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Overview of the contents

The work described in this Thesis concerns the application of Near-Infrared (NIR)
spectroscopy coupled with chemometrics in the analysis of food matrices, to face
some of the criticalities that characterize the agri-food field nowadays. The main
focus regarded the development of rapid and sustainable analytical methods that
can save time, avoid the use of solvents and reduce wastes, and also make them
easy to use even by untrained personnel. The guidelines of Process Analytical
Technology (PAT), circular economy and industry 4.0 were followed in the
realization of this purpose.

Traditional analytical methods are often expensive in terms of use of solvents, waste
production, and need a significant amount of time to carry out the analyses.
Moreover, they often require an initial step of sample preparation, and the sample
cannot generally be recovered after the analysis. With this work, it was tried to
overcome these limitations by recommending rapid and non-destructive analytical
methods and approaches that combine the use of NIR spectroscopy and
chemometrics, the latter playing an important role in developing such methods, as
multivariate data analysis is fundamental to handle the complex and overwhelming
amount of data coming from spectroscopic analyses.

The first project, addressed during this PhD, is named “NEWPOW” and was
developed in collaboration with the Department of Agricultural, Forest and Food
Science of the University of Turin. This project was aimed at evaluating the use of
NIR spectroscopy to perform the quantification of total lipids in hazelnut samples,
potentially replacing the conventional analyses. The details about this study are
presented in Chapter 3 of this Thesis, and a paper concerning this topic was
published [1].

Another project presented in this Thesis is a research line of a larger project, named
“Help2Grow”, and it involves the use of both portable spectrometer and NIR-HSI
in the analysis of grapevine leaves, in collaboration with the Department of
Agricultural, Forest and Food Science of the University of Turin, and the University
of Modena and Reggio Emilia. The aim was to inspect the potential of NIR
spectroscopy in the detection of two diseases affecting grape leaves: powdery and
downy mildew. More details of this study are reported in Chapter 4 of this Thesis,
while a description of the collected samples can be found in Section 2.3.3.

The last project approached in this Thesis is based on the application of NIR-
Hyperspectral Imaging (NIR-HSI) [2,3] and chemometrics in the characterization
of 47 rice varieties, with the aim of providing powerful classification models able
to identify the different rice types. This project was realized in collaboration with
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the University of Barcelona and Ente Nazionale Risi. Chapter 5 of this Thesis
describes this project in detail, and a manuscript treating the obtained results is
under development.

Thesis structure and organization
This thesis is organised in seven chapters, and it is structured as follows:

e Chapter 1: introduction of the theoretical framework and the case studies
of this Thesis.

e Chapter 2: spectroscopic and chemometric techniques applied, with an
overview of the analytical instruments used in this work.

e Chapter 3: the “NEWPOW?” project (in collaboration with the University
of Turin).

e Chapter 4: the “Help2Grow” project (in collaboration with the University
of Turin and University of Modena and Reggio Emilia).

e Chapter 5: the Rice HSI project (in collaboration with the University of
Barcelona and Ente Nazionale Risi).

e Chapter 6: general conclusions and future perspectives.
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Chapter 1

Introduction

In recent years, the field of materials science has undergone a deep transformation,
linked to the increasing integration of advanced digital technologies, sustainable
manufacturing practices, and real-time monitoring systems. This evolution is
influenced by three key factors: Process Analytical Technology (PAT, [1,2]),
circular economy [3], and Industry 4.0 [4]. These interconnected concepts play a
crucial role in the optimisation of industrial production, minimizing wastes, and
enhancing process efficiency, contributing to a more sustainable and
technologically advanced manufacturing landscape. PAT represents a fundamental
shift in the manufacturing methodologies by enabling real-time monitoring and
control of production processes. Through the implementation of advanced sensors,
data analytics, and machine learning techniques, PAT simplifies the evaluation of
materials properties, ensuring a high product quality. This proactive approach
enhances the efficiency of the industrial processes and promotes data-driven
decision-making, which is essential for optimizing resource utilization and
minimizing wastes. Circular economy is a sustainability-driven framework that
aims at switching from a traditional linear production model to a more resource-
efficient approach, indeed circular. In materials science, this involves designing
products and processes that prioritize recyclability, reusability, and waste
valorisation. By adopting circular economy principles, the industry can
significantly reduce its environmental impact while creating economic value from
by-products that would otherwise be discarded. Industry 4.0, the fourth industrial
revolution, is characterized by the merging of digital technologies, automation, and
artificial intelligence (Al) to create smart production systems. The incorporation of
interconnected devices, Internet of Things (IoT) technologies, and cyber-physical
systems in materials science allows enhanced process optimization, predictive
maintenance, and adaptive manufacturing. With Industry 4.0 technologies,
producers can achieve high levels of efficiency, customization, and sustainability in
the production processes.

The merging of PAT, circular economy, and Industry 4.0 represents a unique
opportunity to revolutionize the field of food science and technology.

This Thesis aims at exploring the integration of these three factors in the context of
sustainable food processing and advanced manufacturing. By investigating the role
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of rapid, cost-effective and waste-preventive analytical technologies coupled with
advanced multivariate data treatment and modelling, this research is intended to
develop innovative solutions that align with both environmental and industrial
objectives.

The aim of this chapter is to describe the theoretical principles on which this Thesis
was based, and to introduce the case studies in which those criteria were applied.

1.1. Chemometrics

Chemometrics is a polyhedral discipline, which merges chemistry, mathematics,
statistics, and informatic skills, with deep roots in the field of computer science. In
a nutshell, it consists in the application of mathematical and statistical operations
on complex chemical data, to make them easier to handle and to understand. The
birth of chemometrics can be dated back to the 1960s, although electronic
computing machines had already been developed in the 1940s due to the necessity
of decrypting the enemy’s coded messages during the World War II [5]. During the
‘60s, the accessibility of computers expanded beyond the exclusive use by
engineers and mathematicians, including scientists, and allowing the birth of
several new disciplines. The use of computers to help chemists in the synthesis [6],
and to better understand the structure [7] of molecules laid the foundation for the
development of computational chemistry [8], which is nowadays largely used in
molecular modelling [9], especially in the field of biology and pharmaceutical
chemistry [10,11].

The first time the term “chemometrics” was used dates back to 1972, in a paper by
Svante Wold, who is considered one of the two fathers of this discipline, together
with Bruce Kowalski. As Wold himself said, chemometrics can be defined as a way
“to get chemically relevant information out of measured data, to represent and
display this information, and to get such information into data” [12]. In the field of
analytical chemistry, chemometrics is frequently combined with techniques such as
UV-Vis, Infrared (IR) and Raman spectroscopies, Nuclear Magnetic Resonance
(NMR) and mass spectrometry, and gas or liquid chromatography. Other
applications include electrophoresis and potentiometry. What is in common among
these analytical techniques is the plentiful amount of data coming from the
experimental measurements, which are generally characterized by a huge number
of measured variables, for which the application of chemometrics in the data
analysis is required.

The multivariate approach was enthusiastically welcomed, as traditional
approaches do not work well with many variables, especially if they are correlated
or noisy. Moreover, multivariate regression showed to perform better than the
bivariate curve, and also multivariate classification was found to work better than
the cases with few selected variables [13], encouraging analytical chemists to
enthusiastically adopt these new methodologies. Nowadays, chemometrics is
widely used in academic research, as well as in industry, and it can be seen as a
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right-hand man who helps facing the challenges that characterise the life of a
scientist. The main applications of chemometrics involve the treatment of complex
and copious information that scientists need to handle [14—16], the choice of the
most appropriate sets of conditions of a reaction among multiple possibilities
through Design of Experiment (DoE, [17—-19]), the inspection of data to catch the
presence of trends through exploratory analysis [20,21], and the extraction of
quantitative and qualitative information about samples by means of multivariate
regression [22—24] and classification [25-27].

Chemometrics is extremely versatile, and this allows its application in any field that
requires the treatment of challenging chemical data: pharmaceutical applications
involve optimization of formulations, process and dissolution issues understanding,
homogenization process monitoring, prediction of drug content in tablets [28—30].
In the agri-food industry, chemometrics is used in the analysis of chemical
composition [31,32], quality and authenticity assessment [33—38], anti-food fraud
purposes [39—42]. There are also environmental and agricultural applications for
pollution analysis and monitoring [43—45] and soil analysis [46—49]. Eventually,
another field that sees chemometrics spreading is forensic science [50-52]. This
above only represents a non-exhaustive list of current applications in which
chemometrics is becoming more and more essential.

1.2. Near-Infrared (NIR) spectroscopy

As the name itself suggests, the Infrared (IR) radiation lies close to the red
wavelength of the visible interval and is found at a lower energy level. The
discovery of this radiation is dated 1800, thanks to the observation of Sir William
Herschel [53] who found that it was possible to measure different temperatures of
the scattered solar light, based on the colour of the radiation. In particular, the
“hottest” region in this experiment was found beyond the red, where there was
apparently no light at all: Herschel named these radiations “calorific rays”, which
were further named “infra-red rays”. Infrared spectroscopy exploits the ability of
the molecules to interact with IR radiation by absorbing specific wavelengths. This
interaction happens because the chemical bonds present in the molecules resonate
with radiations of specific energy, and this makes it possible to study the chemical
structure of a material: because of this, IR spectroscopy is a powerful non-
destructive technique widely used in analytical chemistry. In particular, two sub-
regions in the IR interval are of foremost interest in this field: the near infrared
(NIR) and the middle infrared (MIR) regions. The far infrared (FIR) region is
mainly used for therapeutic purposes [54]. The NIR range covers the interval
between 14000 and 4000 cm™!, while MIR and FIR ranges are 4000400 and 400—
50 cm! respectively [55].

The main difference in the use of NIR and MIR spectroscopies is linked to the
vibrational modes that can be detected in the two wavelength ranges. A molecule
can be represented as an anharmonic oscillator, in which the atoms move



constrained by the chemical bonds. These movements are called “vibrations”, each
one represented by different levels of potential energy: the type of vibration that
can occur depends on the energy to which the molecule is exposed. To visually
explain this theory, Figure 1.1 displays the vibrational levels of an anharmonic
oscillator composed by two atoms, moving in between their chemical bond.

E(q) # % kq?

Potential energy E

Vibrational coordinate g

Anharmonic oscillator

Figure 1.1. illustration of an anharmonic oscillator composed by two atoms and its
vibrational levels. The vibrational transitions are represented as blue arrows. (from
Comprehensive Analytical Chemistry, 2022 [56])

The MIR radiation stimulates the fundamental vibrations of molecular bonds, i.e.,
the transitions from the ground state to the first vibrational level (n =0 2 n=1).

NIR radiation carries more energy than MIR, allowing transitions from the ground
state to integer multiples of fundamental vibrations (n =0 = n (n> 1)); the resulting
resonant frequency is called “overtone”. Another signal detected with NIR
spectroscopy occur when two or more fundamental vibrations are excited
simultaneously, resulting in the so-called “combination band”. The signals
detectable in the NIR range refer mostly to the oscillations of hydrogen-containing
groups, such as C—H, O—H, and N—H, which are typical of most organic compounds.
Because these vibrations in the NIR range are less probable than the fundamental
ones, their intensity are consequently weaker if compared to the signals in the MIR
range.

1.2.1. NIR instruments and applications

A common NIR spectrometer is composed by a light source (generally Mercury-
Argon or Mercury-Neon lamps, but also a diode laser coupled with an optic fibre
can be used), a monochromator to split the light beam into selected wavelengths, a



detector (usually Indium-Gallium-Arsenide detectors) and optical components such
as lenses, integrating spheres etc. Benchtop spectrometers are routinely used for
laboratory analyses and ensure high accuracy and reliability, but in the last decades
a strong trend in the development and use of field spectrometers can be seen. Field
spectrometers can be classified into transportable (i.e., carried to the field on a
vehicle), in suitcase format (>4 kg) and handheld (<1 kg) [57], with recent
progresses in miniaturization that led to very small devices weighing less than 50
g, equipped with a built-in battery and operated by smartphone applications,
connected via Bluetooth. This significant change in the dimensions of the devices
leads to a consequent change in the working characteristics, such as the spectral
range and resolution, and the sensitivity of the instrument, which become generally
lower. Comparing the performances of benchtop and portable devices, it has been
shown that benchtop spectrometers usually provide better outcomes for prediction
or classification models parameters [58—60]. This certainly depends on the fact that
benchtop instruments consist in structured devices which benefit of years of
technological development and improvements and are used by expert personnel in
a controlled environment. On the other hand, the field spectrometers overcome the
lower sensitivity and resolution with other advantages, such as the portability and
possibility to perform analyses directly where necessary, avoiding transporting the
sample to a laboratory and consequently saving time and preserving the quality and
original characteristics of the sample itself during the analysis. Other benefits
involve their accessibility, as costs are significantly lower, and their ease of use,
extending their application also in contexts where operators are not used to this type
of analysis [61]. In any case, despite some technological limitations of portable
spectrometers in comparison to the traditional benchtop instruments, several recent
studies proved the effectiveness of these new analytical devices [62—65], giving an
optimistic outlook in the affirmation of portable instruments for the analyses with
NIR spectroscopy.

NIR spectroscopy represents a widespread analytical technique in the world of
research, as well as in many industrial fields. Its principal applications include
medical studies [66,67], and pharmaceutical [68] and food [69,70] analyses.
Concerning the latter, which is of particular interest in the work presented in this
Thesis, more detailed information, concerning the application of NIR spectroscopy
to the different investigations characterising the present work, will be provided
when introducing the specific studies.

1.3. Hyperspectral Imaging (HSI)

The term “Hyperspectral Imaging” (HSI) was first used in the 1980s, in a study on
remote sensing [71], the field in which HSI is rooted. The word “hyperspectral”
underlines the multidimensionality of the produced data: the first approach
developed from remote sensing, called Multispectral Imaging (MSI, [72]),
consisted in the detection of just few single spectral bands, while with HSI each
single pixel in the image contains a complete spectrum within a specified range.
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The information obtained with HSI is represented by a 3D image, also called
“hypercube”, consisting in two dimensions which describe the spatial location of
each pixel in the image (i.e., x and y coordinates), and one spectroscopic dimension
(1) carrying the information of the chosen wavelength range of analysis [73]. Thus,
it is possible not only to acquire the spectra of a specimen, but also to get additional
details, i.e., the spatial information of the sample.

1.3.1. HSI instrument and applications

Starting from the 1990s, HSI became very popular in the agri-food field, where it
is often coupled with NIR spectroscopy [74]. Lots of studies have been conducted
with HSI-NIR to inspect food qualitative properties [75—77], build classification
models [78,79], ensure food quality [80-82], and prevent food fraud through
products authentication [42]. Thanks to its versatility, HSI can be also coupled with
many other spectroscopic techniques, for example Raman [83—-85], Vis-NIR [86—
88], and fluorescence [89,90] spectroscopies. In these cases, the fields of
application are diverse, and mainly include food quality and safety assessment [91—
94], medical diagnosis [95,96], artwork authentication [97] and forensic analyses
[98-100]. Because of the overwhelming amount of data that this technique
provides, chemometrics is always required when dealing with this type of analysis
[38,39]. In this way, it becomes easier to extract and exploit information also from
such complex and abundant datasets.

The experimental setup of HSI makes this technique advantageous if compared to
the classic ones, such as liquid or gas chromatography, or mass spectrometry. It
consists in a light source, a wavelength dispersion device, and an area detector.
There are four ways to acquire the 3D hyperspectral image, namely point scanning,
line scanning, area scanning, and single shot method [101]. In the first case, a single
point is scanned along the two spatial dimensions, by moving either the sample or
the detector. With line scanning, a row of pixels is acquired, obtaining the total
image by moving the sample support along the vertical spatial dimension. Area
scanning is not a spatial-scanning method as the previous one: it works by acquiring
a single-band 2D grayscale image of the sample, obtaining in this way the full
spatial information in just one acquisition. Then, a selected number of wavelengths
is used to perform a scanning in the spectral domain. In this way, the image is
recorded quickly, as no time for spatial scanning is required. Finally, the single shot
method involves the application of a detector with a large area that allows to capture
the whole image of the sample, complete with all wavelengths, thus acquiring all
the data at one time. Figure 1.2 displays how the four acquisition methods work.
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Figure 1.2. the four methods used for the acquisition of the hyperspectral image. The
arrows represent the scanning direction, while the grey areas in the cubes indicate the data
registered at each single acquisition (adapted from Hyperspectral Imaging for Food Quality
Analysis and Control, 2010 [101]).

