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Background: This study aimed to test the potential of nondestructive optical techniques for classifying
sustainable-produced tomatoes according to a) growing practices; b) levels of water use (WUE) and partial factor
productivity of nutrients (PFP). Three distinct hydroponic growing techniques for water and fertilizer use were
applied over two cultivation cycles for two varieties (cv ‘Carminio’, and cv ‘Mose’): i) free drain open cycle
cultivation (OPEN); ii) open cycle cultivation with on-demand sensor-based fertigation (SMART); iii) closed cycle
cultivation (CLOSED). Hyperspectral images (HSI) in the Vis-NIR and NIR range, as well as reflectance spectra
obtained through Fourier Transform (FT)-NIR spectroscopy, were acquired throughout the harvesting period,
with approximately 300 fully ripe tomatoes obtained per variety. For each variety, partial least squares
discriminant analysis (PLS-DA) was initially employed to discriminate the three cultivation systems and subse-
quently distinguish two levels of WUE and PFP, per variety. Finally, the data obtained from both varieties were
combined and PLS-DA utilized to categorize three levels of WUE: LOW, MEDIUM, and HIGH.

Results: The PLS-DA models applied in external prediction for discriminating tomatoes of each variety according
the three cultural practices achieved accuracy higher than 79.55 % for data obtained with FT-NIR and HSI in the
Vis-NIR range, and lower for HSI (NIR). The performance increased when considering only two distinct classes
(based on WUE and nutrients PFP) with accuracy, specificity, and sensitivity higher than 86 %. General models
based on spectra obtained with HSI Vis-NIR, using data over the two varieties to classify tomato according to
three levels of WUE, yielded accuracy and specificity of 89.8 % and 91.7 %, respectively, utilizing only 20
variables.

Conclusions: Results of this study indicated the effectiveness of FT-NIR and HSI (Vis-NIR) techniques for
discrimination of tomato fruits cultivated with varying levels of water and fertilizers. Further validation of these
methods is needed before their widespread application to support the adoption of low input growing techniques.

1. Introduction

With the progression of agricultural science and technology in last
decades, sustainable agricultural practices such as precision agriculture,
sensor-based management of agronomic inputs, and organic farming
have gained increasing popularity due to their benefits in reducing
environmental impact as well as input costs, which bring higher profits
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to growers (Lubell et al., 2011). With raising efforts to increase the
amount of sustainably-produced products, the availability of tools that
make it possible to distinguish products also on the basis of the agri-
cultural practices adopted for their production is becoming critical.
Sustainability certification and labelling have become a must-have to
show the authenticity of the product, with specific reference to the
compliance of the production process with sustainable agricultural
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practices associated, to anyone worried about unfair market competi-
tion, including consumers and processors (Reid et al., 2006). In fact,
sustainability is becoming an important market leverage, and every tool
capable of attributing a clear sustainability rating to products is crucial
to the diffusion of sustainable practices and to prevent unfair commer-
cialization of non-sustainable products as sustainable. In this perspec-
tive, the higher prices paid for labelled sustainable products shoot up the
risk of frauds. Thus, there is a clear need of additional tools to prove the
authenticity of the product (Brooks et al., 2021). Conventional ap-
proaches such as molecular markers and other biochemical methods
along with morphological tests can accurately discriminate products
grown with different cultural practices. Even so, these methods are time,
cost, and labor consuming because they need sample preparation,
chemical analyses, expensive instruments, and expert people (Amodio
et al., 2017b).

Nowadays, among non-destructive analytical approaches in food
science, hyperspectral image analysis (HSI) and near infrared (NIR)
spectroscopy have been employed for different applications. Both
techniques allow obtaining the spectral fingerprint on the base of the
interaction between molecular structure of samples and the incident
light (Liu et al., 2017; Nicolai et al., 2007; Roberts et al., 2004; van de
Voort, 1992; Wu and Sun, 2013). NIR spectroscopy, and particularly
Fourier Transform-NIR (FT-NIR) spectroscopy, have been applied for
food authentication purposes (Roberts et al., 2004). The upside of
FT-NIR over regular IR spectroscopy is that it would perform the entire
source spectrum rather than individual wavelengths and apply a Fourier
transformation to convert the digital interferogram to a typical IR
emittance spectrum (van de Voort, 1992). HSI, on the other hand, is an
integration of imaging and spectroscopy, which provides spectral data
for each pixel. The superiority of this technique over spectroscopy is its
capability of generating maps and visualize the chemical composition of
a sample (Jiang et al., 2021; Liu et al., 2017; Pourdarbani et al., 2021;
Wu and Sun, 2013). Generally, for food application, detectors that are
sensitive in the visible-near infrared (Vis-NIR) and NIR are used. Several
studies have reported on the viability of using Vis-NIR and NIR-based
analysis to discriminate and assess the quality of fresh fruits (Amodio
et al., 2017b, 2017a; Ding et al., 2015; Feng et al., 2019; Kusumiyati
et al., 2019; Morellos et al., 2020).

