For the given time t and feature f, the boundaries (minimum
and maximum) of the subsets of sensors exposed to positive and negative
plants are given by:

minge, = min{fi (6).£>(0), . f5(0) }
MaX,e = max{fl(t), £(0), o fo(0) }
Mine = min{pr () fos2(0), oo Fpen(t) }

MaXpeg = Max {fPH (), for2(t), ..., foun(t) }

Based on these extremes we may define a = max{maxpgs, max,wg} -
min{minge,, Milneg }, f = min{maxyes, MaXneg } — mMax{mingos, Minye b,
and the function A = f/a. Its MATLAB® code is reported in the Sup-
plementary Material, 4.

It is worth noting that A is defined on the same time base of the
features and provides, for each given time, a measure of the distance
between the positive and the negative intervals spanned by all the
sensors. For example, the three conditions ty, tj, ts, shown in Fig. 6 (A),
corresponds to the experimental results reported in Fig. 6 (B) and (C) at
t ~ 186.4h, t = 122h, t ~ 244.4h, respectively, for f3 norm and A(f2 norm)
measured in Session B.

Negative values of the function A correspond to a complete separa-
tion between the two classes (no common intersection) while positive
values correspond to a non-zero intersection between the two classes.
The more negative the value is, the larger is the separation. The function
A, calculated feature by feature and for each measurement time, allows
to understand which features are suitable to discriminate between the
two classes (i.e. are sensible to the VOCs emitted by positive plants) and
eventually when differences take place.

(A) Normalized (B)

sensor feature, f,,m 0.4+

-
Positive b
interval

p/ |/ L W
¥ \
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4.5. Exploratory data analysis

4.5.1. Features selection and odor-labelling

Fig. 7 shows the functions A calculated for all the features listed in
Table 1, for session B. The functions A can be divided into two groups,
one group is given by functions calculated from features 3, 4, 9 (Fig. 7
(A)), while the other group is composed of the functions calculated from
the remaining features, Fig. 7 (B). The functions A belonging to the first
group don’t show negative values, except for occasional spikes, while
those of the second group show negative values for several time intervals
of appreciable length (some hours). This provides an additional criterion
for feature selection. Indeed, only features of the second group, namely
features 1, 2, 5, 6, 7, 8, differentiate between negative and positive
plants and are thus selected for the following analysis. Fig. 7 (B) reports
the function A of the selected features and shows an interesting oscil-
lation pattern between positive and negative values in the time window

o ‘lk ‘ '1>'l!' l‘}
0.5 f | i ‘*llu ‘

A(ta.norm) 7A(14.norm) 7A(f9.norm)
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Fig. 7. Functions A in session B. (A) functions A calculated from the normal-
ized sensor features 3, 4, 9, which are unsuitable to identify the health status of
plants. (B) functions A for the normalized sensor features 1, 2, 5, 6, 7, 8, which
are suitable to identify the health status of plants. Solid and dashed grey lines
indicate the start of light- and darkness-periods, respectively.
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approximately from 175 to 325 h post inoculation. Within this time
window all the functions A decrease quickly after the start of the light
period, reaching a minimum at about half of the light period (sometimes
before, at about 1/3 of the light period), then increase their value slowly
and with the start of the darkness period they increase quickly, reaching
positive values. Remembering the meaning of the function A, inside that
time window the features 1, 2, 5, 6, 7, 8 differentiate between positive
and negative plants during the light period and don’t during the dark-
ness period. This behavior agrees with the literature of plant volatiles,
which reports a light/darkness dependence of the VOCs emission profile
[10], and with our GC/MS analysis, which confirmed that no major
differences emerge between infected and healthy plants before a period
of about 168 h (4.2). We may thus reasonably consider this pattern,
namely the alternation of negative and positive A values in correspondendce
of the ligh and darkness perids, within the time window of about 175-325 h
post inoculation, as the characteristic comparative pattern of infection.

As an example, Fig. 6 (B) displays fonorm and the corresponding A
function. During the daylight separation periods, feature 2 values of
positive plants lie above the negative ones, while they decrease and
overlap with the negative ones during the darkness periods (except for
one positive signal relative to a plant with severe symptoms which stays
always above the others).