Using this analytical technique, samples can be analysed without any pre-treatment,
avoiding the use of solvents, and saving time. It is also possible to prevent wastes
and to re-use the samples, as after the analysis they can be recovered without any
alteration. HSI also allows to analyse many samples at the same time within the
same image, giving the opportunity to obtain many samples fingerprint, as well as
to perform surface analysis, making it possible to obtain a chemical map of the
analysed samples.
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1.4. Case studies

The research studies performed during the PhD period refers to some specific
Projects that were conducted at the Department of Applied Science and Technology
of Politecnico di Torino and which are presented in brief in the following Sections.

1.4.1. NEWPOW

This project was aimed at evaluating the use of NIR spectroscopy in the analysis of
the lipid content of hazelnuts from different origins, as an alternative to the
traditional analytical approaches. Traditionally, the analysis of lipids involves three
steps: solvent extraction from the samples, separation through chromatographic or
electrophoretic methods, and final identification and quantification [102]. This
methodology is generally expensive, time consuming, and it often involves
hazardous and non-ecofriendly solvents. Using NIR spectroscopy, it was possible
not only to avoid the use of solvents, but also to directly analyse the samples without
any pre-treatment, which in turn allowed to recover them intact after the analysis.
The NIR data were firstly inspected through chemometrics tools to catch the most
relevant information and to detect the presence of trends among samples, and then
regression models were developed to be further used in analyses of new samples
with the aim of predicting the lipid content.

More information about the samples and the lipid extraction performed by the
colleagues of the University of Turin can be found in Section 2.3.1. The details of
this project and the results are presented in Chapter 3.

1.4.2. Help2Grow

The first aim of this project deals with the necessity of rapid and cost-effective
analytical methods that allow in-field analyses to detect and monitor the growth of
the grapevine, allowing to prevent the spread of diseases caused by
microorganisms. In particular, the development of downy and powdery mildew was
studied. The presence of these diseases can be normally noticed to the naked eye,
when the plant illness reaches a rather advanced state: downy mildew develops a
white dots pattern on the back side of the grapevine leaves, while powdery mildew
consists in a whitish and dusty patina on the surface of the frontal side of the leaf.
A first set of measurements were conducted in-situ at the Department of
Agricultural, Forest and Food Science of the University of Turin during the summer
and autumn 2022, with a portable NIR spectrometer. During the last acquisition
session, made on October 26", 2022, some leaves were collected and frozen, to be
further analysed on May 6, 2024, with HSI-NIR at the University of Modena and
Reggio Emilia. A detailed discussion of this study can be found in Chapter 4 of this
Thesis.
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1.4.2. The Rice-HSI project

The aim of this project was to face one of the main issues of the food industry, in
particular the world of rice production: food fraud [103]. In the rice industry, it is
recurring that low-quality varieties are sold as the most expensive ones because of
their structural similarity, but their nutritional values and organoleptic features can
be different. Consequently, it is important to find a way to detect the differences
among the rice types and to exploit this information to avoid scams. This project is
described in detail in Chapter 5 of this Thesis.
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Chapter 2

Materials and Methods

This section of the Thesis is aimed at introducing the main analytical approaches
used to face some issues linked to the agri-food field. A concise description of the
utilized chemometric tools and the experimental setups is reported. More details
about the theoretical principles behind the multivariate data analysis techniques will
be discussed in the chapters describing the projects in which these techniques have
been used.

2.1. Chemometrics

The following sections introduce the main chemometric tools used in the research
projects presented in this Thesis.

2.1.1 Pre-processing

After instrumental acquisition, raw data are generally noisy and can be aftected by
undesired effects, such as baseline drifts or, in the case of NIR measurements, light
scattering. These effects significantly impact the quality of the data and
consequently the reliability and effectiveness of the subsequent multivariate data
analysis. Therefore, data pre-processing [1,2] is necessary to transform raw data
into a “cleaner” version ready for further analysis. This process potentially consists
in several steps, which can be resumed in:

e Data cleaning: where the presence of noise, outliers, missing data and
duplicates is detected and tackled.

e Data transformation: raw data are converted into formats or units that are
more suitable for the multivariate methods that will be used for the analysis.

e Data reduction: data are treated to remove redundancy and can be
reorganised to efficiently perform the data analysis steps.

Depending on the data type, different approaches can be used. A list of the pre-
processing techniques employed in this Thesis is described below.

Pre-processing of NIR data_[3]:
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e Savizky-Golay derivative: sample-wise method used to smooth and
differentiate spectral data while preserving important features like peaks. It
calculates a polynomial fit of a chosen order in each filter window of
selected width as the filter is moved across the spectrum, calculating a
derivative of order n in each filter window. In the case of this Thesis’ work,
it was chosen a first-order derivative, second-order polynomial and a 11pt
window.

e Standard Normal Variate (SNV, [4]): sample-wise method that corrects
scatter effects in spectral data. It works by performing a normalization of
the spectra consisting in subtracting from each spectrum its own mean and
then dividing it by its own standard deviation.

e 2-Norm: also known as “Euclidean normalisation”, allows to have all the
data points in a consistent scale, reducing bias due to intensity differences.
It is a sample-wise method that involves the division of the spectrum’s
values by the sum of the squared value of all variables for the given sample.

e Mean centering: column-wise method that helps emphasizing the relative
differences among variables, making the data suitable for techniques like
PCA which rely on variance for features extraction. It involves the
calculation of the mean value of the whole dataset and its subtraction from
each spectrum.

Pre-processing of morphological features (HSI rice project):

e Autoscale: column-wise method used to scale the variables with different
unit or magnitude, so that they contribute equally to multivariate analysis.
It can be seen as an extension of mean centering, as it starts by mean-
centering the values of a variable, and then it divides the result by the
variable’s standard deviation.

2.1.2. Exploratory data analysis

Exploratory data analysis (EDA) can be considered as the very first step in the
process of data evaluation. In this phase, the aim is to look at the data to inspect for
the information contained in the data, to see if there are correlations among samples
or variables, and to discern between information and noise. Generally, EDA relies
on graphical visualisations to display the results of the analyses, and sometimes it
operates with the aid of a toolbox.

EDA was born in the 1970s and the credit of its development is to be ascribed to
John Tukey, who published a book [5] in 1977 which is considered as the foundation
of the modern exploratory analysis. Traditionally, data analysis was executed as a
hypothesis-driven approach, and scientists used statistics to confirm or reject a
starting research question. The revolution carried by Tukey involved the
consideration of how the importance of exploring the data before the formulation
of a hypothesis, and to consequently develop a research direction based on the
results of this investigation. In this concern, EDA becomes an unsupervised
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methodology, which means that it is released from any a priori postulations and it
is used by the analyst as a tool to extract the naturally present information from the
data, which is then interpreted according to the knowledge of the analyst.

2.1.2.1. Principal Component Analysis (PCA)

Within the world of exploratory data analysis, Principal Component Analysis (PCA,
[6,7]) is the most known and used methodology for data inspection. The popularity
of PCA is linked to the possibility of treating complex and plentiful data matrices
to obtain a clear and rapid representation of the data: this makes PCA suitable for
its application in the scientific field, allowing to treat large datasets and to reduce
the time of data analysis.

This method consists in a bilinear decomposition technique that allows to switch
from the high-dimensional space of the original data to a new one, characterised by
lower dimensions, so that the complexity of the data is reduced, while preserving
the information and structure of the data. This new space is described by new
summarizing variables, called Principal Components (PCs), which are created by a
linear combination of the starting variables. The Equation 2.1 shows the
decomposition performed by PCA:

2.1) X=TPT+E=X+E

where X is the original matrix of the data, 7 is the vector of the scores that represents
the projection of the samples in the new space, and P is the vector of the loadings,
which are the coefficients (a sort of “weights”) of the original variables in the space
of the PCs. X corresponds to the matrix of the modelled data, while E is the matrix
of the unmodelled data, also called the residual matrix, which is useful to identify
anomalies in the modelled data, such as the presence of outliers, and to assess if the
chosen number of PCs is correct or not (for example, large residuals mean that a
significant amount of information remains unexplained, suggesting that more PCs
might be included in the model).

The role of the PCs is to explain the variability contained in the original data. The
first PC describes the direction of maximum variance and is followed by the second
PC that explains the next maximum possible variance in the orthogonal direction
with respect to the first PC, and so on for all the following PCs. In this new space,
the samples distributions present in the original data can be visualized with the
scores plot, with the possibility of inspecting possible similarities, groups and/or
trends among the samples. The original variables are represented by the loadings
plot, with which it is possible to inspect the patterns of correlation among the
variables. Another important source of information is represented by the residuals
plots, which is very useful for the detection of samples not well-described by the
model (provided that the correct number of PCs is defined for the model), usually
reflecting substantial differences between them and the majority of the samples;
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these samples are generally identified with the term “outliers”, and their possible
removal from the dataset is subject to careful considerations.

This technique was used to inspect the data in all projects contained in this Thesis.

2.1.2.2. Cluster analysis

One of the areas of interest in the field of multivariate data analysis is the so-called
pattern recognition, a term which stands for the process of identification of patterns
within the data. One of the most used techniques in this context is Cluster Analysis
[8]. Similarly to PCA, Cluster Analysis is another unsupervised analytical method,
as it does not require specific instructions about how to look for groups, thus it can
be applied also to datasets where data are not labelled. A difference with PCA
consists in the need to give some instructions about how to perform the clustering,
by defining specific criteria prior to the analysis: Cluster Analysis involves the
calculation of the distance among samples to obtain the clusters, so a parameter that
is preliminary chosen is the type of distance, or the clustering method (for example
the Ward’s method [9]).

The algorithms used for this multivariate analysis are various and differ according
to the approach used to group the data. The most famous are partitioning,
hierarchical and density-based algorithms. The first type refers to all the algorithms
that divide the data according to a defined number of clusters. The most popular
algorithm in this respect is K-means [10,11]. Density-based algorithms, as the name
itself suggests, focus the attention on discerning high data density areas from the
lower ones. A very used algorithm in this sense is DBSCAN (Density-Based Spatial
Clustering of Applications with Noise, [12]).

When using hierarchical clustering, two approaches can be applied: the
agglomerative and the divisive one. The first one is the most common and used, and
it starts considering each sample as a single cluster. Then the algorithm iteratively
identifies the samples that are most similar to each other, by means of calculations
of a distance metric (for example, the Euclidean, Mahalanobis or Manhattan
distance). These samples are then merged, originating new clusters, and the distance
metric is recalculated. The algorithm repeats these steps until all samples are
assembled in an all-embracing cluster. Visually, the result is a nested structure
generally known with the name of “dendrogram”. An example is shown in Figure
2.1.
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Figure 2.1. Dendrogram representing a hierarchical clustering structure (from Algebraic
and Combinatorial Computational Biology, 2019).

The divisive approach works in the opposite way: initially, all the samples represent
a single cluster, which is iteratively divided into sub-clusters by calculating the
distance metric and finding samples that are most dissimilar to each other. The
original cluster is divided into two sub-clusters, the distance metric is recalculated,
and the process continues until a desired number of clusters is reached. Depending
on the aim of the research, one of these two approaches can be selected. For this
work, the agglomerative approach was chosen, and Ward’s method was chosen as
criterion to build the dendrogram structure.

As clustering is an unsupervised method, the analysed data are unlabelled.
Consequently, the results obtained with cluster analysis require an expert
knowledge to be interpreted, and this is one of the main criticalities of this approach.
Nevertheless, cluster analysis is a powerful analytical technique and allows to treat
unlabelled data, a point that makes this method a viable solution when dealing
without defined groups among samples.

Hierarchical clustering was employed in this Thesis for the research conducted in
the rice project. For a more detailed explanation of this methodology and its
application in this work, please refer to Section 5.3.

2.1.3. Multivariate regression

One of the first thing learnt by chemistry students in their Bachelor’s laboratory
lessons is how to build a calibration line that will be used to find the concentration
of an unknown sample, often exploiting UV-Vis measurements. Here, the relation
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between the concentration of the samples and the response signal can be expressed
as:

(2.2) y=a+bx

where y is the response signal, in this case the UV-Vis absorbance of the samples,
and x is the concentration of the sample. The variables a and b represent the
unknown values of the equation, i.e. the intercept and the slope of the line, and are
experimentally calculated.

The same idea can be extended in the context of multivariate data. In this case, Y
and X become matrices, and Equation 2.2 can be written as follows:

(2.3) Y =BX+e¢

where S stands for the set of regression coefficients, represented as a column vector,
and ¢ is the “error” term, which is also a column vector. X is the matrix of the
independent variables, while Y is a column vector of the dependent variables. This
equation represents a system of linear equations, where each row of Y is explained
by the corresponding row in X and the coefficients in £.

The aim of this approach is to model the relationships between a set of response
variables Y and a set of predictor variables X, so that it will be possible to predict
the response variables of samples for whom just the values of the predictor variables
are known (i.e., new/unknown samples). The main multivariate regression
techniques used in chemometrics are Principal Component Regression (PCR, [13])
and Partial Least Squares (PLS) regression [14].

2.1.3.1. Partial Least Squares (PLS) Regression

While PCR is a more basic and traditional form of multivariate regression, not so
much applied in modern modelling, PLS Regression is a very common and
powerful multivariate regression method: its success and widespread application is
due to the possibility of dealing with the complex and plentiful datasets derived
from the modern analytical techniques, such as spectroscopy and chromatography.
These data, besides providing a huge number of predictor variables, are also
generally noisy and correlated. For this reason, traditional regression methods such
as PCR and Multiple Linear Regression (MLR, [15]) are being substituted with
other multivariate regression approaches, and PLS Regression proved to be one of
the most performing in this sense. More information about this technique and its
application in the present work is available in Section 3.3.
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2.1.4. Classification

Classification represents a supervised learning approach that is used to create
categories of samples depending on their properties. The starting point of this
methodology involves the training of a mathematical model on a dataset of samples
with labelled characteristics. The information contained in the data is recognised
and used by the model to differentiate samples into categories, and once these
patterns are learnt and tested, they are used to predict in which group a new
unknown sample would be assigned to.

Multivariate classification methods started to be used in the 20" century, when
machine learning algorithms were developed specifically for -classification
purposes. In these years, techniques like Linear Discriminant Analysis (LDA, [16])
and Support Vector Machines (SVM, [17]) were born. The development of machine
learning techniques and their application in chemometrics during the 21 century
led to increasingly robust and powerful classification models, allowing new
methods to bloom. Nowadays, the applications of multivariate classification are
mainly addressed to sample identification [18,19], quality control [20,21] and
process monitoring [22].

2.1.4.1. Partial Least Squares - Discriminant Analysis (PLS-DA)

Partial Least Squares - Discriminant Analysis (PLS-DA, [12]) is one of the most
known and consolidated classification methods, thanks to its versatility and
robustness. It is a widespread classification technique, particularly appropriate to
handle complex and abundant datasets with rapid and reliable responses. The key,
in this sense, is the compression of the data in a space of lower dimensionality, that
simplifies their visualisation and interpretation, and also lightens the computational
operations and the operating time. Another relevant advantage of this method is
represented by the possibility of reducing the effects of noise and missing data,
avoiding influences and random fluctuations that can mislead the model. More
details about PLS-DA and its application in this Thesis are reported in Section 5.4.1.

2.1.4.2. Hierarchical classification

Hierarchical modelling [23,24] represents a classification technique which is
gaining popularity thanks to its efficiency in dealing with complex matrices: this
methodology is used when a hierarchical connection among the classes is present,
i.e., subclasses are included in bigger ones. For this reason, hierarchical models are
generally represented by tree-structured diagrams, whose main structures are shown
in Figure 2.2. These diagrams are also known by the name of “dendrograms”, from
ancient Greek “dendron”, meaning “tree”.
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Figure 2.2. main ways for visual representation of dendrograms. (a) and (b) are the most
used. (from Clustering and Classification, Arabie Hubert and De Soete, 1999, [25])

Although there are many ways to find groups of samples by means of this
methodology, the most used hierarchical algorithms in chemometrics are
agglomerative and divisive. In the first case, each object in the dataset represents a
class itself, and at each iteration of the algorithm the number of classes
progressively decreases, as the most similar ones are agglomerate (merged).
Depending on the definition of similarity/dissimilarity between classes, different
clustering strategies can be chosen. Divisive algorithms exploit the same criteria for
the identification of groups among samples, but work in the opposite direction:
initially, all the objects belong to a general and comprehensive class; then, any
existing class is divided into two, until each object of the dataset is separated and
represents an individual class.