Tomato (Solanum lycopersicum L.) is an internationally cultivated
crop that needs a lot of water to grow and provide high yield perfor-
mance (Cuartero and Fernandez-Munoz, 1998; Quinet et al., 2019). In
recent years, there was an increase in the soilless production of tomato
crops in greenhouses due to the scarcity of high-quality water for irri-
gation in many parts of the world (Savvas et al., 2013). The cultivation
of soilless tomatoes using various cultivation systems has been the
subject of numerous studies, outlining closed cycle cultivation and use of
smart technologies (i.e., sensor-based management of the cultivation
process) as promising approaches to increase the sustainability of the
production according to inputs use efficiency (Buttaro et al., 2015;
Djurovic¢ et al., 2016; Montesano et al., 2010, 2015). In fact, not all
management approaches in soilless cultivation are efficient enough ac-
cording to water and fertilizer use efficiency and productivity, and/or
environmental effects. For example, it was shown that with a poor
quality water and empirical irrigation management, the free drain open
cycle cultivation management jeopardizes the overall sustainability of
soilless cultivation, since 30-50 % of the total NS supplied to the crop is
commonly discharged into the environment as leaching fraction.
Nonetheless, in the Mediterranean area, characterized by low-tech
greenhouses, the closed-cycle nutrient solution recirculation is still
poorly adopted, and in most cases only semi-closed cycles (i.e. providing
periodic discharge of the recirculating NS when specific salts accumu-
lation set-points in the NS are reached) are actually achievable (Bou-
chaaba et al., 2015; Massa et al., 2020; Montesano et al., 2015). From a
regulatory perspective, open-cycle free drain cultivation is generally
permitted in most countries, with a few exceptions and limitations (e.g.,
the Netherlands). Even though regulations may not specifically target
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soilless cultivation, they impose certain limits that must be taken into
consideration in soilless cropping. In this perspective, it is worth high-
lighting that also in the case of the open free-drain cultivation, different
sustainability levels can be achieved, since water and nutrient use can be
improved, and their losses minimized, by the application of innovative
approaches, as the use of sensing technologies for sensor-based agro-
nomic inputs management, aiming at “zero emissions” (Massa et al.,
2020).

The constraints of producing tomatoes with reduced input of water
and fertilizers, as well as the importance of increasing the information
on the sustainability of the production, point out the need for a reliable
and fast non-destructive authentication method.

In this study, the utility of FT-NIR spectroscopy and hyperspectral
image analysis (HSI) was evaluated for discriminating tomatoes ac-
cording to i) cultural practices adopted in the production process, and ii)
their degree of sustainability in terms of water use efficiency (WUE) and
partial factor productivity of nutrients (PFP).

2. Materials and methods
2.1. Cultural practices and plant material

Aiming to obtain tomato fruits differing for the environmental
impact as an effect of different growing techniques, two cultivation
cycles, autumn-winter (August-December 2020) and spring-summer
(February-June 2021), were implemented at the experimental farm
“La Noria’’ of the Institute of Sciences of Food Production (CNR - ISPA)
in Mola di Bari (Southern Italy). Soilless cultivation was adopted, using
perlite as growing substrate and a nutrient solution (NS) complete of
macro and micro nutrients for plant fertigation obtained by mixing
fertilizers to irrigation water. Three different cultivation management
strategies were set: i) free drain open cycle cultivation (OPEN); ii)
improved open cycle cultivation providing on-demand sensor-based
fertigation for optimal control of NS supply and leaching according to
real plant needs (SMART); iii) semi-closed cycle cultivation, providing
NS recirculation and discharge at specific electrical conductivity (EC)
set-points (CLOSED). For the OPEN, NS was supplied in excess with
respect to plants consumption based on an empirically prefixed ferti-
gation schedule operated by a timer, according to the most common
practice in low tech greenhouse industry (e.g. typically in Mediterra-
nean area); the excess NS drained from substrates (typically ranging
from 30 to 50 % of the supplied NS in the common practice, with even
higher values in case of saline water usage) was not recycled for sub-
sequent fertigation events and accounted as discharged into the envi-
ronment; this practice generally is connected with the highest
environmental impact in terms of resources use (namely water and
fertilizers) and pollution implications. For the SMART treatment, NS
supply was managed by an automatic smart irrigation system (Canaj
et al., 2022; Montesano et al., 2018), based on real-time measurements
of growing substrate moisture (volumetric water content) and EC per-
formed by a wireless sensor network (GS3 sensor, Decagon Devices,
Pullman - WA, USA); occurrence of fertigation events and volume of NS
supplied per fertigation event was automatically adjusted based on
volumetric water content and EC variations in the growing substrate,
according to set-point values for both parameters, in order to maintain
acceptable water availability and salinity levels with minimum water
and fertilizers use and leaching into the environment. Finally, for
CLOSED system, NS supplied in excess and drained from substrates was
collected and recirculated for subsequent fertigation; according to a
generally adopted practice, the NS is recirculated until a predetermined
level of salinity considered detrimental for plants is reached, after which
the recirculating NS is discharged into the environment, thus resulting in
a semi-closed cycle. Closed cycle management is virtually the one
providing the lowest environmental impact, although implying several
drawbacks (nutritional imbalances linked to changes in the composition
of the NS over time, rapid detrimental fungal infestation via the recycled
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NS). In case of low-quality water use (typically brackish water) it may be
necessary to open the cycle frequently, with potential decrease of the
sustainability of this agronomical strategy.

In the autumn-winter cycle (August-December 2020) a cherry to-
mato variety (cv ‘Carminio’, Seminis-Bayer, Italy) was grown, and
brackish irrigation water containing 1 g/L NaCl was used to prepare the
NS, with a final EC=3.7 dS/m, in order to simulate a growing condition
typical in Mediterranean coastal regions where greenhouse tomato
cultivation is more widespread. In the spring-summer cultivation cycle
(February-June 2021), an intermediate tomato variety (cv ‘Mose’, Syn-
genta, Italy) and good quality irrigation water (collected rain water)
were used (final NS EC=2.2 dS/m).

The cultivation set-up consisted in a completely randomized block
design, with 3 replications per cultivation treatment, each one consti-
tuted by 15 plants providing tomato samples for subsequent analysis.

Irrigation water use efficiency (WUE = total marketable yield mass /
total irrigation water used volume) and partial factor productivity of
nutrients (N_PFP, K_PFP, P_PFP, Ca_PFP, Mg PFP = total marketable
yield mass / total nitrogen, potassium, phosphorus, calcium, magnesium
mass supplied as fertilizer in the NS, respectively, (Dobermann, 2007))
were used as indexes to discriminate the level of sustainability achieved
in the different production processes. A summary of WUE and nutrients
PFP performances resulting from the different growing conditions (in
terms of tomato variety and cultivation techniques) is reported in
Table 1. Within each variety, mean values of cultivation treatments were
subjected to the ANOVA analysis followed by Tukey test for means
separation (with STATISTICA 10.0 software, StatSoft, Tulsa, OK, USA).
This analysis allowed to discriminate on a statistical basis cultivation
systems according to the level of WUE and nutrients PFP, giving infor-
mation about the sustainability of each treatment.