4.5.2. Humidity and environmental effects

As discussed in 4.3, the large humidity level is a major challenge in
this application. However, both RH and T inside the bottles remain
almost constant for the whole experiment, with minimal temperature
variations ranging between about 27.8 and 28 °C induced by LED illu-
mination switching on and off (Figure S7 and Figure S8), and equally
apply to both healthy and infected plants. So far, even if all these
environmental factors are surely playing a role, they are likely to act as a
constant bias effect and are not expected to hinder the discrimination
capability of the sensor network in our experiment, which is designed as
of comparative type.

4.5.3. Plant physiology effects

Concerning the role of plant transpiration, positive dwarf plants
feature a smaller surface than negative grown plants (Fig. 3). This will
reasonably introduce a difference about transpiration and photosyn-
thesis activity rate and thus in the emission of humidity and oxygen. It
could thus be questioned whether the positive/negative difference
observed during the light periods effectively arises from the VOCs
pattern, or from the different plant surface. However, if the latter case
will apply, we shouldn’t observe positive values of the function A in the
last days of the experiment (325-375 h in Fig. 7). To further confirm
this, we performed an additional experiment in which sensors exposed
to healthy plants, thus subject to transpiration effects, were compared
with sensors placed in empty bottles (no plant inside), thus not experi-
encing transpiration. Figure S9 shows the functions A calculated for this
experiment, which represent the transpiration pattern. It presents
important differences with respect to the pattern of Fig. 7 (B). First, the
pattern of Figure SO is visible since the beginning of the experiment and
continues till the end, as it might be reasonably expected from transpi-
ration effects. This differs from Fig. 7 (B), whose pattern occurs in a
limited period. Moreover, f3 norm is unsuitable to support the pattern of
Fig. 7 but is the best feature for the Figure S9 pattern, showing A
< 0 during both the light and darkness periods. Yet, fg norm is meaningful
in Fig. 7, but shows A > 0 (i.e. no discrimination) for almost the whole
experiment of Figure S9. Since different features are generally sensitive
to different compounds, this further indicate the different nature of the
patterns shown in Fig. 7 and Figure S9. Owing to these arguments,
though humidity and the transpiration area certainly play a role, we
retain that the A-function pattern observed in Fig. 7, namely A
< 0 during the light periods in the time window approximately from 175
to 325 h post inoculation, reflects the different emission of VOCs by
positive and negative plants.
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4.5.4. Sensor-to-sensor and plant-to-plant differences

Before to proceed further, it is worth noting that nominally identical
sensors may present some differences owing to preparation tolerances.
We may further question whether the observed differences between
positive and negative plants effectively arise from the infection status of
plants or from differences that may distinguish the sensors employed
with infected plants from those employed not-infected plants. To rule
out this case, the function A has been applied to a dataset where the
infection-label of a randomly selected positive plant was switched with
those of a randomly selected negative plant. Being 4 positive and 4
negative there are 16 possible switching combinations, which are re-
ported in Figure S10. None of the Figure S10 sub-plots show the same
light/darkness oscillating pattern of the A function observed with the
original right labels. This confirms that the pattern of Fig. 7 is related to
the difference between positive and negative plants and is not due to
sensor to sensor or plant to plant similarities or other external quantities.

With the same aim of confirming the effectiveness of the function A
to discriminate between infected and not-infected plants we applied it to
data of session A (in which inoculation was not effective, as confirmed
by RT-qPCR in Fig. 3 (B)). Results are reported in Figure S11, where A
remains positive for the whole experiment, and the pattern of Fig. 7 (B)
is not present at all, thus confirming its correlation with the infection
status.

4.5.5. Discriminating healthy and infected plants, concluding remarks

Based on these results and their agreement with GC/MS analysis, A
can be reasonably considered an indicator of volatile emissions related
to the infection status and can thus be used as a reference for the posi-
tive-/negative-odor labelling, corresponding respectively to time in-
tervals of A < 0 and A > O respectively.