A deeper description of the algorithms behind this methodology, the types of
hierarchical classification and how this approach was used for the classification
purposes of this Thesis can be found in Section 5.4.2.

2.2. Near-Infrared (NIR) spectroscopy

In the following sections, the instruments used for the spectroscopic analyses in the
projects of this Thesis are presented.

2.2.1. NIR experimental setup

The NIR spectrometers consist in a source of radiation (the most used is a tungsten-
halogen lamp, but also LED and diode lasers are employed), an interferometer that
allows to measure all the wavelength of the interval of interest at once, and a
detector. The information is collected and represented by an interferogram, which
needs to be mathematically transformed in order to make the information
interpretable: to do that, the Fourier transform is applied, converting the
interferogram into the infrared spectrum.
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The NIR spectrometers exploit two main different operating modes: transmittance
and reflectance. Transmittance is usually applied in the analyses of liquid samples,
with the light beam going through the specimen and being detected on the opposite
side. On the other hand, reflectance is used to analyse solid samples, and in this
case the light beam is reflected by the surface of the material and then collected by
the detector, which lies on the same side of the light source. The physical principle
behind the operation mode of the spectrometers implies that the light beam coming
from the source is depleted of certain wavelengths after the interaction with
samples, due to the absorption of light by the molecules. The spectrometers measure
the difference between the starting signal and the one recorded after the interaction
and translate this information into a transmittance or reflectance spectrum, which
can be eventually turned into an absorbance spectrum.

Lots of NIR spectrometers are benchtop laboratory instruments, but in the last
decades portable handheld NIR devices became increasingly popular [26], thanks
to their suitability and to the possibility of making in-situ analyses. In this thesis,
both benchtop spectrometers and the SCiO Pocket molecular sensor (vl.2,
Consumer Physics Inc., Tel Aviv, Israel) were used to collect the NIR spectra in
reflectance mode.

2.2.1.1. Benchtop instrument: Bruker MPA

A Dbenchtop Fourier transform-NIR (FT-NIR) spectrometer (Multi-Purpose
Analyser—-MPA, Bruker Optics, Ettlingen, Germany) equipped with an integrating
sphere and an optical fibre reflectance probe was used for samples acquisitions.
This spectrometer is represented in Figure 2.3. The instrumental settings for the
MPA operated in sphere mode were: 800—2780 nm (12500-3600 cm™') spectral
range, 8 cm' optical resolution, and 10 kHz scanner velocity. A sample holder of 9
cm of diameter, equipped with a quartz window on the bottom, was used to sample
acquisition. Regarding the MPA operated in optical fibre probe mode the
instrumental settings were: 800-2500 nm (125004000 cm!) spectral range, 16
cm! optical resolution and 20 kHz (probe) scanner velocity. In both MPA
acquisition modes, 64 scans for both sample and background acquisition were
collected, which were eventually averaged resulting in one individual spectrum for
each sample. Background scans were performed using the instrument’s internal
reference standard. The Opus software (v6.5, Bruker Optics, Ettlingen, Germany)
was used for instrumental control and for spectra acquisition.
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Figure 2.3. Multi-Purpose Analyser—MPA 1I by Bruker.

2.2.1.2. Portable instrument: the SCiO

A representation of the SCiO portable spectrometer is displayed in Figure 2.4. The
instrumental settings for the SCiO device are non-customizable and are fixed as
follows: 740-1070 nm (135109340 cm™') spectral range, 10 cm™' resolution, and
time scan of approximately 5s. Spectral scans were managed through the SCiO
smartphone app (The Lab, version 2.5.3), which allows for controlling the sensor
via Bluetooth connection and also uploads all acquired data on the Consumer
Physics Cloud database, which is accessible via browser to inspect and download
the raw data.

Figure 2.4. the portable SCiO spectrometer.
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2.2.1.3. HSI instrumentation

The HSI device used in the rice project is shown in Figure 2.5. It involved a NIR-
HSI camera (Specim FX17, Finland), connected with a motorized scanning bed
(LabScanner Setup 40x20 cm) where samples were placed. The instrumental
settings for this setup were: 935—1720 nm spectral range, 2.25 mm/s bed scanning
speed, 3.5 ms exposure time, 32 Hz frame rate. To calibrate the NIR camera before
each acquisition, an internal black reference standard and an external white
reference standard surface were used, as the black standard represents the complete
absence of light reflectance, while the white one provides the total reflection of
light. The white surface lies at the beginning of the scanning bed, just before the
samples, and the image acquisition starts once the white calibration is finished.

Figure 2.5. NIR-HSI setup of the University of Barcelona, used in the rice project.
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Concerning the Help2Grow project, the hyperspectral images were acquired using
a line scanning system (NIR Spectral Scanner, DV Optic) equipped with a Specim
ImSpector N17E imaging spectrometer coupled to a Xenics Xeva-1.7-320 camera
(320 x 256 pixels) embedding Specim Oles 31 /2.0 optical lens. The spectral range
covered by the hyperspectral system was between 900 a 1700 nm, although only
the wavelengths in the interval 980—1660 nm were considered, to remove the noisy
regions in the extremities of the spectra. The spectral resolution was 5 nm. The
background of the hyperspectral images was represented by a black silicon carbide
sandpaper sheet. A ceramic tile with a 99% reflectance standard reference and two
ceramic tiles with intermediate reflectance values, respectively corresponding to
89% and 46%, were included in the images.

2.3. Case studies: samples and datasets

In this section, the samples analysed in this Thesis and the data pre-processing are
described. The samples of the NEWPOW project are firstly presented, followed by
those of the Rice-HSI and Help2Grow projects.

2.3.1. NEWPOW project: description of the hazelnut samples and
lipid extraction

A total of 56 samples of raw hazelnuts from different countries (Italy, Turkey,
Azerbaijan, Georgia, and Chile) were analysed. Each sample was ground with a
Retsch ZM200 grinder (Retsch Gmbh, Haan, Germany) and sieved using a
vibratory sieve shaker BA 200N (CISA Sieving Technologies, Llica de Vall,
Barcelona, Spain). The particles of sizes in the range 250-500 pm were selected,
and finally all samples were stored in hermetically sealed polyethylene bags at
about —20 °C. Prior to analysis, samples were allowed to warm up to room
temperature (~20 °C).

Colleagues of the University of Turin handled the lipids extraction processes,
detailed hereafter. To reduce the volume of organic solvent used and the time
extraction [27], the crude fat content of the samples was determined according to
the Randall/Soxtec modification of the standard Soxhlet extraction method (AOAC
948.22)[28]. The hot solvent extraction process was carried out with a SER 148
Solvent Extractor (Velp Scientifica Srl, Usmate Velate (MB), Italy) equipped with
three Soxhlet posts. In each Soxhlet post, 5.000 = 0.001 g of hazelnuts powder was
extracted with 99% n-hexane, analytical grade (Sigma-Aldrich, Milan, Italy), for a
total of 120 min. The extraction process involved three semi-automated steps.
During the first step, the thimbles containing the sample were immersed in the
boiling solvent (60 mL, 130 °C, 60 min); then, the level of the solvent was lowered
below the extraction thimbles. The second step (washing step, 60 min) allowed the
continuous flow of condensed solvent over the sample and through the thimble,
completing the solvent extraction. During the last step (30 min), as much solvent as
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possible was distilled and recovered from extraction cups until apparent dryness.
Finally, the extraction cups, including the extracts, were dried at 105 °C for 1 h,
cooled in a desiccator to room temperature, and weighed to calculate the extract
percentage.

The results were expressed as total grams of extracted lipids, with their respective
percentages related to the initial weight of ground hazelnuts. Three replicates were
extracted simultaneously for each hazelnut sample.

2.3.1.1. NIR spectra acquisitions and pre-processing

All NIR analyses were performed using the benchtop MPA spectrometer and the
SCiO portable device described in Section 2.2.1, where also the instrumental
settings for the two instruments are highlighted. The measurements were performed
in reflectance mode on the ground samples obtained as described in Section 3.3.1.
For each specimen, three spectra were collected as replicates with the benchtop
MPA instrument, while six replicates were acquired with the SCiO portable device.
An average spectrum was then calculated from the replicates after proper replicate
quality evaluation. One average spectrum was therefore obtained for each
individual sample, and all further data analysis steps were done on the averaged
spectra.

The raw NIR spectra were analysed under MATLAB environment. The MPA
spectra needed to be cut at the extremities, to remove areas that were particularly
noisy. The obtained range was 1117-2561 nm for the MPA operating in sphere mode
and 1121-2254 nm for the MPA operating in probe mode. Such correction was not
necessary for the SCiO spectra. Furthermore, all datasets were pre-processed with
SNV, with the purpose of eliminating artefacts and correcting nonlinear behaviours,
due to potential scattering effects originating from the granular nature of the
samples. Mean-centring was also applied prior to any multivariate data analysis.

Figure 2.6 provides a visual representation of the data preprocessing steps, depicted
according to the three datasets. The spectra with no pre-treatment (Figure 2.6a—c)
are reported in the first row; the spectra pre-processed with SNV (Figure 2.6d—f)
lie in the central row, and the spectra with SNV followed by mean centering
preprocessing (Figure 2.6g—i) in the bottom row. The samples are coloured
according to their lipid content: blue corresponds to lower lipid content determined
by Randall/Soxtec extraction, while yellow corresponds to higher lipid content.
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Figure 2.6. Visual representation of the data-preprocessing pipeline (from top to bottom
along each column): raw NIR spectra of the hazelnut samples (a—c); spectra preprocessed
with Standard Normal Variate (SNV) (d—f); spectra preprocessed with SNV + mean
centering (MC) (g—i).

2.3.2. Help2Grow project: description of the vineyard and the
leaves samples

A scheme of the vineyard where the acquisitions were performed is displayed in
Figure 2.7, while Figure 2.8 represents a picture of the vineyard taken during an
investigation day in June. The vineyard consisted in 16 grapevine lines, divided into
8 lines where the fungi responsible of the development of downy mildew were
inoculated, and 8 lines for the inoculation of the fungi responsible of the
development of powdery mildew. Thirteen different treatments were applied, each
one replicated four times at different vineyard heights (indicated in Figure 2.7 with
the letters a, b, ¢, d). Among the 13 total treatments applied to the plants, only seven
were considered of interest for the purposes of the Help2Grow project, and
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consequently just the grapevines that underwent the chosen treatments were
analysed. The description of the selected treatments with the corresponding
numbers in the grapevine lines are summarised in Table 2.1.

Table 2.1: description of the treatments applied to the grapevine plants and the respective
number in the vineyard.

Treatment number on the vineyard Description
0 No treatment applied to the plants
1 Plants treated just with water
2 Plants treated with fungicide
6 Plants treated with activated water “T-sonik”
. Plants treated with fungicide + activated water
“T-sonik”
9 Plants treated with half-dosage fungicide

Plants treated with half-dosage fungicide +

13 . .
activated water “T-sonik”

The treatments number six, seven and thirteen involved the use of the “T-sonik”
water: this name refers to a technology that involves the use of ultrasonic devices
to improve the properties of water that will be used in agriculture. These ultrasonic
activators increase the oxigenation of water and ease the solubilisation of nutrients,
improving the crop quality and yield with resulting in less maintenance.

The in-situ analyses were performed from the 6 of June until the 1% of August, one
time per week. After the summer break, three more sets of analyses were carried
out in October (12, 19" and 26'™ of October 2022). The plants were analysed in-
situ with the SCiO portable spectrometer, collecting six spectra for each treatment,
also analysing the four replicates for both the diseases affecting the plants. The
amount of spectra collected after each investigation day was 336, which was
eventually reduced to 14 spectra after averaging firstly the six acquisitions per
treatment, and then the four replicates.

35



I

[ | B
0 | 52
€
@ | ] 51
Q [ ] =
8 [ | 2
c
= [ |
2 |
o) [ | %
>_
[ | &
[Cpel peET_Pr[ PS[ P9l pi] paju
[CPe[ PO PIi[ Pzl PEF] POl P = %
R 98] EE] | 2] 28] 961 201 S
» [T T | 0] 0] 2] _9E] = €
o >
g [a@s] ai] ge] g8 Goi[  anilazi]a S
A
o [Gerlaol qL] az] ag | apl _gg®» o
o 2
.. [es] es[ eol[ ELI[ BZI[ EEl] E0]= fe]
[} o
9 el ezl 23| P BS] B9l eilw
s | %
f“:o [Pzl PET BE| BE ] E]| BRI pE] =
©
5 [ pel PO Pid[ PZi]  PEL] POl P
[T E EE] | L] 28] 96] 201 u %
[oriT ozl 9e] 0] E ozl oE] = 2
| ICT] T a2 ] G]  aopl  appl gz S,
[GEFTao] ai] az] ag ] ap[G5] = g
[CEs[ e[ e0f[ Efi[  eBgi] Eei| egl=» 8
[ErTez] BE EF] EG E] TR 2
[ | @
| %
I 1 |
[ ] m
[ I | B
I I | »
[ | 2
[ I ]
[ [ ] 8
[ [ | 8
| I ] 7
[ I ] %
| —
I
—
o
o =
L
=
"
| —
L]
I
——
s
I I
———— 1.
 E—
2
|

Figure 2.7. scheme of the vineyard in the Department of Agricultural, Forest and Food
Science of the University of Turin, where the acquisitions were performed.
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Figure 2.8. photo of the vineyard of the University of Turin, taken during one investigation
day in June.

Unfortunately, some criticalities occurred in the achievement of the Help2Grow
targets: the Summer of 2022 was particularly hot and dry, and these extreme
conditions limited the normal and expected development of the downy and powdery
mildew. In fact, during the last summer investigation on August 1%, the grapevine
leaves still looked healthy, and no typical signs of the diseases were observed.
During the investigation days of October, it was noticed that some plants started
developing the diseases, particularly those affected by the downy mildew.
Concerning the other diseases, it was too difficult to state the presence of the
powdery mildew with the naked eye. In the attempt of obtaining some more
information about the development of these diseases, in particular for the powdery
mildew, it was chosen to collect some leaves during the last investigation on
October 26™, which were frozen at -20 °C the same day in the laboratory of
Polytechnic of Turin. Later, they were brought to the laboratory of the University
of Modena and Reggio Emilia to be analysed through hyperspectral imaging.

The leaves were collected following this criterion: both for the lines of downy and
powdery mildew diseases, the plants were inspected to collect a set of healthy and
a set of ill leaves, or those that at least appeared to be so to the naked eye. This was
particularly difficult considering the powdery mildew, because even expert
personnel were not able to certainly state which leaves were ill or healthy. On the
contrary, the plants affected by downy mildew clearly showed the typical white dots
profile on the back of the leaves, thus in this case it was easier to discern between
healthy and ill leaves and to correctly sample them.
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Another challenge arisen during the hyperspectral analyses concerned the leaves
dryness and yellowing, due to the advance of the fall season, and that made
impossible for many leaves to be analysed. For this reason, it was not possible to
analyse the leaves of plants belonging to all the treatments considered in this
project, and the analysis was restricted to the leaves of treated plants showing better
physical conditions. For each selected treatment, 4 leaves were collected, reaching
a final amount of samples equal to 40. Table 2.2 summarizes the sampling done
during the last investigation day of October.

Table 2.2. health condition and type of treatment of the leaves collected in the investigation
day of the 26™ of October 2022.

Health condition of the leaf Type of treatment considered
(to the naked eye)
Healthy e No treatment

e Fungicide
e Activated H,O “T-sonik”

1 e No treatment
e Activated H,O “T-sonik”

The sampled leaves were kept frozen until the 6" of May 2024, when they were
transported to Reggio Emilia and analysed with HSI. This part proved to be critical,
as the first problem concerned the long conservation time of the leaves, which could
have caused their lyophilization and a possible consequent adulteration of the
samples. Secondly, the leaves were transported to the University of Modena and
Reggio Emilia with a thermostatic box equipped with ice-cold tiles.

2.3.2.1. Data acquisition and pre-processing

Once the laboratory located in Reggio Emilia was reached, the leaves were firstly
analysed with the SCiO instrument, and then, immediately after, with the HSI
equipment. For each leaf, three acquisitions were performed with SCiO on the front
and the back side, collecting six spectra per leaf which were averaged, obtaining
one spectrum for the front and one for the back side. The spectra were pre-processed
with SNV prior to any multivariate data analysis.