After harvesting, tomatoes were transferred within 2 h to the Post-
harvest facilities of the University of Foggia. In order to standardize for
the maturity stage, only full ripe red tomatoes were used, with a total of
about 300 fruits for each variety. Due to time limitation for sampling,
not all fruit could be scanned in the same day. In this case, samples were
stored in controlled humidity conditions, at 15 °C for one or two days
and then scanned after leaving them at the room temperature /about
25 °C) for 3 h.

2.2. Obtaining hyperspectral images

The HS images were captured using a hyperspectral line-scan scan-
ner (Version 1.4, DV srl, Padova, Italy) outfitted with two spectrographs,
one in the Vis-NIR range and the other in the NIR region. The Vis-NIR
spectrograph (400-1000 nm) had a spatial resolution of 1000 x 2000
pixels with a spectral resolution of 5 nm and was connected to a CCD

Table 1

Irrigation water use efficiency (WUE = total marketable yield/total water sup-
plied) and partial factor productivity of nutrients (N PFP, K PFP, P PFP, Ca PFP,
Mg PFP = total marketable yield/total nitrogen, potassium, phosphorus, cal-
cium, magnesium supplied as fertilizer in the NS, respectively) achieved in
‘Carminio’ and ‘Mose’ cv under different cultivation conditions. Different letters
among the rows indicate statistical difference at the Tukey test (p < 0.05).

Autumn-winter growing cycle (Cherry tomato cv ‘Carminio’, brackish irrigation
water)

WUE N PFP K PFP P PFP Ca PFP Mg PFP
(kg MY/m® WS) (kg MY / kg nutrient supplied as fertilizer)
OPEN 15b 116 b 64 b 250b 125b 313b
SMART 26a 290 a 161la 629a 315a 787 a
CLOSED 16 b 124 b 68 b 268 b 134 b 335b
Spring-summer growing cycle (tomato Cv ‘Mose’, good quality irrigation water)
WUE N PFP K PFP P PFP Ca PFP Mg PFP
(kg MY/m® WS) (kg MY / kg nutrient supplied as fertilizer)
OPEN 12b 80 b 40 b 239b 80b 239b
SMART 18a 121a 60 a 36la 12la 361 a
CLOSED 17 a 128 a 64 a 383 a 128 a 383 a
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camera. As for the NIR spectrograph (900-1700 nm), the spatial reso-
lution was 600 x 320 pixels with a spectral resolution of 5 nm and it was
connected to a CMOS (Specim Spectral Imaging Ltd., Oulu, Finland)
with 50 frames per second, equipped with C-mount lenses. The device
was equipped with 150 W Halogen lamps through fiber optic bundles
and two light lines. The GigE vision was used as the interface with a 37°
field of view (FOV). Depending on the size of tomatoes, 6 to 15 tomatoes
were acquired in each scan, first with Vis-NIR and then with NIR scan-
ners. For calibration purposes, dark and white references were taken
before switching between the two spectrographs. Closing the shutter of
camera allowed for the acquisition of the black reference (0 % reflec-
tance), while a 99 % Spectralon reflectance standard was employed for
the white reference. Using Eq. (1), it was possible to determine the
reflectance of tomatoes (Tsouvaltzis et al., 2020)
H-B

R=%"5 W
where H stands for the raw hyperspectral image; B and W stand for the
acquired signals for the black and white references, respectively. The
surface characteristics of tomato fruit, as well as the existence of
directional radiations, may result in glare pixels. As a result, there is
spectrum distortion, which affects the quality of obtained information,
and therefore must be eliminated before processing the data. The Region
of Interest (ROI) consists of pixels that correspond to each individual
fruit, whereas glare pixels are deleted. A self-developed MATLAB code
was employed to detect ROI and retrieve the corresponding reflectance
data. Two grayscale images at two different wavelengths that showed a
higher contrast between the background and tomato fruit, and between
the background and the glare regions, were chosen for each tomato fruit.
The Otsu approach was then used to threshold and binarize the selected
images. After identifying the background and the glare pixels, with a
0 value for the background and glare regions and a 1 value for the pixels
of fruit skin which are not glare, a 2-D binary picture was obtained as a
mask. This mask later applied to all wavelength images to keep only the
ROI in each image. Finally, the reflectance values for each pixel of ROI
were extracted to generate a mean spectra for each individual fruit and
collected as a raw data in the dataset, where the columns correspond to
the number of wavelengths.

2.3. Obtaining FT-NIR spectra

Tomato fruits were subjected to Fourier transformed-near infrared
(FT-NIR) spectroscopy at room temperature (25 °C). Three scans of
different parts of each tomato fruit were collected by manually turning
the fruit (MPA Multi-Purpose FT-NIR Analyzer, Bruker Optics, Ettlingen,
Germany). A representative spectrum for each fruit was obtained by
averaging these three spectra. In reflectance mode, the device was set to
obtain spectrum across the 800-2777 nm range (sphere macrosample
resolution 1.71 nm, scanner velocity 10 kHz, sample and background
scan time 64 scans.) The instrument included a permanently aligned,
extremely stable ROCKSOLID interferometer and a high-energy air-
cooled NIR source (20 W tungsten-halogen lamp) (Bruker).