Fig. 7 further indicates that the proposed technology can detect the
infection within about 1 week (180-200 h) since virus inoculation. This
detection time may compete with the times of other detection ap-
proaches, such as GC/MS (160-200h, 4.2) and visual inspection
(150-170 h, Figure S6). However, the main advantages of MOX sensors
rely on their suitability for an automated, in-field operation at a reduced
cost, with no need of dedicated personnel, which are hardly compatible
with other methods.

It is also worth noting that we worked with Figaro TGS-2620 sensors,
however we retain that our results are not unique of this sensor, but
other MOX sensors may offer similar performance. Owing to the het-
erogeneous composition of the target odor, we may reasonably expect
that gas sensors featuring broad sensitivity and good responses to one or
more key compounds identified in 4.2 should fit to this application.
Additionally, we envisage that gas-sensing materials exhibiting a
reduced sensitivity to humidity, such as those reported in the dedicated
literature [39,41], are likely to be promising for this application.

4.6. Supervised model

4.6.1. Feature selection for the supervised model

The function A has been fundamental to investigate when the sensor
network detects differences between healthy and infected plants; how-
ever, the calculation of A requires the a-priori knowledge of the plant
status and will not be useful in a real application where the sensor
network is deemed to provide this information. To overcome this limi-
tation and develop a suitable model, it is worth noting that all the
normalized sensor features 1, 2, 5, 6, 7, 8 selected in 4.4 show the
following common characteristics. During A < 0 periods, features of
positive plants tend to increase faster than those of negative plants at the
beginning of the light times, while they tend to decrease faster once the
light is switched off (Fig. 6 (B)). These different growth rates are at the
base of the separation between the signals of the two classes, which is
measured by the A.

If positive plants’ features will increase more than the negative ones,
this means that a (with reference to Fig. 6 (A), a is the total amplitude of
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the whole interval) will increase its value after the start of the light
period and will decrease after the light has been switched off. This
analysis indicates that the key dynamics of the network signals are
referred to the beginning of the light and dark period. To properly
extrapolate this information, a is thus considered on a day-by-day basis
and, for each day, it is normalized to its value at the start of the corre-
sponding light period (Fig. 8). The profile of the normalized a, hereafter
called a*, is conveniently resumed by means of 3 new network features,
Diight> Pdark> Paygr» Whose definition is reported in Table 2 and schemati-
cally shown in Fig. 8 (B). @, and thus a* and the related ¢ features, does
not require any a-priori knowledge about the plant health status and can
thus be computed in real-time from the sensors network in the real-
scenario application.

4.6.2. Application of the supervised model

Thinking to the real-world scenario, given a network of sensors
placed in different points inside a greenhouse, the most likely condition
is that the infection outbreak will start from a single plant and so will be
registered by only one sensor. To mimic this condition with our data
(features values relative to 4 positive and 4 negative plants) we hy-
pothesized to have a network composed of 4 sensing systems placed on 4
different plants. 3 out of 4 plants must be negative, so there are only two
possibilities: 3 negatives with a positive (hereafter 3N-1P, this is the case
of infection outbreak at a single point, as previously explained) or 4
negative (hereafter 4 N, in this case there is not an infection outbreak).
3N-1P gives a total of 16 different combinations in our experiment (4
combinations for the 3 N and 4 for 1 P, so a total of 4 x4 =16), while 4 N
gives a single possible combination. So far, we have a total of
16 +1 =17 combinations for the considered 4 sensing systems
network.

Each of the 17 combinations comprises 12 full days, and there are 5
days with A <0 (labeled as “negative-odor”) and 7 days with A
> 0 (labeled as “positive-odor”). So, the 16 3N-1P combinations give
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Table 2
Network features extracted from the a normalized profile (Fig. 8 (B)).