Concerning the hyperspectral acquisitions, two leaves of the same treatment at a
time were put on the black sandpaper sheet, and an image was collected for the front
and one for the back side. The final amount of collected images was 80. After the
acquisition, the images were processed with an in-house MATLAB routine. The
first step involved the selection of the Region of Interest (ROI, [29]) ich was used
to cut the images as close as possible to the leaves’ profiles. Then, the background
was removed by selecting a threshold value of reflectance at the wavelength of 1000
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nm: all the pixels having reflectance lower than 0.42 were not considered in the
further steps.

Prior to any multivariate data analysis, the hyperspectral images were then
converted to one-dimensional signals, called Common Space Hyperspectrograms
(CSH, [30]): this procedure starts with an initial unfolding into 2D matrices, with
each row corresponding to one image pixel and each column corresponding to each
wavelength in the analysed spectral range. These matrices are then pre-processed
with SNV and scaled using the mean spectrum obtained by calculating the average
spectrum of all the pixels of the collected images. After this step, a PCA was
calculated considering the first four PCs, and the CSH of each image was obtained
by plotting the frequency distribution curves of the four PCs, the Q residuals and
the Hotelling’s T2 vectors, considering 137 bins. The representation of the global
CSH for the collected images is represented in Figure 2.9.
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Figure 2.9. visual representation of the CSH for the 40 leaves analysed with HSI.

Once calculated, CSH data were analysed through PCA to inspect the information
about the grape leaves, as described in Section 4.3.
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2.3.3. HSI project: description of the rice samples

Ente Nazionale Risi, a public economic body supervised by the Italian Ministry of

Agriculture, Food Sovereignty and Forestry, provided rice grains samples of 47
different rice varieties: 36 Italian, 18 from all over the world, in particular Sri Lanka,
Malesia, Bangladesh, Philippines, Indonesia, Taiwan, Australia, Brazil, India, and
Louisiana. All descriptive information about the samples is summarised in Table

2.3.

Table 2.3. Information about the rice varieties provided by Ente Nazionale Risi, with
specifications concerning taxonomy, origin, shape of the rice grain and amylose content.

Variety Taxonomy Origin Shape of the rice grain Itg:l)l(:lste
Arborio Oryza sativa (japonica) Italy Long A (Internal Market) Low
Argo Oryza sativa (japonica) Italy Medium High
Baldo Oryza sativa (japonica) Italy Long A (Internal Market) Low
Carnaroli Oryza sativa (japonica) Italy Long A (Internal Market) High
Castelmochi Oryza sativa (japonica) Italy Round Waxy
CL12 Oryza sativa (japonica) Italy Round Low
CL15 Oryza sativa (japonica) Italy Round Low
CL18 Oryza sativa (japonica) Italy Round Low
CL26 Oryza sativa (japonica) Italy Long B High
CL28 Oryza sativa (japonica) Italy Long B High
CL31 Oryza sativa (japonica) Italy Long A for parboil Low
CL33 Oryza sativa (japonica) Italy Long A for parboil Low
CL35 Oryza sativa (japonica) Italy Long A for parboil Low
CL71 Oryza sativa (japonica) Italy Long B High
CL80 Oryza sativa (japonica) Italy Long B High
CL338 Oryza sativa (japonica) Italy Long A (Internal Market) Low
CL510 Oryza sativa (japonica) Italy Long A (Internal Market) Low
Cripto Oryza sativa (japonica) Italy Round High
CRLB1 Oryza sativa (japonica) Italy Long B High
CRW3 Oryza sativa (japonica) Italy Round Waxy
Dedalo Oryza sativa (japonica) Italy Long B High
Drago Oryza sativa (japonica) Italy Long A for parboil Low
Duilio Oryza sativa (japonica) Italy Medium Low
Elio Oryza sativa (japonica) Italy Round High
Europa Oryza sativa (japonica) Italy Long A for parboil Low
larim Oryza sativa (japonica) Italy Long B High
Italmochi Oryza sativa (japonica) Italy Round Waxy
Lince Oryza sativa (japonica) Italy Long A for parboil Low
Padano Oryza sativa (japonica) Italy Medium Low
Pegaso Oryza sativa (japonica) Italy Long B High
Prometeo Oryza sativa (japonica) Italy Round High
Puma Oryza sativa (japonica) Italy Long A for parboil Low
S. Andrea Oryza sativa (japonica) Italy Long A (Internal Market) Low
Selenio Oryza sativa (japonica) Italy Round Low
Tiberio Oryza sativa (japonica) Italy Long A for parboil High
Valente Oryza sativa (japonica) Italy Long A for parboil Low
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Kaluheenati Oryza sativa Sri Lanka Medium Not defined

Hetadawee Oryza sativa Sri Lanka Medium Not defined
IR6 Oryza sativa Philippines Long B High
IR 50 Oryza sativa Philippines Long B Not defined
IR 64 Oryza sativa Philippines Long B High
Cisokan Oryza sativa Indonesia Medium High
Taichung sen 17 Oryza sativa Taiwan Medium Not defined
Doongara Oryza sativa Australia Long B High
IAC 165 Oryza sativa Brazil Long A for parboil High
Fedearroz 50 Oryza sativa South America Long B High
Cypress Oryza sativa Louisiana Long B High

A total amount of 115 rice grains per variety was analysed. Prior to the acquisition
of the hyperspectral images, it was necessary to remove the husk that covered the
rice grains, a step which was done manually. Both before and after the images
acquisition, the samples were stored in plastic bags at room temperature (~20 °C).

2.3.3.1. Images acquisition and pre-processing

All the images are collected in reflectance mode and pre-processed through an in-
house written MATLAB routine. The first step after the acquisition is the
conversion of the signal from reflectance to absorbance. Subsequently, the pixels
were binned to obtain a square shape, as initially the vertical dimension was double
than the horizontal one: sometimes, it is possible to obtain images where pixels are
not squared, and one axis (generally the vertical one) is longer or shorter than the
other. The reason is that the shape of the pixel is affected by the rate of the image
acquisition: while the horizontal axis is fixed, the vertical one follows the
movement of the scanning bed, so the lower the rate of acquisition, the longer the
vertical dimension of the pixel, and vice versa. The binning can solve this criticality,
shaping the pixels squared. Subsequently, the images were treated to remove the
background: each hypercube was unfolded multiplying the two spatial dimensions,
resulting in a 2D matrix where each row corresponds to one pixel and each column
to the wavelength in the selected spectral interval. Then, a threshold of absorbance
was chosen, below which all the values were turned to zeros. In this way, the noisy
signals due to the absorbance of the background were removed from the images.

Afterwards, another in-house MATLAB function was developed to correct the
optical distortion provoked by the round shape of the camera’s lenses, which caused
an elongation in the pixels at the extremities of the image, consequently altering the
actual shape of the rice grains. This optical effect affects the computation of the
morphological parameters and, if not corrected, unreal shapes could be processed
and then fed to the multivariate analysis steps. As a consequence, the measured
morphological parameters would not reflect the reality of the scanned samples
introducing a bias. Once these steps were finished, the 2D matrix was folded back
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to a 3D hypercube. This final matrix was composed of 115 rows, one representative
of each rice grain.

2.3.3.2. Morphological parameters extraction

In-house MATLAB functions and scripts were exploited for the extraction of all the
morphological information from the hypercubes. Initially, it was necessary to define
which morphological parameters to compute and analyse; the chosen parameters
and their description are resumed in Table 2.4. Before any multivariate analysis,
the morphological data were pre-processed with Autoscaling.

Table 2.4. Morphological parameters used for the structural analysis of the samples.

Parameter Description

A Measured as the number of pixels in a selected region of the
rea .
image, returned as a scalar.

A quantification of the roundness or similarity of a shape to a

perfect circle.
Circularity

2 .
4-m-Area 0.5 Perimeter
_— -(1——) ,wherer = —— 4+ 0.5
Perimeter? r 27

A measurement of how elongated or stretched a shape is
compared to a perfect circle.
Eccentricity
Distance between the foci of the ellipse

Major axis length

Length (in pixels) of the major axis of the ellipse that has the
Major axis length same normalized second central moments as the region,
returned as a scalar.

Length (in pixels) of the minor axis of the ellipse that has the
Minor axis length same normalized second central moments as the region,
returned as a scalar.

Length of the boundary of the identified sample’s region,

Perimeter
returned as a scalar.
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The morphograms

During this study, it was chosen to try to explore an original way to handle the
morphological data, with the so-called “morphograms”, which allow to inspect
several morphological parameters of interest in datasets with a high number of
samples. The morphogram of a rice variety is elaborated concatenating the
histograms of the different morphological features, which are obtained using the
115 values of the rice grains analysed (otherwise, no distributions could be drawn
from an averaged dataset). The first step for this elaboration involved writing an in-
house MATLAB function to preliminary define the proper number of bins for this
analysis, which was chosen to be 30. Further, as the values of the morphological
features for each rice grain per image fall into their respective bins based on defined
intervals, they are counted accordingly, resulting in a histogram in the end. As an
example of this methodology, in Figure 2.10 the morphogram of Dedalo (in red)
and Elio (in blue) rice varieties are displayed. The comparison between these two
varieties was chosen because their shape is poles apart: Dedalo belongs to the “Long
B” shape category, while Elio is a round-shaped rice type.

The figure shows six concatenated histograms (from a to f), each one corresponding
to one of the morphological parameters defined in Table 2.4.
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Morphogram - Dedalo vs Elio
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Figure 2.10. A morphogram example comparing the Dedalo (red) and Elio (blue) varieties.
The distributions of the considered morphological parameters are sorted from the left to the
right in the following order: (a) Area, (b) Circularity, (¢) Eccentricity, (d) Major axis length,
(e) Minor axis length, (f) Perimeter.

In this visual representation of the morphological parameters of the samples, the
structural differences among them are highlighted: despite the values of the area of
the rice grains are distributed very similarly for the two varieties, the other
parameters underline significant differences in the shape of the kernels (i.e., for all
the other parameters). The most different parameter between the two varieties under
examination is Circularity (Figure 2.10b), for which the distributions of both
varieties lie in completely separated intervals, and the Elio rice shows clearly higher
values. Eccentricity (Figure 2.10c¢) is antithetical to circularity, and in fact Dedalo
shows higher values as the shape of these rice type is more elongated. Similar
considerations can be done for the other parameters.

Other than a visual representation of the morphological parameters, morphograms
can represent an original way to handle the morphological data since, in principle,
they carry more information than the simple set of averaged values: the latter
consists of the mean value alone, while the morphogram describes the distributions,
which encompass the mean value, the dispersion around the mean, but also possible
deviations from the distribution around the mean; thus, a normal or at least centered
distribution is not assumed, while with the simple mean value that number is taken
as representative for that sample. This type of data was exploited to look for
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structural similarities/differences among the inspected rice varieties, and the results
for this inspection are shown in Section 5.2.1.1.

2.3.3.3. NIR spectra extraction and pre-processing

To extract the NIR data from the hypercubes, the MIA Toolbox was exploited. In
each image, each rice grain is described by several pixels, each one containing an
NIR spectrum. In the present case, an average of the spectra (and thus, of the pixels)
belonging to each individual grain was computed, so that for each grain a single
representative spectrum was obtained. As an output, each rice variety was therefore
represented by 115 NIR spectra (one for each grain), which were then pre-processed
with Savitzky-Golay derivative (1% derivative, 2" polynomial order and 11 pt
window), normalization (2-Norm) and mean centering. The spectral range was cut
to remove noisy areas at the extremities, obtaining a new range of 1100—-1634 nm.

2.4. Software, toolboxes and in-house MATLAB routines

All data analyses reported in this Thesis were carried out under the MATLAB
environment (2020a, The Mathworks Inc., Natick, USA).

All multivariate data analyses were performed using the PLS Toolbox (v9.1,
Eigenvector Research Inc. WA, USA).

For instrumental control and for spectra acquisition with the benchtop Bruker
MPA spectrometer, the Opus software (v6.5, Bruker Optics, Ettlingen, Germany)
was used.

For the HSI instrumental settings and acquisition, the LUMO (Specim, Spectral
Imaging LTD, Oulu, Finland) software was used for the acquisitions of rice images.
To acquire the images of the grapevine leaves, the SpectralScanner (DV S.r.l,
Padua, Italy) software was employed.

NIR spectra extraction from the HSI images was performed using the
MIA Toolbox (v3.1, Eigenvector Research Inc. WA, USA).

Morphological parameters extraction from the HSI images was computed using
an in-house MATLAB routine written by Rodrigo Rocha de Oliveira (University of
Barcelona).

To create the Common Space Hyperspectrograms (CSH), Hyper-Tools (v3.0,
freely available at https://www.hypertools.org/, last visited in Jan 2025) was used.
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Chapter 3

NEWPOW: determination of lipid
content in hazelnuts

In this chapter, the research conducted within the NEWPOW project is presented.

3.1 The project

Hazelnuts (Corylus avellana L.) are broadly cultivated and exported worldwide,
with a production volume exceeding one billion tons in 2020 [1]. Turkey stands as
the main producer, contributing approximately 70% of the world’s production,
followed by Italy at nearly 20% [2]. The success of hazelnuts as food, beyond the
taste, is due to their high nutritional and nutraceutical properties, mainly coming
from their fat content (approximately 60% in weight), mostly consisting in
unsaturated fatty acids, particularly oleic, linoleic and linolenic acids) [3].
Moreover, hazelnuts are also rich in proteins, which provide near the 25% of their
total energy content [4], as well as carbohydrates and dietary fibres, and are rich in
essential micronutrients and non-nutritive valuable components, including vitamins
(e.g., tocopherols, valuable antioxidant vitamins), healthy minerals (such as
calcium, magnesium, and potassium), phytosterols, and polyphenols [5].

Quantitatively, the lipid fraction is the most abundant constituent of hazelnuts, and
therefore, the most significant in terms of energy intake, organoleptic quality, and
storability [4]. In some cases, a high lipid content is beneficial, for example in the
field of hazelnut oil production. On the other hand, other circumstances like the
excessive calorie intake, or the increase in susceptibility to lipid oxidation, could
lead to an opposite choice. Therefore, total fat content becomes a relevant quality
parameter for processors and manufacturers. In this context, the most used
analytical techniques to determine and quantify the fatty acid composition, at
laboratory scale, are generally time-consuming and involve expensive
instrumentation, demanding also high scientific expertise. With respect to these
observations, the application of NIR spectroscopy to the analysis of hazelnut
samples was explored with the aim of quantifying the total lipids, as a potential
alternative to the conventional Soxhlet extraction methods, which are expensive,
time consuming, and involve hazardous and non-ecofriendly solvents.

49



3.2. PCA results and discussion

The results of the exploratory analysis on the NIR data obtained from the hazelnut
samples (Section 2.3.1.1.) are shown in Figure 3.1: for each dataset, the most
informative combinations of principal components are reported (Figure 3.1a—c)
together with the respective loadings (Figure 3.1d—f), and the samples are coloured
according to their lipid content. It is possible to observe a trend in the distribution
of the samples: the scores follow the directions described by the red arrows, from
lower to higher contents of lipids.
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Figure 3.1. PCA results for the three analytical techniques of the study. The score plots are
shown in the first row (a—c), with the samples coloured according to the lipid content and
the content trends highlighted by the red arrows (from low to high). In the second row (d—
f) the corresponding loadings plot are reported, showing the variables that are important
for each PC reported in a—c.

These preliminary results suggested the presence of a trend in the spectral data
related to the lipid content of hazelnuts, according to their chemical profile. Starting
from these observations, it was decided to continue with a further modelling step,
with the aim of predicting the fatty acids content directly from the spectral
information, using Partial Least Square (PLS) regression.
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3.3 Partial Least Square (PLS) Regression

PLS-R and PLS-DA are both children of the PLS family, and both work with LVs
to lower the data dimensionality and to model X and Y, which is conceptually
similar to the decomposition made by PCA. These decomposition methods aim at
modelling relationship among variables, and this information can be used to further
describe samples with unknown response value. The main difference between PCA
and PLS is that the latter is a supervised method, so during the modelling phase, the
bilinear decomposition is performed so that only the information contained in X that
relates to the response variable Y is actually modelled. In the case of PLS-R, the Y
response is quantitative: for example, it is possible to relate spectral data to the
chemical features of the samples, measured with other/traditional reference
techniques.