2.4. Maturity indexes and composition

Total soluble solid content (SSC) of the juice from each fruit was
measured using a digital refractometer (Atago N1, PR32-Palette, Tokyo,
Japan). A 5 g sample of juice was used to determine the titratable acidity
(TA) and pH using an automatic titrator (TitroMatic CRISON, Barcelona,
Spain). The samples were titrated up to a final pH of 8.1 against a 0.1
mol -1 NaOH solution, and the citric acid content per 100 g of sample
was recorded. With slight adjustments, the levels of vitamin C (Vit-C), -
ascorbic acid (AA), and 1-dehydroascorbic acid (DHA) were determined
as per (Zapata and Dufour, 1992).
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2.5. Data handling and analytics

The image and spectral data handling were carried out using MAT-
LAB R2020b (version 9.9.0.1467703, MathWorks, Natick, MA, USA) and
PLS_TOOLBOX 8.6 (Eigenvector Research Inc., Manson, WA, USA).
Spectral preprocessing, feature extraction, and model parameter opti-
mization are the most used functions for handling complex data (Vidal
and Amigo, 2012). The samples were first divided into calibration and
prediction (test) sets. The model was trained using the calibration set,
and it was then tested using the prediction set which was not used for
training purpose. The data splitting was carried out utilizing the
Kennard-Stone approach (Kennard and Stone, 1969): the calibration set
and the prediction set were each given 70 % and 30 % of the samples,
respectively. Then, in order to improve the performance or interpreta-
tion of discrimination, FT-NIR spectral and HSI data were preprocessed
to remove measurement artifacts. After that, defective spectral outliers
were identified and eliminated using "robustpls’ algorithm, which uses
the function ’rsimpls’ from the LIBRA Toolbox (kuleuven.be) (Hubert
and Vanden Branden, 2003).

Partial Least Squares Discriminant Analysis (PLS-DA) through
SIMPLS algorithm (Barker and Rayens, 2003; Sijmen Jong, 1993) was
used to discriminate tomatoes according to cultural practices, and to
WUE and nutrients PFP indexes. In order to choose the appropriate
number of latent variables (LVs) and prevent the calibration model from
being overfit, a venetian blinds cross-validation with 10 splits was uti-
lized. By maximizing the explained variance and optimizing the number
of variables, the best number of LVs was determined as described by
Ballabio and Consonni (2013). As for the first aim, PLS-DA was imple-
mented to discriminate the three treatments of cultivation approaches
-OPEN, CLOSED, and SMART- for each variety (Table 1). This involved
identifying the fundamental relationships (i.e. latent variables) between
the matrix of spectra and the vector of classes, and maximizing the
covariance between these two spaces. The second objective was to test
the capability of classifiers to differentiate tomatoes according to WUE
and nutrients PFP. With this aim for each experiment, different binary
classifiers were calibrated using PLS-DA to discriminate tomatoes ac-
cording to the two levels of WUE, resulting from the statistical analysis,
as reported in Table 1. For the ‘Carminio’ variety, OPEN and CLOSED
were not statistically different and differentiated from SMART,
whereases for ‘Mose’, SMART and CLOSED resulted in the same WUE
differing from OPEN. In order to create a more robust model with clear
distinctions, the datasets were combined, and the classes were redefined
into three levels: HIGH, LOW, and MEDIUM. The different classes used
for the discrimination models, in each experiment and in the general
model, are summarized in Table 2.

Finally, for the last classification model on three levels of WUE and
nutrients PFP, the interval partial least square (IPLS) variable selection
method was applied to find and select the best features or combination

Table 2

Assigned classes (i.e., 1, 2, and 3) for each discrimination objective on individual
dataset for ‘Carminio’ tomatoes and ‘Mose’ cv, and for combined datasets
(combining the two varieties).

Discrimination Classes

First Second Objective

Objective
‘Carminio’, autumn-winter, ‘Carminio’ ‘Carminio’ Combined
brackish water Datasets
OPEN 1 2 2 or “MEDIUM”
SMART 2 1 3 or "HIGH”
CLOSED 3 2 2 or “MEDIUM”
‘Mose’, spring-summer, good ‘Mose’ ‘Mose’ -

water

OPEN 1 1 1 or “LOW”
SMART 2 2 2 or “MEDIUM”

CLOSED 3 2 2 or “MEDIUM”
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of them (Ngrgaard et al., 2000) in order to simplify the model, enhance
the interpretability and its robustness, by eliminating non-relevant in-
formation, according to the fact that a model using a limited number of
wavelengths is more desirable, due to its high potential for industrial
applications and on-line control by replacing expensive and
time-consuming instruments to an efficient filter-based one. A repeated
double cross-validation (rDCV) technique, as described by Filzmoser
etal. (2009), was used to optimize the complexity of model, as well as to
carefully estimate the range of prediction errors to be expected for new
cases and to assess the robustness of model.

The effectiveness of PLS-DA models for classification was assessed. in
terms of Sensitivity (percentage of correctly identified positive in-
stances), Specificity (percentage of correctly identified negative cases),
and Accuracy (proportion of samples which were correctly classified);
and reported for calibration (Cl), cross-validation (CV), and Prediction
(Pr).

true positives

Sensitivity (SENS) = 2
ensitivity ( ) true positives + false negatives 2

true negatives

3

Specificity (SPEC) =
pecificity ( ) true negatives + false positives

true positives + true negatives
Accuracy =

true positives + true negatives + false positives + false negatives

4
3. Results
3.1. WUE, nutrient PFP, maturity indexes and composition

For ‘Carminio’ cv tomatoes cultivated in the autumn-winter cycle,
fruits collected from CLOSED system showed value of WUE similar to
OPEN, due to the frequent renewal of the recirculating nutrient solution
(NS) caused by NaCl accumulation; SMART exhibited higher WUE and
nutrient partial factor productivity (PFP) than OPEN and CLOSED
(Table 1). For ‘Mose’ cv tomatoes cultivated in the spring-summer cycle,
SMART and CLOSED showed similar performances, with significantly
higher use efficiency and productivity of inputs compared to open free-
drain growing conditions (Table 1).

Table 3

Quality attributes of ‘Carminio’ and ‘Mose’ cv tomatoes under different culti-
vation conditions. Data are shown as Mean + Standard Error. SSC (%); TA (g
citric acid /100 mL); AA, DHAA, Vit-C (g kg-1). Different letters indicate sig-
nificant differences by the ANOVA/Tukey-HSD (p < 0.05).