Feature extracted from the
normalized a

Description

Mean of the normalized a calculated in the 25-33%
duration range of the light period

Mean of the normalized a calculated in the 17-22%
duration range of the dark period

PDiight — Pdark

Network feature ¢y,
Network feature ¢ g

Network feature ¢ g

the input of the supervised algorithm. The same is done for each of the
other f3 56,78 norm features to compare their performances. Results are
summarized in Table 3, referring to the following hyperparameters for
KNN: k =10, distance metrics=euclidean, distance weight=squared
inverse, standardize data=yes; and to the following hyperparameters for
the coarse tree: maximum numbers of splits= 4, Split criterion=Gini’s
diversity index, surrogate decision split=off. KNN applied to ¢ features
calculated from f7 porm exhibits the largest prediction accuracy (93.1%).
Fig. 8 (C) reports the confusion matrix, the false positive and the false
negative probabilities are around 10.7% and 3.6% respectively.

5. Conclusions

In this work, we developed a prototypal sensing system for the non-
invasive, on-site, tracking of the health status of tomato plants, using
TSWV as target infection. Our system consists of a network of

Table 3
Supervised models prediction accuracy computed for each selected feature listed
in Table 1.

Input features Accuracy weighted Accuracy Coarse

KNN tree
16 x 5 :.80 ne.gatlve-odor. d.ays and 16 >< 7 :“112 .posmve;odor rgermoms i mom: 93.1% 90.7%
days, while the single combination 4 N provide 5 “negative-odor” days PaigFrnom)
and 7 “positive-odor” days. In total, the input dataset is composed by Biighe(Fo,norm)s Petark (o, norm)s 87.7% 88.7%
80 + 5 = 85 “negative-odor” days and 112 + 7 = 119 “positive-odor” Paifr(f2,norm)
days. The dataset size is then 85 + 119 = 204. As validation scheme, ¢lg’f(ﬁ;'°"")m’J¢d“’k(f5’"ﬂmJ’ 89.2% 83.8%
. . . . . diff(f 5,n0
cross-validation w1.th 5 validation folds has been used. For each sele'cted SignFonms baarFonom)s 87.3% 82.8%
feature two supervised models, KNN and coarse tree, have been trained dbagFs norm)
and validated. Since features fi 356,78 norm show a similar behavior Bright(f7,norm)> Ddark(F7,norm)> 89.7% 88.2%
(Fig. 7 (B)), they are separately tested. Starting from fi norm, the Pagg(f7,norm)
3 * 3 3 ¢light(fB,norm)’ ’/’dark(f&norm); 81.9% 79.9%
respective a* and ¢jighs, Pdark, Pdiff are calculated as detailed in Table 2 bgomm)
and Fig. 8 (B), and the vector composed by the three ¢ features is used as WG
(A) 0.4 —virus-inoculated, severe symptoms — virus-inoculated, mild symptoms (C)

—_ —mock-inoculated, not infected

0
200 225
Elapsed time since inoculation [h]
(B)o.
“E Plight
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:\_j\’ “dark
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Fig. 8. Development and performance of the KNN model. (A) Detail of the sensors’ features f3 norm in the time interval 204-228 h, in session B. (B) Extrapolation of
network features Diighe and ¢y, from the normalized a (a*) computed from f5 ;orm. (C) confusion matrix of the KNN model calculated from a* (fi norm) of session B.
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commercial gas sensors based on metal oxides working with tempera-
ture modulation, featuring reduced costs and size, suitable to develop a
cost-affordable network for in-field operation in greenhouses. To handle
issues in sensors’ reproducibility and individualities exhibited by
different plants, we designed our experiments in sessions considering 8
plants at time, each having a dedicate sensing device, and we developed
a data analysis method that exploit features of the whole network,
instead of individual sensors. Supported by GC/MS and RT-qPCR anal-
ysis, this method allowed us to achieve a reasonable time-resolved
labelling of the plants’ odors, suitable to train a supervised model.
This labelling is fundamental to account for the complex time depen-
dence of VOCs emissions from plants, which depends on the dynamics of
plants metabolism and symptoms manifestation. The network, coupled
with a supervised model based on KNN, revealed able to detect the
outbreak of infection as the occurrence of an anomalous signal from one
sensor with respect to the normal trend of the network. These results
suggests that metal oxide gas sensors represent a promising technology
to develop distributed networks aimed at monitoring the health status of
plants in-field.
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