When a model is built and validated, it is possible to exploit its predictive power to
obtain the chemical composition of a sample simply based on its spectrum. This is
one of the main advantages of this technique with respect to the traditional
analytical methods in chemistry, as it allows rapid and cost-effective analyses,
avoiding wastes and use of solvents.

In this project, to build the PLS model, the spectral dataset was initially split into a
training and a test set, with the test set consisting of 33% of the total number of
samples. In this way, a division into 38 samples in calibration and 18 samples in the
test set was obtained. This step was pursued using the Duplex algorithm [6], which
allows homogeneous sampling of the initial and complete dataset. Subsequently,
PLS was used for building the regression models to predict the lipid content of
hazelnuts, expressed in percentage, as obtained with the Randall/Soxtec extraction
method (Section 2.3.1). The regression performances were evaluated in terms of the
coefficient of determination (R?), the root mean squared error (RMSE), and the
Ratio of Prediction to Deviation (RPD, [7,8]).

3.3.1. PLS regression results and discussion

Starting from the preprocessed spectral dataset obtained from the three
spectroscopic techniques (i.e., MPA sphere, MPA probe, SCi0), one PLS regression
model was built for each one of them, with model-specific training and test sets for
model building and validation. The regression parameters are represented in Table
3.1, reporting the models’ complexities (number of latent variables, LVs), the
coefficients of determination (R?), the root mean squared errors (RMSEs), and the
RPD value. Both calibration and cross-validation (CV) values are reported in this
table: the parameters referring to CV are generally of major interest, as the CV
procedure better elucidates the robustness of the information contained in the data,
and consequently, the evaluation of the model performances is more reliable. A
visual representation of the predicted lipid content values, expressed in percentage,
plotted against the measured ones can be found in Figures 3.2a—c, while in Figure
3.2d-f the corresponding regression vectors are reported.
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According to these results, the regression model built with the MPA sphere data
showed the best performances for both calibration and validation, with a value of
R2cv = 0.903, which was higher than those obtained with MPA probe and SCiO.
Concerning the model’s error (the RMSEs), the MPA sphere in validation also
showed the lowest value, with RMSEcyv = 0.645, confirming that MPA sphere
models seemed to be more robust than the others. Despite this, even better results
were achieved with the MPA probe when considering the prediction step, with
R%prep = 0.897 and RMSEprep = 0.712: these results suggest that this technique
could be performing better in correctly predicting the lipid content of hazelnuts
when compared to the other NIR techniques used for the same purpose.

Table 3.1. Regression parameters from PLS models for the three NIR techniques. The three
models have different complexities (number of latent variables, LVs), and the parameters
used for describing the performances are the coefficient of determination (R2) and the root
mean squared errors (RMSEs). The subscripts stand for CAL = calibration, CV = cross
validation, and PRED = prediction (test set).

SCiO MPA Sphere MPA Probe

LVs 7 4 3

R%caL 0.717 0.925 0.846
R2cy 0.461 0.903 0.793
R%reD 0.550 0.713 0.897
RMSEcar 0.966 0.566 0.870
RMSEcy 1.332 0.645 1.008
RMSEprep 1.217 1.109 0.712
RPDcar 1.904 3.709 2.583
RPDcy 1.380 3.254 2.229
RPDprep 1.909 1.773 2.167

Globally, the results achieved with the SCiO proved to be worse than those obtained
with the benchtop MPA instrument, especially with respect to the values of the
coefficients of determination, with R*cy = 0.461 and R?prep = 0.550, which resulted
in much worse values than those obtained with the MPA instrument. The reason of
this behaviour can be ascribed to the restricted spectral range of acquisition of this
portable instrument, which can represent a limit if compared to a benchtop
spectrometer. In fact, the SCiO spectral absorption range only contains the last
overtones and combination bands of the NIR interval, while the larger acquisition
range of MPA can detect more signals than SCiO. Moreover, the reduced number
of samples could also represent a limitation to the performances of this instrument.
Despite this, the results obtained with the SCiO were interesting in the perspective
of in situ analyses: even if this technique is less accurate, it could lead to reliable
models if the number of samples employed to build the calibration model is
increased.

From the point of view of the RPD values, the best model, even if failing in
prediction, proved to be the MPA sphere acquisition mode, with values above 3 for
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the calibration and CV models. These results put the MPA sphere model in the
“screening/quality control” RPD bracket according to Williams [8], even if the
prediction RPD value of this model is very poor according to the same RPD scheme.
The MPA probe model can be placed into the “rough screening” RPD bracket, and
this is consistent with the interpretation of the other regression parameters, as
previously discussed: if compared to the MPA sphere acquisition model, the model
shows lower performances; therefore, the suggested applicability by Williams is
also less trustworthy (screening/quality control vs. rough screening). The SCiO
model once again proved to be less reliable, showing very poor performances from
the RPD point of view, especially when considering the CV figure, which places
this model into the Williams bracket of “not recommended” to be used. It is
important to consider that the aim of the study was to assess the performances of
the different instruments and acquisition modes, and the rather limited number of
samples already showed some limitations on the performances of the models when
inspected from the point of view of the traditional chemometric regression figures,
1.e., coefficient of determination and RMSE.

To identify and interpret the most influent NIR signals, the regression vectors of
each model, depicted in Figure 3.2d—f, were inspected. Lipids in hazelnuts
represent about 60% of the total amount of components, so it is consistent to think
that the signals of the regression coefficients can be mostly related to the lipids
absorption. The information found in literature concerning the determination of
fatty acids in hazelnuts shows that the main fatty acids analysed in this substrate are
palmitic, stearic, oleic, and linoleic acids, with a percentage of unsaturated acids
above 90% [9].
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Figure 3.2. PLS results for the three analytical techniques of the study. The prediction plots
are shown in the first row (a—c), with the samples coloured according to the lipid content.
The black-bordered markers correspond to the test set (predicted samples). In the second
row (d—f), the corresponding regression vectors are reported, showing the variables that are
important for each PLS model.

The interpretation of the regression coefficients is reported in Table 3.2. Aliphatic
peaks are located in the region between 1700—1900 nm, and they are related to the
first overtone, C—H, stretching [10,11]. These peaks fall within the MPA spectral
range, as the SCiO only covers the wavelengths between 740 and 1070 nm, so it is
not possible to detect these vibrations with this portable device. In particular, the
signals referred to C—H, stretching are the two peaks in the range of 1730—1760 nm,
which appear well defined for the MPA sphere, while the MPA probe shows a partial
overlap with the band at ~1900 nm, which is ascribable to O—H deformation and
stretching combination bands. Another strong signal which is possible to detect is
two narrow double bands at 2300-2340 nm, which could be related to C-H
stretching and deformation combinations of CH> of lipids. As the largest part of
fatty acids in hazelnuts is composed by unsaturated fatty acids, a strong band at
2100 nm, related to the C=C stretching, can be noticed. Other intense signals are
the C—H second overtone at 1214 nm of CH>, and CH> stretching at 1390 nm.
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Table 3.2. Interpretation of spectroscopic signals related to the fatty acids, with literature
references.

SCiO MPA (Sphere and Probe)
1214 nm, second overtone CH»
1390 nm, stretching CH»
C-H [9,10] 920 nm, stretching third overtones 1730—1760 nm, first overtone
2300-2340 nm, stretching and
deformation combinations CH»

Cc=CI9,10] / 2100 nm, stretching
O-H[11] 960-1050 nm, stretching Second1900 nm, combination band
overtones

Unassigned 780 nm, 830—850 nm 1600 nm

Within the SCiO spectral range, the vibration associated with the third overtone of
the C—H stretch of lipids at ~920 nm [10] is observed. Other strong signals detected
by this instrument can be referred to with O—H stretching second overtones, in the
range between 960—1050 nm [11]. This device can detect the signals related to the
absorption of fatty acids, in accordance with the aim of this study. This information
was used in the construction of the model, even if the regression parameters
underline that the obtained model is not robust enough to be used for reliable
predictions. As already stated above, this issue might be solved by considering a
larger number of samples to be included in the model.
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Chapter 4

Help2Grow: analysis of grapevine
leaves

In the following sections, the analysis of grape leaves carried out in collaboration
with the University of Turin and the University of Modena and Reggio Emilia will
be discussed.

4.1 The project

Vitis vinifera, also known as common grapevine, is the most famous flowering plant
in the family of Vitaceae. The story that involves the cultivation and domestication
of this plant dates back to antiquity, as it is supposed that this practice was born
some millennia before Christ, in a geographical area situated between present-day
Iran and the Black Sea [1-3]. Nowadays, the main interest towards the cultivation
of this plant is linked to the production of wine [4,5], but due to the particular
sensitivity of the grapevine to the environmental conditions, only specific areas of
the planet are suitable for this practice. These territories lie in the so-called “wine
belt”, and are Europe, Asia, New Zealand, and some parts of Africa, America and
Australia. The main European wine producers are Italy, France and Spain: in 2022,
the European union produced 16.1 billion litres of wine, with Italy and Spain
contributing with 5 bn litres each, and France with 3.4 bn litres (EUROSTAT, [6]).
Although this amount seems to be considerable, the wine production is facing a
gradual decline year by year, due, among other reasons such as economic and
sociologic matter, to the troubling phenomenon of climate change: the extreme
climatic conditions impact significantly the global wine production [7-9], requiring
continuous adaptation of cultivation practices and wine-making techniques to
ensure the survival and competitiveness of this sector.

Another criticality linked to the cultivation of grapevine and the wine production
involves the development of diseases caused by pathogens. These microorganisms
are generally viruses, bacteria and fungi and can infect the plant causing diseases
development both in pre- and post-harvest phases [10]. Regarding the fungal
diseases, grapevine is particularly vulnerable to downy mildew, grey mold, and
powdery mildew [11]. The issue of pathogen assault leads to the necessity of relying
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on pesticides, with harmful consequences for the environment and, potentially, also
the human health [12—14]. Due to the substantial risks associated with the use of
pesticides, many alternative strategies have been under development in the
agricultural field, with the aim of reaching a higher level of safety and sustainability
[15-17].

Nowadays, several methods are applied to monitor the growth of the vineyard,
mainly involving the use of remote sensing [18,19], or the application of sensors on
the field [20]. The main disadvantages of these technologies are the high costs and
the necessity of periodical maintenance to ensure the efficiency through time, as
well as the need of trained personnel for its use and the interpretation of collected
data. Moreover, these methods deeply depend on the atmospheric conditions for the
acquisition of data.

In the attempt to overcome these criticalities, the Help2Grow project proposed an
alternative analytical method based on acquisitions with NIR spectroscopy coupled
with chemometrics. The aim was to evaluate this method as a rapid, cost-effective
alternative in the monitoring of the growth of grapevine plants located at the
Department of Agricultural, Forest and Food Science of the University of Turin.
These plants were processed with different treatments to preserve their integrity
from pathogens, and with this study it was tried to test the efficacy of these
treatments and their combination in the obstruction of fungal growth.

The acquisitions were performed firstly with the SCiO portable spectrometer (more
details about this instruments in Section 2.2.1.2), which allowed to collect the
spectra in-situ during the investigation days throughout the plant productive season;
then, during the last investigation, some leaves were taken, brought to the
laboratories of Polytechnic of Turin and frozen, to be subsequently transported to
the University of Modena and Reggio Emilia for the analyses with HSI.

4.2 PCA results and discussion

A first PCA model was calculated considering all the acquisitions carried out on the
field, from the 6™ of June to the 26" of October 2022, and the results are shown in
Figure 4.1. In this figure, samples are coloured in blue or in red, according to the
disease developed on the leaf, with a darkening shade representing the evolution of
the acquisition time. The shape of the scores represents the type of treatment the
plants underwent, which involved treatment with water, fungicide, activated water,
half-dosage fungicide and no treatment.
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Figure 4.1: PCA results for the analysis of grape leaves with SCiO, from the 6™ of June to
the 26™ of October. The blue scores refer to the samples affected by downy mildew, while
the red ones refer to the samples affected by powdery mildew.

What emerged from this analysis was that the samples acquired in October (in the
green area) are well distinguished from the others. The leaves analysed in October
appeared dry and ruined, so these results proved that this analytical method can
detect structural differences in the samples linked to the seasonal deterioration of
the leaves. No trends in the samples were observed concerning the type of treatment
carried out.

Subsequently, it was chosen to separately inspect the data acquired in the summer
surveys, as the leaves were not deteriorated by the progress of the Fall season.
Figure 4.2 displays the results of PCA with the data collected from the 6™ of June
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to the I of August.
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Figure 4.2. PCA scores (a-b) and loadings (c-d) for the analysis of grape leaves with SCiO,
from the 6 of June to the 1% of August. The blue objects in the Scores plots refer to the
samples affected by downy mildew, while the red ones refer to the samples affected by
powdery mildew.

The scores plot in Figure 4.2a and 4.2b highlight a peculiar behaviour for the
sample of grape leaves affected by downy mildew: on the right side of PC1 only lie
the samples exposed to this disease and treated with fungicide (in the red circle). A
viable assumption is that these treatments had a positive impact in contrasting the
development of the disease, generating changes detectable with spectroscopy in the
leaves which are different from the other samples submitted to treatments with just
water, or that were not treated at all, and that could consequently have started to
develop the disease. Concerning the loadings, the positive peak around 950nm in
PC2, which becomes negative in PC3, (Figure 4.2¢ and d) can be ascribable to the
absorption of water [21], in particular the third overtone of the O—H stretching. The
PC3 shows also a negative peak between 760 and 790 nm, probably due to the
absorption of chlorophyll [22]. This observation might suggest that the
differentiation among the leaves under examination is influenced by the content of
these two chemical components, which is consistent with the fact that the leaves
analysed in October were visibly less green if compared to those analysed during
Summer, and their texture was drier.
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A deeper investigation of this trend was conducted, to see whether there was any
correlation with the evolution of the acquisition time or not. As no trends were
detected in samples affected by powdery mildew, a PCA model was calculated
considering only the samples exposed to downy mildew. The results of this analysis
are displayed in Figure 4.3.
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Figure 4.3. scores plot of PC1 vs PC2 (a) and PC1 vs PC3 (b) of samples exposed to downy
mildew. Samples are coloured according to the time development of the in-sifu
acquisitions.

As a result, it was noticed that the acquisition time had an actual impact on this
trend: the samples distributed along the PCs from the first acquisition date to the
last, following the directions indicated by the arrows. If the sample distribution is
linked to the effectiveness of the treatment on the plant, as hypothesized, this
disposition can suggest that the fungicide can help protecting the leaves from the
attack of the pathogen, maintaining a healthy status, and consequently distancing
the samples from the others that, on the contrary, are probably developing the
disease.

As mentioned above, no trends were found in samples of leaves exposed to powdery
mildew. This is probably a consequence of the particularly hot and dry Summer of
that year, which hampered the growth of the fungus responsible for the development
of this disease.

Analyses on non-averaged data were conducted at a later stage: firstly, spectra
collected in different positions on the same leaf were examined to inspect intra-leaf
variability, but no relevant information were observed. Subsequently, the spectra of
leaves from different plants subjected to the same treatment were analysed.
Although the replicates were located at difference heights within the vineyard, no
significant insights were found in this analysis, indicating that the spectral response
of these samples is not influenced by the position of the plants, and that the
variability among these samples is not significant.
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4.3. Results of the acquisition on defrosted leaves

The description concerning the setup for the analyses at the University of Modena
and Reggio Emilia are described in detail in Section 2.3.2. Figure 4.4 below shows
an example of the analysed samples, with the white dots on the back side of the
leaves ascribable to the development of downy mildew.

Figure 4.4. this image shows the third and fourth leaves representing the sample affected
by downy mildew and treated with activated water.

The data obtained from SCiO and HSI were separately inspected through PCA to
see if it was possible to extract some information from the data, concerning the type
of treatment on the leaves or the development of the inoculated diseases.
Unfortunately, neither for the SCiO nor for the HSI, interesting results were
obtained, as shown in Figure 4.5 and 4.6 respectively, where the results concerning
the treatment are displayed. In these images it is possible to see that no significant
trends within the samples are considerable, and leaves belonging to the same
treatment were not even correlated among them, lying apart one from the others.