Mean + SE
Variety Quality OPEN CLOSED SMART
Attribute
‘Carminio’ pH 4.1+0.03ns 4.17 +0.03 4.11 + 0.03
ns ns
SsC 6.8+ 0.15b 7.5+0.19a 7.7 +£0.15a
TA 0.65 + 0.01 b 0.62 +£0.01c 0.68 +£0.01 a
AA 8.40 + 0.79 6.85 + 0.76 7.17 £ 0.81
ns ns ns
DHAA 16.82 + 3.02 12.99 + 2.89 2222 +
ns ns 3.07ns
Vit-C 25.23 +2.8 19.83 + 2.68 29.39 + 2.85
ab b a
‘Mose’ pH 436 +£0.03a 4.26 +0.02b 4.29 + 0.02b
SSC 5.5+ 0.19b 6.5+ 0.30a 6.1 +0.10a
TA 0.67 £0.02b  0.83+0.03a 0.75 + 0.03
ab
AA 8.10+0.59ns  10.03 + 0.57 9.66 + 0.58
ns ns
DHAA 6.69 + 0.60 5.4 £ 0.58 ns 4.78 £ 0.6 ns
ns
Vit-C 14.56 + 0.49 15.43 + 0.47 14.44 + 0.49
ns ns ns
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A summary of the main maturity indexes and Vit-C content of to-
matoes at harvest is presented in Table 3. Although only fully ripe to-
matoes were used for the experiment, significant differences in maturity
indexes and composition were observed in terms of SSC and TA for both
varieties, as well as Vit-C content for ‘Carminio’ tomatoes, and pH for
‘Mose’ tomatoes.

Specifically, for *Carminio’ tomatoes, while AA and DHAA were not
significantly affected by the treatment, their summation (total Vit-C)
was higher in the SMART treatment than in the CLOSED, with an in-
termediate content observed in the OPEN treatment. Regarding SSC,
elevated concentrations were observed in the CLOSED and SMART
treatments in comparison to the OPEN treatment. This may suggest a
potential outcome of stress induced by these two techniques on the
plants. However, the effect on TA varied, suggesting an interaction with
the variety (Table 1).

3.2. Hyperspectral data

The reflectance spectra in the Vis-NIR (400-1000 nm) and NIR
(900-1700 nm) ranges are shown in Fig. 1.

Looking at the raw data of Vis-NIR camera (Fig. 1A), for ‘Carminio’
cv tomatoes, a very high difference was observed between the SMART
class and two other classes (i.e. OPEN and CLOSED), while for ‘Mose’ cv
tomatoes, SMART and CLOSED were more similar and differed from
OPEN. These findings were in agreement with the WUE and nutrients
PFP indexes of each class (Table 1), where the SMART class and the
OPEN class showed different values compared to the other two classes,
respectively for ‘Carminio’ and ‘Mose’ tomatoes. In addition, it is
possible to realize that differences in WUE and nutrients PFP for ‘Car-
minio’ cv tomatoes were higher than in ‘Mose’ cv tomatoes (Table 1, and
Fig. 1A).

For NIR Region (Fig. 1B), although the aforementioned finding was
generally applicable, the spectral data of different classes were more
overlapped in comparison to Vis-NIR region and therefore lower per-
formance of discrimination could be expected.

3.3. FT-NIR spectral data

The raw data obtained from FT-NIR instrument in range of
800-2777 nm is represented in Fig. 2. Similar to HSI data, the spectral
data of FT-NIR for the range of 800-2000 nm (Fig. 2) indicated the same
group of classes, allowing the same considerations regarding WUE and
nutrients PFP, and being as for NIR spectra in HSI less separated if
compared to VIS-NIR.

08
——— OPEN - Caminio
0.7 f |——CLOSE - ‘Camini’
—SMART - Carminio'
——— OPEN - Mose!
06 CLOSE - 'Mose'
SMART - Mose'

=3
o

Vis-NIR Reflectance
=3 o
w >

=
N

0.1

400 500 600 700 800 900 1000
Wavelength (nm)

Scientia Horticulturae 328 (2024) 112928

1.8
OPEN - ‘Carminio’
1.6 CLOSE - ‘Carminio’
SMART - ‘Carminio
OPEN - 'Mose'
147 |- - (CLOSE - 'Mose'
SMART - 'Mose'

=
N

FT-NIR Reflectance
<)
™ -

o
o

o
IS

"800 1000 1200 1400 1600 1800 2000 2200 2400 2600 2777
Wavelength (nm)

Fig. 2. Raw data obtained from FT-NIR instrument for both ‘Carminio and
‘Mose’ cv tomatoes (colored according to the cultural practices).

3.4. Classification models

Data cleaning is required before any interpretation since data may
contain inaccurate, mistaken, and redundant values. It will contribute to
higher performance in terms of decision-making. Therefore, before
applying the discrimination algorithms, ’robustpls’ algorithm was
applied to eliminate spectral outliers (Barker and Rayens, 2003)
selecting 286 ‘Carminio’ and 295 ‘Mose’ cv tomatoes for Vis-NIR range,
and 285 ‘Carminio’ and 291 ‘Mose’ cv tomatoes for NIR range. The
number of FT-NIR spectra chosen for discrimination analysis, after
outlier elimination, was equal to 283 for ‘Carminio’ cv and 289 for
‘Mose’ cv tomatoes. Then, the raw data were initially preprocessed by
different combination of spectral pre-treatments inorder to guarantee
the model reliability. The most effective pre-treatments, allowing the
highest accuracy and the lowest error in classification, were selected. It
was found that SNV followed by MC, and SNV followed by 2nd Deriv-
ative and then MC were the best pre-processing treatments, for Vis-NIR
and NIR ranges, respectively. For data acquired from FT-NIR device, the
best pre-treatment was a combination of smoothing, Detrend, and MC.

As for the first objective, for both the two tomato varieties, PLS-DA
algorithm was applied to develop calibration models aimed to discrim-
inate tomatoes based on three compared cultural practices: OPEN,

B
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Fig. 1. Raw data obtained from (A) Vis-NIR and (B) NIR hyperspectral camera for both ‘Carminio’ and ‘Mose’ cv tomatoes (colored according to the cul-

tural practices).
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CLOSED, and SMART. Confusion Tables 4 and 5 summarize the number
of samples that were correctly classified in their actual respective clas-
ses, and the performance metrics of each class for ‘Carminio’ and ‘Mose’
tomatoes, respectively, for FT-NIR and HSI instruments in Vis-NIR and
NIR ranges. All of the classification models successfully discriminated
tomatoes into three different classes, with the accuracy and the speci-
ficity of prediction higher than 75 % and 81 %, respectively. As for
sensitivity, lowest values were observed, being as low as 62 % for HSI
NIR, and slightly higher than 71 % for FT-NIR.