62



Scores plot - treatment Scores plot - treatment

(a) ' I (b) ‘ ‘
10+ ¢ ActivatedH,0 } ©  Activated H,0
@ Fungicide ¢ : @ @  Fungicide
8 ¢ Nn(reatmer"\t 3l ® 7y &  No treatment
S ! = ¢ I
2 I < !
a «©
e of l =20 % l ¢
i I o n ¢ I
¢ ® ¢
5 4 f‘ : i 1+ ° ‘\ ¢ ¢
. ! L
) | [ g 4 ® 00 ¢l e °
g 2 \ < 0,‘, ¢’ ol & e ]
5 | ST ewd Tl ¢ 0 ®
o ) 2 Q ¢ °
I . - W S | 2 ® @ o o ©
5 0 ] ® s 4 0® & O
@ I 3 0 0o I % &
| ® 0g, o
2
R o 2 ¢ ;? °
I
al | ® ”Q}O. @@ | |
L L 3 L L
-10 -5 0 5 10 15 20 25 -10 -5 0 9 10 15 20 25
scores on PC1-EV = 87.07% scores on PC1-EV = 87.07%

Figure 4.5. PCA results from SCiO analysis on the grapevine leaves. The circles refer to
samples affected by powdery mildew, while the diamonds to the samples affected by
downy mildew. The curvilinear behaviour in the scores plot of PC1 vs PC2 suggests a
possible correlation among the variables of the NIR data.
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Figure 4.6. PCA results from HSI analysis on the grapevine leaves. The circles refer to
samples affected by powdery mildew, while the diamonds to the samples affected by
downy mildew.

The few clusters visible in Figure 4.6 (for example, the six diamond-shaped blue
scores on the left side of the plot, and the six yellow circles on the central bottom
part of the plot) refer to three of the four leaves analysed per treatment, i.e., they
belong to the same sample under examination. For this reason, these clusters cannot
be considered as informative for the purposes of this analysis.

Given the aim of the present study, the results obtained with PCA were considered
appropriate for gaining insight into the data, providing results that confirmed what
observed during the in situ acquisitions concerning the development of the plants
diseases. Therefore, the application of more advanced analytical methods in
addition to PCA was not pursued. Particularly, it was assessed that employing more
complex multilinear models such as PARAFAC would not have offered substantial
benefits in terms of interpretability or modelling.
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Many criticalities affected the fulfilment of this part of the project, and possibly the
long storage time caused the deterioration of the samples and the loss of information
that was thought to be possible to inspect. Another attempt of analysis in this
context should be considered, hoping first in favourable seasonal conditions that
promote the growth of the fungi responsible for the development of downy and
powdery mildew. Regrettably, it was not possible to perform the analyses in faster
times, and this issue clearly hampered the success of the analysis of the frozen
leaves. An appropriate weather and immediate analyses with HSI would therefore
surely be beneficial in providing better results for the development of this study in
the future.
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Chapter 5

The Rice HSI project

The following sections describe the project carried out in collaboration with the
Italian “Ente Nazionale Risi” and the University of Barcelona in the analysis of the
rice samples through Hyperspectral Imaging.

5.1. The project

Rice stands as the most consumed cereal on a global level, within the big family of
cereal products suitable for human sustenance. Statistics from the Food and
Agricultural Organisation (FAO) reveal that the 90% of the global production of
rice comes from Asia, with China, India, and Indonesia as main producers.
Concerning the situation in Europe, Italy is the most representative producer (53%
of the European production, [1]), with Piedmont and Lombardy regions which
collectively contribute to the 93.2% of the national production [2].

The high nutritional value of rice makes it a really appreciated food, thanks to the
considerable content of carbohydrates (around 80% [3]), which represents a
significant source of energy for the human body. Moreover, rice is also rich in
vitamins and minerals, as well as antioxidants such as flavonoids, anthocyanins,
tocopherols, etc. [4]. Rice exhibits very rich genetic diversity: thousands of different
rice varieties exist [5], although the most famous and farmed are the Oryza sativa
and the Oryza glaberrima, mostly grown respectively in Asia and Africa. The first
way to distinguish different rice varieties consists in the evaluation of their
structural parameters, such as the grain size, which can be short, medium, long and
round. Size and shape, alongside colour and chalkiness, are other qualitative
attributes that describe the morphology of the rice kernel, while chemical indicators
of rice quality are moisture, and the content of proteins, sugars and lipids [6].

The main issue concerning the rice industry involves the problem of food fraud. As
it is normally difficult to distinguish among rice types which show similar structural
features but are different from a qualitative point of view (for example, different
amylose content that leads to different cooking modalities and culinary
applications), it is easy to sell counterfeit rice, which is a fraudulent practice that
happens when a rice variety of lower quality is sold as a premium product. For
example, Basmati rice, which is famous for its peculiar flavour and aroma, is often
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adulterated with cheaper varieties that do not present any aromatic characteristic
[7], but still look very similar.

Several strategies have been undertaken in the agri-food field with the aim of
improving the analytical methods and the detection of food frauds, and image
analysis has proven to be particularly effective in this context [8], with many
applications in the analysis of meat [9,10], fish [11-13], fruits and vegetables
[14,15], cereals [16—18], and bakery goods [19]. The main advantages of this
technique lie in the possibility to have rapid and cost-effective analyses, as well as
high accuracy, allowing to overcome the limits of human visual inspection
characterized by high variability and labour costs. Hyperspectral imaging is
extremely useful: it allows to both obtain the chemical fingerprint of the sample, as
each pixel in the collected image contains a complete spectrum within a specific
wavelength range [20], and to record the shape of the grains, from which the
morphological traits can be derived.

In this project the application of NIR-HSI in the analysis of 47 different rice
varieties is developed. The choice of using this technique, besides the rapidity of
the analysis and the ease of use, is based on the possibility of exploiting two sources
of information, i.e., the morphological parameters and the NIR spectrum of the
samples. The aim of this project was to test a technique able to easily discern among
different rice types, providing a useful tool against the widespread issue of the food
fraud in the rice industry.

5.2. Exploratory analysis: results and discussion

For information concerning the theorical principles of the PCA, please refer to
Section 2.1.2.1.

To perform exploratory analysis on the rice samples, 115-rows matrices of
morphology and NIR spectra obtained from the HSI images’ treatment were
initially averaged to obtain one mean value representative of each rice variety. The
resulting single-variety averaged vectors were merged to obtain two matrices of 47
rows each, on a matrix with the morphology and the other with the spectroscopic
data. The purpose of working with averaged information is to obtain clearer
visualisations in the space of the PCs (as one single score per variety would be
present), but also to make the results more robust.

The external information provided by Ente Nazionale Risi and reported in Table
2.3 of Section 2.3.3 was used as metadata to further describe the samples and
interpret the results. To model the morphological parameters, the information
concerning the shape of the rice kernels was considered: this information is
illustrated in Figure 5.1, with a visual explanation of the five different possible
shapes of the rice grain, namely, “Round”, “Medium”, “Long A from internal
market”, “Long A for parboil” and “Long B”.
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Figure 5.1. different shapes of the rice grains. Information provided by Ente Nazionale

Risi.

The NIR data were modelled exploiting the information concerning the amylose
content of the rice samples. Three types of amylose content were defined: “Low”,
“High”, and “Waxy”. The latter refers to a particular rice type, whose starch is

mainly composed by amylopectin, while amylose is present just in a low percentage
[21,22]. This peculiarity is responsible of the sticky consistency of this rice type

during cooking, which is not normally seen in the non-waxy rice varieties were the

amylose content is predominant.

5.2.1. PCA of morphology

Before each exploratory analysis, the morphological data were pre-processed with
Autoscaling, to make the different parameters comparable.

The PCA results of morphology are shown in Figure 5.2. Each marker in the scores

plot of Figure 5.2a represents one variety, as all 115 grains of each variety were
averaged. The visual coding of the scores is related to the information concerning
the shape of the rice grain, as reported in Table 2.3 of Section 2.3.3.
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Figure 5.2. PCA scores (a) and loadings (b) plots of the morphological data for the first
two PCs, with colouring based on the information about the shape of the rice kernel. Each

point in the scores plot represents one individual variety.
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In the scores plot of Figure 5.2a it is possible to notice the presence of different
groups of samples, clearly associated with the shape of the rice grains. Indeed, five
well-defined groups can be seen, with just one small exception with the variety
Italmochi, belonging to the “Round” variety, located among the samples of class
“Medium”. The “Medium” varieties lie in a middle position with respect to all other
groups: considering its name and related characteristics, its placement seems to be
consistent with the nature of this rice type. “Round” and “Long B” rice varieties are
located on the opposite sides of PC1, suggesting that their morphological features
are counterposed. The loadings plot of Figure 5.2b confirms this hypothesis,
because the features at negative PC1 loadings are Circularity and Minor Axis
Length, which are coherent with a round shape and correspond to the samples of
“Round” type in the negative direction of the scores of PC1, while in the positive
loadings direction there is Major Axis Length, a parameter with high value for the
“Long B” varieties, due to their elongated shape.

5.2.1.1. PCA of morphograms

As seen for the morphological parameters, also the morphograms were used to
inspect the data through exploratory analysis. Figure 5.3 shows the results of the
PCA performed using the morphograms of each rice variety. The data were pre-
processed with mean-centering.
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Figure 5.3. PCA scores (a) and loadings (b) plots of the morphograms for the first two PCs,
with colouring based on the information about the shape of the rice kernel. Each point in
the scores plot represents one individual variety.

Also in this case, the scores plot (Figure 5.3a) reveals distinct groups of samples
based on the rice grain shape. In particular, samples are gradually separated along
PC1 according to their roundness, starting from the most elongated rice type (“Long
B”) on the left of PCI1, and ending with the “Round” type on the right. The
“Medium” type lies in a middle position between the “Long A” scores and the
“Round” ones, while the “Long B” type represents the cluster that separates the
most from the others, except for two samples that lie close to one “Long A for
parboil” score. Analysing the loadings plot, it can be stated that the variables which

70



mostly influence the model are Circularity and Eccentricity (second and third block
of peaks). The strong negative peak in PC1 and PC2 for Eccentricity is consistent
with the position of the “Long B” scores. The “Medium” and “Round” rice types
lie in the positive part of PC1, where also the loadings for the Circularity are
positive, and the “Long A” rice types lie in an average position along PC1.

5.2.2. PCA of NIR data

The information carried by the NIR spectra was explored as seen in the previous
sections for morphology: after the pre-treatment discussed in Section 3.3.2.4, a
single representative spectrum for each variety was calculated averaging the spectra
of the 115 rice grains. Then, PCA was performed exploiting the information
concerning the amylose content of the rice types (Table 2.3). These results are
shown in Figure 5.4.
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Figure 5.4. PCA scores (a) and loadings (b) plots of the NIR data for the first two PCs,
coloured and shaped based on the information about the amylose content. Each point in the
scores plot represents one individual variety.

The first observation about the results of this PCA is that the Waxy varieties are
quite well distinguished from the other two amylose types, which appear slightly
overlapped between them, as it can be clearly seen in Figure 5.4a. Despite this,
there is a separation tendency along PC1: the high-amylose rice varieties occupy
the left side of PC1, while the low-amylose scores lie mainly on the right side.

Concerning the loadings plot, a strong downward peak around 1450 nm for PC1
can be noticed, which can be ascribable to the combination of first overtone of O—
H anti-symmetric and symmetric stretching of amylose [23,24]. This is coherent
with the observation on the scores plot, where the samples with high content of
amylose lie mostly on the negative side of PC1. Another strong peak can be detected
along PC2, around 1400 nm, and can be attributed to the first overtone of O—-H
stretching of water [25], suggesting that the Waxy rice types could be characterized
by lower content of water.
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5.2.3. PCA of fused data

The results concerning the study of morphology and NIR spectra provided in both
cases interesting insights about the possible differentiation among different rice
varieties. While the analysis of NIR data provided insights into rice distinction,
these models proved to be more limited in robustness and reliability if compared to
the same kind of analysis developed using the morphological features.

Starting from these premises, it was decided to merge the two sources of
information obtaining a fused dataset to be studied. To do that, a low-level data-
fusion approach was implemented [26,27]. The “low-level” approach consists in a
first pre-processing of the morphology and NIR data separately, as detailed in
Section 2.3.3.2 and Section 2.3.3.3. Then, each matrix was divided by its own norm,
and were finally merged, obtaining one final matrix with both these information
together.

The results of the PCA on data fusion are reported in Figure 5.5, where the scores
are coloured based on the amylose content of each variety, while the markers
describe the rice grain shape, as seen for the PCA of NIR spectra and morphology.
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Figure 5.5. PCA scores (a) and loadings (b) plot of the fused matrices of NIR and
morphology. Samples are represented by the shape of the rice grain and coloured according
to the amylose content: green = low amylose, red = high amylose, blue = waxy. Figure 5.6b
is zoomed (Figure 5.6¢) to highlight the contributions of the morphological parameters.

The loadings plot in Figure 5.5b shows that the morphological parameters (at the
left side of the plot) strongly influence the PCA model. A correlation between
morphological and spectroscopic features can be deduced by observing the loadings
plot: Eccentricity and Major Axis Length lie in the positive direction of PCI, as
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well as two NIR features, namely the absorption bands at 1225 nm and 1426 nm,
ascribable to the second overtone symmetric stretching of methyl group CH3 of
carbohydrates and fat [28,29], and the second overtone stretching of the O—H group
of amylose, respectively. Circularity and Minor Axis Length lie in the opposite
direction of PC1, together with the absorption bands at 1150 nm and 1345 nm, the
first one referring to the absorption of carbohydrates and fat, and the second one to
the first overtone of O—H stretching of water. This correlation between structural
and spectroscopic features suggests that the rice varieties with an elongated shape
contain higher levels of amylose, while the circular shape is more linked to higher
levels of water in the grain.

Indeed, this observation is confirmed in the scores plot (Figure 5.5a): all the “Long
B” rice types (positive direction of PC1) show high levels of amylose, while almost
all “Long A from Internal Market” (negative and central parts of PC1) show low
levels of this chemical component. The three Waxy varieties share the same round
shape and lie in the positive side of PC2, whose Circularity is high in the loadings
plot; their position is slightly moved to the left side of PC1, which is mostly
occupied by the low-amylose rice varieties, coherently with the nature of this
particular type of rice. So, it is possible to assert that the data fusion approach
proved a useful strategy to correlate two different sources of information and to
obtain a deeper understanding of the data under examination.

5.3. Hierarchical clustering results and discussion

Another step in the exploratory analysis of rice included the application of
hierarchical clustering [30,31] to define natural groups of rice varieties. The intent
was to observe how the different varieties group, and to exploit the information
obtained from this methodology to build classification models, making the
classification task simpler since modelling 47 varieties individually can be rather
difficult to achieve and, most importantly, to interpret. The first step in this sense
involved the application of hierarchical clustering to the averaged matrices of all
varieties, using the information of amylose content for the NIR data, and the shape
of the rice grain for the matrix concerning the morphological parameters. Secondly,
the same method was used to further classify the varieties by considering them as
individual classes, without any external class information.

5.3.1. Clustering of morphology

The first hierarchical clustering performed in this work involved the morphological
data, which were initially explored using the shape of the rice grain as class
information. The resulting dendrogram obtained from this approach is shown in
Figure 5.6. Observing this figure, it is possible to understand how the model
captures the main differences/similarities among the samples and how it uses this
information to efficiently partition the five (expected) groups of rice shapes: more
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specifically, the two groups that seem to be the most similar are those containing
the “Medium” and “Round” varieties, since their linking distance is the shortest
compared to the other groups, and consequently appear as well distinguished from
the other rice types. These long linking distances describe a very well-defined
clustering structure, mostly corresponding to the expected groups (i.e., the five rice
shapes), with the exception of the “Medium” shape, which is consistent with the
nature of this rice type.

Dendrogram of Data with Preprocessing: Autoscale
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Figure 5.6. Dendrogram obtained from the hierarchical clustering for the morphological
parameters using Ward’s method. Samples are coloured according to the shape of the rice
grain.

These results provide a useful basis for defining few groups of varieties for building
further classification models, as needed for the PLS-DA models that will arrange
the structure of the manual hierarchical classification analysis discussed in Section
5.4.2., both for the classification according to the kernel shape, and the one
considering a variety as a class itself.

5.3.2. Clustering of NIR data

The next step involved the application of hierarchical clustering on the NIR data.
As among the samples there were four rice varieties for which the amylose content
was not provided by Ente Risi, it was chosen to treat the data in the following way:
those samples were removed from the averaged matrix, obtaining a final amount of
43 rice varieties instead of 47, and the “Very High” amylose varieties were merged
with the “High” ones, resulting in just three classes, namely “Waxy”, “Low”, and
“High” amylose content. This was done also to work with more balanced classes.
The resulting matrix was analysed through hierarchical clustering, resulting in the
dendrogram shown in Figure 5.7.
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If compared to the previous results concerning morphology, in the case of NIR
spectra the separation among the classes is more confused, and it is not possible to
see the samples divided into three well-defined groups. For this reason, as the
number of classes is very low, it was decided to perform also a PLS-DA on this
matrix and to refer to its results to obtain a better explanation about the class
division for this type of data. These results will be discussed later in Section 5.4.2.