Although the performance results of models made with FT-NIR data
seem to be the highest among all three instruments (around 81 % and 86
% for the accuracy and the specificity of prediction set, respectively), the
model calibrated on Vis-NIR range is more preferable. This is due to the
fact that the model complexity in terms of the number of latent variables
utilized must also be addressed. Indeed, the model in the VIS-NIR uses
less latent variables (LV=5) than FT-NIR (LV=8). Thus, the best model
for discriminating tomatoes into three different classes could be defined
by the model generated with Vis-NIR HSI spectra, yielding accuracy of
80.6 % and 79.5 %, and specificity of 86.6 % and 84.7 % on prediction
set for ‘Carminio’ and ‘Mose’ cv tomatoes, respectively.

The second goal was to examine classifiers’ capacity to identify
treatments that had comparable levels of WUE and nutrients PFP. As
resulted from the ANOVA and mean separation (Table 1), only two
levels of WUE and nutrients PFP resulted for each experiment, since two
classes of OPEN and CLOSED for ‘Carminio’ cv tomatoes showed similar
indexes (low efficiency) compared to SMART (high efficiency); whereas,
for ‘Mose’ cv tomatoes OPEN had lower efficiency than SMART and
CLOSED. The results showed that discrimination based on WUE yielded
specificity and sensitivity of 84.5 % and 86.3 % on prediction set for

Table 4
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‘Carminio’ cv and ‘Mose’ cv tomatoes, respectively (Table 6).

However, when the combined dataset was used to test the discrim-
ination model including the 2 varieties and considering 3 levels of WUE
and nutrients PFP (see Table 2) the performance of the model was really
excellent as discrimination of tomatoes based on three levels of water
and fertilizers used efficiency reached accuracy and specificity in pre-
diction equal to 92.1 % and 94.1 %, respectively (Table 6). This
restructuring allowed for the establishment of more meaningful differ-
ences between the classes, providing a solid foundation for subsequent
analyses. The decision to combine the datasets was driven by the aim to
improve the generalizability of the model, as tested on a larger dataset
featuring more distinct classes. This approach ensures a more compre-
hensive evaluation of the model performance across a broader range of
scenarios. Finally, Using the IPLS variable selection method, the top
twenty significant wavelengths were chosen in order to streamline the
final model and increase its generalizability and robustness. The selected
20 wavelengths, as shown in Fig. 3, were nm [425, 470:490, 515, 535,
545:555, 565, 575, 635, 765, 775, 785, 925, 930, 970]. A repeated
double cross validation (rDCV) technique (50 runs) yielded accuracy
and specificity of 89.8 % + 1.8 and 91.7 % =+ 2.0, respectively, on the
outer loop procedure. In comparison to employing the full-range
wavelengths, the model performance after variable selection was
marginally lower.

4. Discussion

Several rapid and nondestructive discrimination studies have tested
various approaches for discrimination of tomato fruits, plants, leaves,
and crops using both HSI and FT-NIR spectroscopy (Lu et al., 2018;

Confusion matrices for discrimination of ‘Carminio’ cv tomatoes according to cultural practices using three instruments A. FT-NIR, B. HSI (Vis-NIR), C. HSI (NIR). Cal:

calibration set; CV: cross validation set; Pr. prediction set. LV: latent variables.

Ins. Lv Confusion Matrix Performance Metrics (%)
Actual Sensitivity Specificity Accuracy
FT-NIR 8 Cal Predicted OPEN SMART CLOSED Average Average Average
OPEN 50 0 14 75.76 77.37 89.39 88.61 84.85 84.85
SMART 1 57 7 87.7 93.99 91.92
CLOSED 15 8 46 68.66 82.44 77.78
cv Predicted OPEN SMART CLOSED Average Average Average
OPEN 48 1 15 72.73 72.30 87.88 86.08 82.83 81.48
SMART 2 52 9 80.00 91.73 87.88
CLOSED 16 12 43 64.18 78.63 73.74
Pr. Predicted OPEN SMART CLOSED Average Average Average
OPEN 19 0 6 67.86 71.95 89.47 85.96 82.35 81.18
SMART 2 25 4 83.33 89.09 87.06
CLOSED 7 5 17 62.96 79.31 74.12
HSI (Vis-NIR) () 5 Cal Predicted OPEN SMART CLOSED Average Average Average
OPEN 49 1 16 75.39 76.12 87.41 87.96 83.50 84.00
SMART 2 56 6 84.85 94.03 91.00
CLOSED 14 9 47 68.12 82.44 77.50
cv Predicted OPEN SMART CLOSED Average Average Average
OPEN 47 2 18 72.31 72.15 85.18 85.96 81.00 81.33
SMART 2 54 8 81.82 92.54 89.00
CLOSED 16 10 43 62.32 80.15 74.00
Pr. Predicted OPEN SMART CLOSED Average Average Average
OPEN 20 1 8 71.43 70.45 84.48 85.67 80.23 80.62
SMART 0 25 3 80.65 94.55 89.54
CLOSED 8 5 16 59.26 77.97 72.09
HSI (NIR) () 6 Cal Predicted OPEN SMART CLOSED Average Average Average
OPEN 44 4 18 68.76 67.98 83.70 83.87 78.90 78.56
SMART 3 50 10 75.76 90.23 85.43
CLOSED 17 12 41 59.42 77.69 71.36
(%% Predicted OPEN SMART CLOSED Average Average Average
OPEN 42 4 18 63.64 64.57 83.58 82.21 77.00 76.33
SMART 4 48 11 72.73 88.81 83.50
CLOSED 20 14 39 57.35 74.24 68.50
Pr. Predicted OPEN SMART CLOSED Average Average Average
OPEN 17 3 8 60.71 62.41 81.04 81.57 74.42 75.20
SMART 2 22 4 70.97 89.09 82.56
CLOSED 9 6 15 55.56 74.58 68.61
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Table 5
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Confusion matrices for discrimination of ‘Mose’ cv tomatoes according to cultural practices using three instruments A. FT-NIR, B. HSI (Vis-NIR), C. HSI (NIR). Cal:

calibration set; CV: cross validation set; Pr. prediction set. LV: latent variable.