Dendrogram of Data with Preprocessing: Normalize (2-Norm, Length = 1) + Mean Center
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Figure 5.7. Dendrogram obtained from the hierarchical clustering for the NIR data
preprocessed with first derivative, normalization and mean centering. Samples are colored
according to the amylose content.

Furthermore, another hierarchical clustering analysis was performed to inspect the
presence of groups of samples among the varieties themselves. To do that, the
averaged matrix containing all the 47 rice varieties included in this study was used.
The results of this analysis are shown in Figure 5.8.

A clarification about the pre-processing needs to be done: both the matrices used in
the construction of these dendrograms were separately pre-processed with a
Savizky-Golay (first-order derivative, second-order polynomial and a 1lpt
window) smoothing before any cluster analysis. Then, the other pre-processing
steps were done directly in the PLS Toolbox when performing the hierarchical
clustering. For this reason, in Figure 5.7 and Figure 5.8 the pre-processing
displayed in the upper part of the figures are just normalization and mean centering.
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Dendrogram of Data with Preprocessing: Normalize (2-Norm, Length = 1) + Mean Center
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Figure 5.8. Dendrogram obtained from the hierarchical clustering for the NIR data,
preprocessed with first derivative, normalization and mean centering. The colouring does
not correspond to any additional information, but it is used for better visualisation of the
identified clusters.
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5.3.3. Clustering of fused data

As the results obtained with the exploratory analysis of fused data proved to be
informative, it was chosen to deepen their exploration by building hierarchical
models with the same criteria illustrated in the previous sections. A first hierarchical
clustering was done by using the shape of the rice grains to colour the dendrogram,
to visually inspect the presence of groups of samples according to this parameter.
Figure 5.9 displays the results.

The “Medium” class proved again to be quite tricky to isolate, with a larger
dispersion within the other categories than what was previously seen in Figure 5.6.
Besides the “Medium” group, all the others maintain their entirety and few
misplacements can be found, suggesting that the morphological traits bring
predominant information in the definition of the dendrogram when dealing with
data fusion, as already proved with the PCA results on this type of data.
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Dendrogram Using Unscaled Data
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Figure 5.9. Dendrogram obtained from the hierarchical clustering for the fused data of
morphology and NIR spectra. Samples are coloured according to the shape of the rice grain.

Then, the same method was applied on the data colour coded by means of the
amylose content, with the results displayed in Figure 5.10.

The two Waxy varieties Castelmochi and CRW3 end up in the same final cluster,
and they represent the two varieties that are overlapping in the PCA scores plot in
Figure 5.4. Italmochi, which is the third Waxy variety, lies in a completely different
group, very close to a high amylose variety. If considering the PCA of the amylose
content of NIR data in Figure 5.3, the three Waxy rice types are well-distinguished
and grouped from the others, while in the PCA of morphological features in Figure
5.2, Italmochi is the only “Round” variety which lies far from the “Round” group.
This seems to confirm that there is a strong influence of the morphological
parameters in the results of the analysis of data fusion.

Finally, nearly all the varieties with high levels of amylose group in the same
cluster, improving the results of PCA of NIR spectra (Figure 5.3) where a
distinction among high- and low-amylose varieties was not very clear. This can be
evidence that the data fusion approach enriches and strengthens the information
carried by the samples, helping to solve the criticalities seen with the analysis of the
NIR spectra themselves. Moreover, the information represented by the PCA of
fused data in Figure 5.4 is confirmed by this dendrogram: almost all the high
amylose varieties are represented by the “Long B” shape of the rice grain.
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Dendrogram Using Unscaled Data
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Figure 5.10. Dendrogram obtained from the hierarchical clustering for the fused data of
morphology + NIR data. Samples are coloured according to the amylose content.

5.4 Classification models: results and discussion

The information obtained from all the exploratory steps became a useful starting
point in the development of classification models aimed at distinguishing among
varieties in the anti-food fraud optic. To do that, two types of models were
developed: Partial Least Squares-Discriminant Analysis (PLS-DA) and hierarchical
classification models.

5.4.1. Partial Least Squares-Discriminant Analysis (PLS-DA)

The core of this technique lies in the exploitation of the PLS regression algorithm
to discern and classify samples: the working principle of PLS-DA is to look for the
maximum covariance between the original variables and the class labels, the latter
defined as the Y-dependent variables. Similarly to PCA, PLS-DA works in a
transformed space, where the original variables are converted into the so-called
Latent Variables (LVs). These new variables describe the variability of the original
data and allow to reduce their dimensionality, in addition to enable their graphical
visualisation. The decomposition carried by PLS-DA can be resumed in the
following Equations 5.1 and 5.2:

(5.1) X=TPT+E=X+E

(5.2) Y=TQT+F=Y+F
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Undeniably, Equations 5.1 and 5.2 are very similar to each other. The main
difference here is that the decomposition is performed also on the response vector
Y, which is divided into the T scores matrix and the Q loadings matrix, and F is the
error matrix.

Starting from here, it is mandatory to define the weights matrix W, which highlights
the importance of the original variables from X in the definition of the LVs. This
matrix is calculated iteratively by the PLS-DA algorithm and is used to create the
scores matrix based on how much every single variable in X contributes to the LVs.
The scores matrix can be rewritten as in Equation 5.3:

(5.3) T =XW(PTw)1
and consequently Equation 5.2 becomes:
(5.4) Y =XWPTW) QT +F=Y+F

Where Y is the predicted value of the response Y, and the error term F defines the
difference between the real and the predicted value of Y. In the present work, PLS-
DA was used to predict to which class the rice varieties belonged, by means of
morphological and spectroscopic features. Differently from the exploratory
analysis, in the case of the classification models no averaged matrices were used,
considering all 115 rice grains per variety in the construction of the models. Initially,
the pre-processed matrix was split into training and test set, with the aid of Kennard-
Stone [11] algorithm. The test set consisted in the 33% of the total amount of
samples. The training set matrix was used to create and calibrate the model, whose
performances were eventually evaluated through the test set. The cross-validation
of all models involved the venetian blinds selection scheme with 10 splits and blind
thickness equal to 1.

To evaluate the model performances, four quality indexes were considered:
1. Specificity (Spec): the ability to avoid false positives in classification. It is

calculated as shown in Equation 5.5.

2. Sensitivity (Sens): the ability to avoid false negatives in classification. It
is calculated as shown in Equation 5.6.

3. Non-error rate (NER): obtained calculating the mean of the sensitivities
and it represents the ability of the model to correctly classify the samples.
It is calculated as shown in Equation 5.7.

4. Accuracy (Acc): it represents an estimation of the model’s error, and it is
calculated as shown in Equation 5.8.
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TN

(5.5) Spec =

TN+FP
(5.6) Sens = TprEN
(5.7) NER =~ YL, Sensitivity,
(58) Acc = TP + TN

where TP = true positives, TN = true negatives, n = n° of samples

5.4.1.1 PLS-DA of morphology

The PLS-DA model for the morphological features was built following the criteria
of the PCA model: all the 47 rice varieties, represented by their 115 rice kernels,
were classified according to the shape of the rice grain. The performances of this
PLS-DA model are shown in Table 5.1.

Table 5.1: Classification results for PLS-DA model of morphology, with the information
about the shape of the rice kernel. All values refer to the quality indexes in prediction and
are expressed in percentage.

LVs Sens Spec NER Accuracy
Long A from
internal 97.9 95.3 96.0
market
Long A for 97.9 63.4 87.3
parboil 4 94.1

Long B 97.1 96.3 95.0
Medium 87.9 67.2 87.2
Round 89.7 90.1 92.6

Based on the classification performances, it is possible to deduce that the model can
globally discern well the five different shapes of the rice grains. The “Medium”
class is still a bit problematic, showing the lowest value of Specificity, followed by
the “Long A for parboil” class. This means that for these two classes the number of
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false positives can be rather high, as the model mistakes rice types of a different
shape as “Medium” or “Long A for parboil” and consequently leads to classification
mistakes for these two classes in particular. This observation confirms what was
already seen with PCA in Section 4.3.1: the morphology of these types of varieties,
which both lie in the central part of the scores plot, can generate a sort of confusion
during the classification process, and rice grains of a different type of shape can be
misclassified as “Medium” or “Long A for parboil”. The “Long B” class is the best
classified one, probably due to its peculiar shape that can more easily be recognised
from the others.

5.4.1.2. PLS-DA of NIR data

The pre-processed 115 rice grains spectral matrices were used to build the PLS-DA
model, using the amylose content as class information. The results are shown in
Table 5.2.

Table 5.2. Classification results for PLS-DA model of NIR spectra, with the information
about the amylose content. All the values refer to quality indexes in prediction and are
expressed in percentage.

LVs Sens Spec NER Accuracy
High 74.2 82.6 91
Low 7 87.7 78.5 86.7 81.6
Waxy 98.3 97.6 98

This PLS-DA model shows high values for Sensitivity and Specificity, in particular
for the Waxy varieties: this observation is in accordance with the PCA results, where
the Waxy rice types were separated from the others in the space of the PCs. More
criticalities are found in the distinction among samples with low and high levels of
amylose: for these varieties, the performances of the model are lower, but still
acceptable when looking for a preforming classification model. Based on these
results, it is possible to say that this model can distinguish well the Waxy rice type
from the others.

5.4.1.3. PLS-DA of fused data

A trial of classification using the fused data matrix was done, even if the results in
the exploratory analysis proved a bit tricky if compared to those obtained by
morphology and NIR. The classification followed the criteria of the PCA, starting
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with a first PLS-DA model with the shape of the rice kernel as class information.
These results are resumed in Table 5.3.

Table 5.3: Classification results for PLS-DA model of data fusion, with the information
about the shape of the rice kernel. All values refer to the quality indexes in prediction and
are expressed in percentage.

LVs Sens Spec NER Accuracy
Long A from
internal 96.6 96 96.9
market
Long A for 86.6 52.4 912
parboil 3 94.9

Long B 96.7 95 96.5
Medium 88.6 67.7 86.3
Round 91.3 86.4 91.9

The performances of this model are good, with high values of Sensitivity and
consequently a high Non-error rate, and a good level of Accuracy, suggesting that
this model is sufficiently robust for the classification of samples into these five rice
types. A criticality is found with the “Long A for parboil” class, which shows the
lowest performances, especially for the Specificity. If compared to the PLS-DA
model obtained with the morphology itself, it can be seen that the performances of
this model with data fusion worsen for this class. Consequently, even if this model
classification is globally robust, it would be probably better to consider a
classification with only the morphological features of the samples, avoiding
merging them with NIR data, when classifying the samples according to their shape.

The second PLS-DA model for this dataset was built using the amylose content to
classify the 47 rice varieties, with the results shown in Table 5.4.
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Table 5.4. Classification results for PLS-DA model of fused data, with the information
about the amylose content. All the values refer to quality indexes in prediction and are
expressed in percentage.

LVs Sens Spec NER Accuracy
High 71.3 86.5 83.7
Low 4 95.7 75.4 89 84.2
Waxy 100 97.9 99.2

These results are comparable with those obtained from the PLS-DA on NIR data,
even if some improvements are found with the data fusion approach: for example,
both the Waxy and the Low amylose classes improved in Sensitivity, and this leads
to a higher Non-error rate if compared to NIR classification. A high Sensitivity
means a lower presence of false negatives, i.c., a better ability of the model to
correctly classify samples in the belonging class. The data fusion approach can
consequently be preferred with respect to the NIR data itself to obtain a more robust
classification in this sense.

5.4.2. Hierarchical classification

Trying to build classification models with datasets characterised by a large number
of classes may be a challenge for the traditional chemometrics approaches. In this
respect, hierarchical modelling can be considered as a valuable alternative to
traditional classification techniques, thanks to the possibility to efficiently analyse
datasets with considerable complexity. Typical examples of hierarchical
classification involve decision trees, k-nearest neighbour (KNN, [32]) and support
vector machines (SVM, [33]), although in chemometrics the most common way to
classify in this respect is to use hierarchical structures based on PLS-DA models.
The troublesome part is the construction of these structures, as it demands the
knowledge of a skilled person, and it generally takes time. A solution to this concern
can be the employment of a newly developed automatized approach, the Automatic
Hierarchical Classification Model Builder (AHIMBU, [34]). This method can help
saving time and efforts, allowing rapid modelling for classification purposes even
in the case of a huge number of samples that makes it impossible to manually build
a model structure.

In this thesis, both automatic and manual hierarchical models were used to classify
the morphological and spectroscopic data. This type of models exploits a series of
PLS-DA models, one for each classification step that occurs during the analysis,
enabling to start from an all-inclusive initial class consisting of all the samples and
subclasses together, and finishing with the partitioning of each object of the dataset
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as a class itself. The individual PLS-DA models act as “rules” of the hierarchical
model, indicationg how to classify the samples and giving the typical tree structure
to the hierarchical model. Consequently, at the end of the classification the number
of branches in the hierarchical structure will be twice the number of the PLS-DA
models applied in the construction, as each model operates the distinction between
two classes.

In the case of manual hierarchical models, their building was done under the human
supervision, starting with the calculations of the PLS-DA models constituting the
nodes of the structure. The information given by the clustering was used to divide
the samples into groups. Then, the information obtained was used to calculate the
PLS-DA models, which were further used to build the structure of the hierarchical
manual model. On the contrary, AHIMBU works calculating automatically the
PLS-DA nodes from the training set, after a preliminary definition of the
appropriate number of latent variables for the analysis. The training set and test set
for the hierarchical models were obtained from the complete dataset as described
in Section 5.4.1.

5.4.2.1. Hierarchical models of morphology

The same dataset used in the construction of the PLS-DA model for the
morphological data was used to build the hierarchical models. The first application
involved the automatic hierarchical model: to build the AHIMBU structure, PLS-
DA models with 6 LVs were automatically calculated, as previously explained. An
image showing the structure of AHIMBU model is shown in Figure 5.11, while the
results for this classification are shown in Table 5.5.
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Figure 5.11. structure of the AHIMBU for the morphological data. Samples are classified
according to the shape of the rice grain.

Globally, the performances of the automatic hierarchical model are good and
comparable with those obtained with the global PLS-DA model. In the case of the
hierarchical model, Specificity proved to be generally better than the case of PLS-
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DA, while, on the other hand, PLS-DA shows better performances concerning the
Sensitivity. This suggests that the hierarchical model better avoids wrong inclusions
from different classes, while PLS-DA better recognizes the correct class. Globally,
these methods can be considered strong and reliable, as well as complementary, as
both work very well concerning the aim of this work. The choice of using of one
method instead of the other can be driven by the type of desired classification, i.e.,
if it 1s more important to obtain high Specificity or high Sensitivity. Also, the work
that must be done to obtain the models, in terms of effort and time can be taken into
account.

Table 5.5. Classification results for AHIMBU of morphology, with the information about
the shape of the rice kernel. All values refer to the quality indexes in prediction and are
expressed in percentage.

LVs Sens Spec NER Accuracy
Long A
_from 97.4 97.1 97.2
internal
market
Long A for 81.5 95.6 92.6
parboil
6 87.1
Long B 98.0 96.4 96.9
Medium 71.4 98.1 94.1
Round 87.2 97.9 95.6

Starting from these observations, it was chosen to try another way to classify the
samples with hierarchical models: the idea was to use each variety as an individual
class, to see which groups of varieties the models were able to correctly identify,
based on the morphological information extracted from the images. The structure
of this model is shown in Figure 5.12. With this approach, the model classifies all
the samples starting from a first division into two big groups, and then the division
goes on until each individual variety is classified separately from the others. In this
work we chose to stop the class divisions when the node reached the threshold value
of Specificity in calibration equal or greater than 80%, assuming that this value
could be used as a limit threshold to keep the reliability of the model high enough.
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Figure 5.12. Structure of the AHIMBU for the morphological data, at the threshold of
Specificity(Cal) > 80%. Each variety represents a class itself.