Ins. LV Confusion Matrix Performance Metrics (%)
Actual Sensitivity Specificity Accuracy
FT-NIR 8 Cal Predicted OPEN SMART CLOSED Average Average Average
OPEN 61 5 4 84.72 76.07 93.13 88.25 90.15 84.23
SMART 6 45 13 69.23 86.23 80.79
CLOSED 5 15 49 74.24 85.40 81.77
cv Predicted OPEN SMART CLOSED Average Average Average
OPEN 59 7 7 81.94 70.07 89.31 85.29 86.70 80.30
SMART 8 42 17 64.62 81.89 76.36
CLOSED 5 16 42 63.64 84.67 77.83
Pr. Predicted OPEN SMART CLOSED Average Average Average
OPEN 21 2 1 75.00 71.22 94.83 85.68 88.37 80.62
SMART 5 18 10 72.00 75.41 74.42
CLOSED 2 5 22 66.67 86.79 79.07
HSI (Vis-NIR) () 5 Cal Predicted OPEN SMART CLOSED Average Average Average
OPEN 58 8 4 80.56 73.27 91.11 86.78 87.44 82.29
SMART 8 46 17 69.70 82.27 78.26
CLOSED 6 12 48 69.57 86.96 81.16
cv Predicted OPEN SMART CLOSED Average Average Average
OPEN 58 8 5 80.56 72.28 90.37 86.29 86.96 81.64
SMART 8 45 17 68.18 82.27 77.78
CLOSED 6 13 47 68.12 86.23 80.19
Pr. Predicted OPEN SMART CLOSED Average Average Average
OPEN 24 4 3 75.00 69.19 87.50 84.71 82.96 79.55
SMART 5 19 5 63.33 82.76 86.14
CLOSED 3 7 18 69.23 83.87 79.55
HSI (NIR) O 6 Cal Predicted OPEN SMART CLOSED Average Average Average
OPEN 57 8 7 78.08 70.15 88.89 85.23 85.10 80.13
SMART 9 43 20 69.36 80.14 76.92
CLOSED 7 11 46 63.01 86.67 78.37
(4% Predicted OPEN SMART CLOSED Average Average Average
OPEN 54 10 9 73.97 66.25 85.93 83.29 81.73 77.56
SMART 11 40 20 64.52 78.77 74.52
CLOSED 8 12 44 60.27 85.19 76.44
Pr. Predicted OPEN SMART CLOSED Average Average Average
OPEN 18 4 3 64.29 62.63 87.27 81.30 79.52 75.10
SMART 6 18 7 62.07 75.93 71.09
CLOSED 4 7 16 61.54 80.70 74.70

Shrestha et al., 2016; Xia et al., 2021; Xie et al., 2010). In this study, the
possibility of the aforementioned techniques was tested for discrimi-
nating soilless tomato fruits according to cultural practices using
different approaches to water use, resulting in different levels of WUE
and PFP The results demonstrated that different cultural practices can
affect tomato fruit fingerprints by altering their chemical components
(Table 3), and/or the cell and tissue morphology, providing the possi-
bility of non-destructive tomato discrimination. Particularly, results
showed that the observed spectral changes were not solely just a direct
consequent of SSC, which represents the primary constituents of fruits.
This was evident as the mean separation for SSC did not align with the
same distribution of WUE groups, especially for the ‘Carminio’ cv, and
nor did it correspond with TA. Additionally, the significant difference in
Vit-C content observed only for ‘Carminio’ cv tomatoes, did not account
for the variations attributed to WUE.

On the other side, when considering the combined dataset, the
concurrent variation in the main constituents—SSC, TA, and ascorbic
acids—correlated with both WUE and PFP, suggesting efficient utiliza-
tion of water and fertilizers for mass production and ripening mecha-
nisms, including the accumulation of SSC and Vit-C.

Additionally, it is possible that cultural practices based on low input
agricultural practices (LIP) may significantly impact the spectral
fingerprint of tomatoes, overcoming differences attributed to maturity
and main constituents, as they were consistent across the differences of
the two used varieties and of the water quality. The spectral signal may,
in fact, also be affected by other tissue characteristics such as firmness,
cell size, cell wall characteristics, and other morphological factors,
inducing difference in absorption and scattering (Franceschini et al.,
1999; Gono et al., 2004; Wilson et al., 2015).

This brings to the conclusion that cultural practice based on low
input agricultural practices (LIP) may affect the spectral fingerprint of
tomatoes in a significant way, overcoming differences due to maturity,
and being consistent over the differences of the two used varieties and of
the water quality.

Calibrating several classification models on data from both HSI and
FT-NIR devices demonstrated that both the optical non-destructive ap-
proaches utilized in this study may be used for the purpose of tomato
classification (with great accuracy) based on their cultural practices and
the amount of water and fertilizer used. Models calibrated on HSI in the
Vis-NIR band, however, are preferable due to their lesser complexity and
smaller number of latent variables (Ballabio and Consonni, 2013), which
give a larger potential for distinguishing tomato fruits.

Taking into account that the specificity metric is defined as ability of
amodel to identify negative cases, and the initial goal of the study was to
avoid having products with fake labels that are not truly sustainable-
produced, a model that is more capable of identifying negative cases
is preferable. Consequently, in this research, the higher specificity
means the more reliable model. In the concluded trials, three distinct
production lines can be distinguished with the specificity of 86 %, while
discrimination of three degree of WUE and nutrients PFP yielded a
specificity of 94 % (Tables 4, and 5).

Thus, it is possible to conclude that the higher differences between
cultural practices in terms of WUE and nutrients PFP result in a better
discrimination with lower error and higher specificity/accuracy.
Furthermore, although the results showed that the performances were
slightly worse after feature selection (down to 20 features) when
compared to using the full-range wavelengths, the obtained method is
viable to be implemented for on-line control and industrial applications
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Table 6

Different classification models for additional elaboration of HSI in the Vis-NIR range. The first 2 models are binary classifiers discriminating 2 classes of WUE and nutrients PFP. The last model is a three-class classifier

according to three different levels of WUE and nutrients PFP, using full range spectra and selected wavelengths.
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by replacing expensive and time-consuming instruments to an efficient
filter-based one, or even for consumer use at the distribution market by
making the elaboration faster and the acquisition simpler, as for instance
by using equipment with an efficient light filters.

Several literary studies have looked into the suitability of non-
destructive technologies for classification of tomato fruits in different
varieties (Najafian et al., 2021); maturity stages (Jiang et al., 2021);
levels of firmness (Rahman et al.,, 2018); and production methods
(organic and conventional technologies) (Aratjo et al., 2019). None-
theless, to the best of our knowledge, there was not any research on
non-destructive discrimination of tomato fruits according to cultural
practices and/or their degree of WUE and nutrients PFP reported. Some
researchers reported in literature, aimed to apply these technologies for
early detection of tomato diseases (Abdulridha et al., 2020; Morellos
et al., 2020), discrimination of drought stress origin in tomatoes (Zibrat
et al., 2019), and assessing the water stress severity in soilless tomato
crop (Elvanidi et al., 2018). A study looked into how useful HSI could be
for classification of water-stressed tomato plants in a field experiment
with different irrigation treatments (Rinaldi et al, 2015). They
demonstrated that a clear distinction between the two differently irri-
gated areas could only be made by employing the entire wavelength
range from 400 to 1000 nm. They were able to differentiate between the
two areas irrigated with different amounts of water with a mean accu-
racy of roughly 77 % (Rinaldi et al., 2015). In comparison to this study,
which had the goal of discriminating tomato plants rather than tomato
fruits, the results obtained in this research showed that the reached
performances were qualitatively better, achieving an accuracy of more
than 80 % for discriminating three cultural practices and around 90 %
for three levels of water use efficiency despite using a limited number of
wavelengths.

The aforementioned non-destructive technologies were also applied
for the dentification of the cultural practices of rocket leaves (Palumbo
et al., 2021), diagnosis of nitrogen nutrition of tea plants under field
conditions (Wang et al., 2020), discrimination of harvest time in fennels
(Amodio et al., 2017a) and discrimination of tropical grasses grown
under different nitrogen fertilizer regimes (Naicker et al., 2020). In the
case of Rocket leaves (Palumbo et al., 2021), authors showed that about
70 % of samples were accurately discriminated using computer vision
systems with digital imaging and concluded that the obtained perfor-
mance is not relevant for practical application. Moreover, they claimed
that the properties of the product were not considerably impacted by the
various cultivation techniques. In comparison to this study, the results
obtained in the conducted research were showed a superior performance
(Accuracy = 81 %; Specificity = 86 %) in discriminating tomatoes
produced adopting three different cultural practices. The obtained re-
sults in the present research also showed that the cultivation methods
significantly affected some of quality attributes of tomatoes (Table 3).
For the tea plants study (Wang et al., 2020), HSI with PLS-DA and least
squares-support vector machines (LS-SVM) algorithms were employed
to classify different nitrogen status. The findings obtained in this
research demonstrated that the LS-SVM model produced superior per-
formance, with correct classification rates of 82 % in prediction sets for
the diagnosis of various N application rates and 92 % for N status (Wang
et al., 2020). In a study on tropical grasses (Naicker et al., 2020), the
effectiveness of using remotely sensed data and multivariate discrimi-
nation ensembles to characterize grasses grown in various nitrogen
concentrations was examined by the authors and achieved an accuracy
of 91 %. However, compared to the tea plant and the tropical grasses
studies, the results of the present study demonstrated higher perfor-
mance for classifying tomatoes in two levels of WUE and nutrients PFP
(accuracy = specificity = sensitivity = 95.3 %).

To broaden the scope of this study, two tomato varieties (‘Carminio’
and ‘Mose’) and different water quality were used. The obtained results
confirmed the fact that the WUE and nutrients PFP indexes, as well as
the chemical compounds may differ from one tomato variety to another.
Nonetheless, given the constraints of this research, we proved that these
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Fig. 3. Misclassified rate with wavelength interval added using IPLS technique, red regions: Discarded intervals, green regions: Selected intervals: [425 470:490 515

535 545:555 565 575 635 765 775 785 925 930 970].

non-destructive methods were capable of distinguishing tomato fruits
obtained with low agronomic input. As a result, the obtained findings
emphasize the need of further study to validate the potential of HSI
analysis and NIR spectroscopy in ensuring the authenticity of soilless
tomato fruits. This include the performance of the models through
additional studies and refinements.

5. Conclusion

This research study confirms the ability of hyperspectral imaging and
FT-NIR spectroscopy for differentiating soilless tomatoes based on their
cultural practices, as well as their degree of water and fertilizer usage
efficiency. Indeed, the obtained results demonstrated that various cul-
tural practices may vary the spectral information of tomato fruits,
providing predictive value for accurately identifying the majority of
samples. The findings showed that the higher the variations in agro-
nomic input efficiency indices between samples, the greater the likeli-
hood of non-destructive discrimination. However, further studies are
needed to extend the applicability of the obtained results. Furthermore,
the outcome of the feature selection technique showed that the tech-
nology is appropriate for technology transfer, to be used online or at the
market, as a quick supplement to increase the information about the
sustainability of the production. In conclusion, the obtained results
emphasize the need of further studies on spectral techniques for the
discrimination of tomato fruits and other crops based on water used
efficiency, in order to make available new tools to help the diffusion of
good sustainable practices, which may represent a good market leverage
in the future.
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