Once reached the selected threshold, AHIMBU stopped, generating 11 groups of
varieties. In Figure 5.12, these groups are coded with numeric strings, to facilitate
the calculation of the model quality indexes in MATLAB. The actual groups of
varieties and the classification performances of this model are resumed in Table
5.6.
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Table 5.6: Classification results for AHIMBU of morphology at the threshold of
Specificity(Cal) > 80%. All values refer to the quality indexes in prediction and are
expressed in percentage.

Varieties LVs Sens Spec NER Accuracy

CL31, CL33,
CL35, Drago,
Duilio, Europa,
IAC165,
Italmochi, Lince,
Puma, Tiberio
CL26, CL28,
CL71, CL80,
CRLBI, Cypress,
Dedalo,
Doongara, larim,
IR64
Fedearroz 50,
Group 3 IR6, Pegaso, 80.8 98.6 97.2

Valente
CL12, CL15,
CLIS, Cripto, 84.6  99.0 96.8
Elio, Prometeo, 6 83.3
Selenio

Group 1 89.7 98.7 96.6

Group 2 90.8 98.6 97.1

Group 4

Castelmochi,

CRW3 93.6 99.3 99.1

Group 5

Group 6 Cisokan 82.1 98.2 97.9

H
Group 7 etadawee, 84.6  98.1 97.5

Kaluheenati

Arborio, Baldo,
Group 8 Carnaroli, CL388, 97.4 99.6 99.2
CL510, S. Andrea

Padano, Taichung

Group 9 Sen 17 84.6 98.1 97.5
Group 10 Argo 76.9 99.7 99.2
Group 11 IR 50 51.3 99.3 98.3

Observing the groups defined by the model, it was chosen to inspect whether there
was or not a correlation among the varieties included in these eleven groups, and
the types of rice grains shapes used to classify samples so far. Interestingly, the
varieties in each group share the same shape: a clearer visualisation of this result is
displayed in Figure 5.13.
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This observation underlines the ability of this approach to detect information from
the samples and to correctly classify them according to their morphological
characteristics. Moreover, this classification method is suitable for consistent
datasets with lots of classes, allowing to overcome the limits of the PLS-DA models,

which generally work better with a low number of classes involved.

Hetadawee Hetadawee Hetadawee Hetadawee Medium
Kaluheenati Kaluheenati Kaluheenati Kaluheenati
CRW3 CRW3 CRW3 CRW3 CRW3 Round
Castelmochi Castelmochi Castelmochi Castelmochi Castelmochi
CL12 CL12 CL12 CL12 CL12
CL15 CL15 CL15 CL15 CL15
Cripto Cripto Cripto Cripto Cripto
Prometeo Prometeo Prometeo Prometeo Prometeo Round
CL18 CL18 CL18 CL18 CL18
Elio Elio Elio Elio Elio
Selenio Selenio Selenio Selenio Selenio
Argo Argo Argo Argo
Padano Padano Padano Padano Medium
Taichung sen 17 Taichung sen 17 Taichung sen 17 Taichung sen 17
Cisokan Cisokan Cisokan
CL510 CL510 CL510 CL510 CL510
Arborio Arborio Arborio Arborio Arborio
CL338 CL338 CL338 CL338 CL338
Long Afrom .M.
Baldo Baldo Baldo Baldo Baldo
Carnaroli Carnaroli Carnaroli Carnaroli Carnaroli
S. Andrea S. Andrea S. Andrea S. Andrea S. Andrea
Duilio Duilio Duilio Duilio Duilio
Italmochi Italmochi Italmochi Italmochi Italmochi
Drago
Europa
CL31
Lince
Puma Long A for parboil
CL33
CL35
lac 165
Tiberio
IR50 IR50 IR50 IR50 IR50 IR50
Dedalo Dedalo Dedalo Dedalo Dedalo Dedalo
CL26 CL26 CL26 CL26 CL26 CL26
CL71 CL71 CL71 CL71 CL71 CL71
Doongara Doongara Doongara Doongara Doongara Doongara
CL80 CL80 CL80 CL80 CL80 CL80
Cypress Cypress Cypress Cypress Cypress Cypress Long B
IR64 IR64 IR64 IR64 IR64 IR64
CL28 CL28 CL28 CL28 CL28 CL28
CRLB1 CRLB1 CRLB1 CRLB1 CRLB1 CRLB1
larim larim larim larim larim larim
Fedearroz 50 Fedearroz 50 Fedearroz 50 Fedearroz 50 Fedearroz 50
IR6 IR6 IR6 IR6 IR6 Long B
Pegaso Pegaso Pegaso Pegaso Pegaso
Valente Valente Valente Valente Valente

Figure 5.13. Visual representation of the groups of varieties defined by AHIMBU, with the
information about the rice shape.

Starting from these optimistic results, the following step concerned the application
of manual hierarchical models on the same dataset. Again, the first classification
was performed on the data classified based on their rice grain shapes. First, it was
necessary to define how the model would divide the groups of classes: to do that,
the hierarchical clustering built in the exploratory step was considered. Then,
individual PLS-DA models were calculated and used to build the structure of the
manual hierarchical model, which is displayed in Figure 5.14.
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Figure 5.14. Structure of the manual hierarchical model for the morphological data.
Samples are classified according to the shape of the rice grain.

The performances of this hierarchical model are resumed in Table 5.7. With respect
to these results, the manual hierarchical classification approach performs slightly
better than the automatic one, as the classification performances globally reach
higher values both for what concerns Specificity and Sensitivity. If considering the
latter, the same assumptions previously made are still valid: the “Medium” class is
the most difficult to correctly classify, due to the inhomogeneous nature of this
shape, as already discussed.

Table 5.7: Classification results for manual hierarchical model of morphology, with the
information about the shape of the rice kernel. All values refer to the quality indexes in
prediction. Values are expressed in percentage.

LVs Sens Spec NER Accuracy
Long A from
internal 3 97.0 99.6 96.6
market
Long A for 3 89.2 95.8 90.3 94.4
parboil
Long B 1 97.1 97.8 97.5
Medium 5 81.0 97.6 95.1
Round 5 87.2 97.9 95.6

Subsequently, the manual approach was applied in the construction of a hierarchical
model to classify all the 47 varieties as single classes, resulting in the structure
shown in Figure 5.15. The first step involved again the use hierarchical clustering
to divide samples into groups, and then for each division, PLS-DA models were
built. The threshold of Specificity(Cal) > 80 % was applied as threshold for the
model. Again, the groups are numerically coded for a matter of practicality in the
further data treatment. Table 5.8 shows the actual groups and the classification
results for this manual hierarchical model.
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Figure 5.15. Structure of the manual hierarchical model for the morphological data, at the
threshold of Specificity(Cal) > 80%. Each variety represents a class itself.

The first difference between the manual and the automatic hierarchical models
concerns the number of groups of varieties identified by the two approaches:
AHIMBU defined 11 groups, while 12 were found by the manual approach. As a
second difference, the manual model has two groups with very low values of
Sensitivity, namely Group 1 and Group 11. For this reason, also the quality index
of Non-error rate is lower than the one of AHIMBU. This observation suggests that
in the case of a high number of classes, the automatic approach could represent a
better choice with respect to the manual one, as it shows better performances and
allows for rapid classification.
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Varieties

LVs Sens

Spec

NER

Accuracy

Group 1

Duilio,
Italmochi

34.6

97.8

Group 2

CL12, CL15,
CL18, Cripto,
Elio, Prometeo,
Selenio

86.5

95.5

Group 3

Castelmochi,
CRW3

96.2

98.8

Group 4

CL28, CRLBI,
Tarim

94

95.3

Group 5

CL31, CL33,
CL35, Drago,
Europa,
TIAC165, Lince,
Puma, Tiberio,
Valente

88.7

95.3

Group 6

Cisokan

84.6

99.9

Group 7

Hetadawee,
Kaluheenati

74.4

99

Group 8

Dedalo,
Fedearroz 50,
IR6, Pegaso

69.9

96.8

Group 9

CL26, CL71,
CL80, Cypress,
Doongara, IR50,

IR64

N

65.9

98

Group 10

Arborio, Baldo,
Carnaroli,
CL388, CL510,
S. Andrea

94.9

99.6

Group 11

Padano,
Taichung Sen 17

4

7.7

99.7

Group 12

Argo

4

61.5

99.7

71.6

95.1

94.2

98.7

95.3

93.9

99.6

97.9

94.5

93.2

98.9

95.8

98.9

Table 5.8: Classification results for

and are expressed in percentage.

manual hierarchical model of morphology at the
threshold of Specificity(Cal) > 80 %. All values refer to the quality indexes in prediction

The groups obtained with the manual hierarchical model were inspected as it was
done for the AHIMBU case: it was proven that also with the manual approach the
varieties included in each group share the same type of grain shape, as displayed in
Figure 5.16. This highlights that also the manual model can be successfully used
to exploit the information contained in the data to classify the samples thanks to
their structural features, with reliable results that make it useful in the industrial

applications.
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Cisokan Cisokan Cisokan Cisokan Cisokan
Hetadawee Hetadawee Hetadawee Hetadawee Hetadawee Medium
Kaluheenati Kaluheenati Kaluheenati Kaluheenati Kaluheenati
Italmochi Italmochi Italmochi talmochi
Duilio Duilio Duilio Duilio
Cripto Cripto Cripto Cripto
Elio Elio Elio Elio
CL18 CL18 CL18 CL18
CL15 CL1S CL1s CL15
Selenio Selenio Selenio Selenio Round
Prometeo Prometeo Prometeo Prometeo
cL12 cLiz cL12 CL12
CRW3 CRW3 CRW3 CRW3
Castelmochi Castelmochi Castelmochi Castelmochi
larim larim larim arim
CRLB1 CRLB1 CRLB1 CRLE1 LongB
CcL2g cL2g CcL2s CL28
Fedearroz 50 Fedearroz 50 Fedearroz 50 Fedearroz 50 Fedearroz 50
Pegaso Pegaso Pegaso Pegaso Pegaso Long B
IR6 IR6 IR6 IR6 IRG
Dedalo Dedalo Dedalo Dedalo Dedalo
IR50 IR50 IR50 IR50 IR50
Cypress Cypress Cypress Cypress Cypress
IR64 IR64 IR64 IRG4 IR64

Long B
CLso CL8o CcLso CL80 cLeo
Doongara Doongara Doongara Doongara Doongara
cL7 CL71 CL71 CL71 CL71
CL26 CL26 CL26 CL26 CL26
valente Valente Valente Valente
lac 165 lac 165 lac 165 lac 165
CL35 Cl35 CL35 CL35
CL33 cL33 CL33 CL33
Tiberio Tiberia Tiberia Tiberio ~

Long A for parboil
Drago Drago Drago Drago
Europa Europa Europa Europa
Puma Puma Puma Puma
Lince Lince Lince Lince
CL31 CL31 CL31 CL31
TaichungSen 17 Taichung Sen17 Taichung Sen 17 Taichung Sen 17 Taichung Sen17 Taichung Sen 17
Padano Padano Padano Padano Padano Padano Medium
Argo Argo Argo Argo Argo Argo
S. Andrea S. Andrea S. Andrea S. Andrea S. Andrea
Carnaroli Carnaroli Carnaroli Carnaroli Carnaroli
Baldo Baldo Baldo Baldo Baldo
Long Afrom1.M.

CL338 CL33s CLaas CL338 CL33s
CL310 CL510 CL510 CL510 CL510
Arborio Arborio Arborio Arborio Arborig

Figure 5.16. Visual representation of the groups of varieties defined by the manual
hierarchical model, with the information about the rice shape.

Finally, the fact that both approaches (automatic and manual) provide very similar
results both from the point of view of the classification performances and actual
composition of the groups of variety indicates that the morphological information
that can be extracted from the data seems to be rather robust, as reproducibility
seems to hold for both approaches. A choice between the two approaches can be
driven by the rapidity of the AHIMBU, which allows to skip the part of the
calculation of the singular PLS-DA models and the supervised building of the
hierarchical structure, saving a considerable amount of time and avoiding random
accidental mistakes.

5.4.2.2. Hierarchical models of NIR data

As seen for the morphology, the first hierarchical model built to classify the NIR
data was based on the AHIMBU approach. Samples were classified according to
the amylose content, as seen with PLS-DA. The AHIMBU structure for this type of
data is shown in Figure 5.17.
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Figure 5.17. Structure of the AHIMBU for the spectroscopic data. Samples are classified
according to the amylose content.

From the tree structure of the AHIMBU model it is possible to see that, also in this
case, the first class to be separated is the Waxy one, confirming that also the
hierarchical model detects more differences for this type of rice. The performances
of AHIMBU are resumed in Table 5.9.

Globally, the performances of this model are rather good and comparable to the
prediction quality indexes obtained with the PLS-DA model, suggesting that the
two approaches have the same relevance in terms of reliability and robustness. The
distinction between varieties with low and high amylose levels is again challenging,
but the prediction quality indexes are still acceptable for considering this approach
robust enough for the purpose of this classification.

Table 5.9. Classification results for AHIMBU of NIR spectra, with the information about
the amylose content. All the values refer to the quality indexes in prediction and are
expressed in percentage.

LVs Sens Spec NER Accuracy
High 74.6 88.2 81.6
Low 5 84.5 80.2 85.5 82.1
Waxy 97.4 97.5 97.5

The second step with AHIMBU implicated the classification of all the 47 varieties
as singular classes themselves. Also in the case of NIR data, the threshold of
Specificity(Cal) > 80% was chosen, so that the model stopped once this rule was
not respected. The final structure of this modelling has the shape displayed in
Figure 5.18.
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Looking at this structure, it is possible to notice that the first four varieties that the
model separates are the Italmochi, Cisokan, Castelmochi and CRW3. Apart from
Cisokan, the other rice types are the three Waxy varieties present in this study.
Italmochi is the first variety that is isolated from the totality of the samples as a
single class itself, while Castelmochi and CRW3 are firstly grouped together and
then separated one from another. This observation confirms once again what was
previously seen: these rice types are detected also by the AHIMBU as deeply
different from the others, as seen with AHIMBU on amylose content, but also with
PLS-DA and also PCA. The results of this classification are resumed in Table 5.10.

95



Table 5.10. Classification results for AHIMBU of NIR spectra at the threshold of
Specificity(Cal) > 80%. All the values refer to the quality indexes in prediction and are
expressed in percentage.

Varieties LVs Sens Spec  NER Accuracy

Baldo, CL12, CL15,
CL18, CL28, CL31,
CL33, CL35, CL80,
Cripto, CRLBI1,
Cypress, Drago, Duilio,
Class 1 Europa, Fedearroz50, 4 61.7 96.8 76.7
IAC165, IR6, Lince,
Padano, Prometeo,
Puma, S. Andrea,
Selenio, Taichung Sen
17, Tiberio, Valente

CL26, CL,71, Dedalo,

Class 2 Doongara, larim, IR64 4 423 97.1 90.1
Class 3 IR50 2 92.3 91.8 91.8
Class 4 Cisokan 3 100 96.1 96.2
Class 5 CL510 4 48.7 98.8 543 97.8
Class 6 Kaluheenati 2 0 99.2 97.1
Class 7 Castelmochi 6 84.6 98.2 97.9
Class 8 Hetadawee 4 66.7 98 97.3
Class 9 Elio 4 25.6 97.9 96.4
Class 10 Pegaso 2 74.4 88.8 88.5
Class 11 Italmochi 3 97.4 96.3 96.3
Class 12 CRW3 6 2.5 99.8 97.8
Class 13 Argo 6 82.1 97.2 96.8
Class 14 Arborio 2 20.5 99.9 98.2
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Class 15 CL388 2 28.2 99.1 97.7

Class 16 Carnaroli 3 41 99.3 98.1

Observing the performances of this model, it seems that AHIMBU finds some
criticalities when classifying the 47 varieties using the NIR data. This is particularly
true for the Specificity, with globally low values, and consequently the Non-error
rate is very low. On the other hand, the values of Specificity are high and all above
90%. This might suggest that this AHIMBU model can be used to predict very well
which rice types do not belong to one class under examination: in the optic of
fighting food fraud, this model might be suitable for analyses aimed at excluding
rice types that do not belong to a selected variety.

The last step in the classification analyses based on NIR data involved the
application of manual hierarchical models. Two PLS-DA models were calculated
and used as rules of the hierarchical structure, which resulted to be the same shown
in Figure 5.19. In Table 5.11, the results of this classification method are displayed.

Table 5.11. Classification results for manual hierarchical model of NIR spectra, with the
information about the amylose content. All the values refer to the quality indexes in
prediction. Values are expressed in percentage.

LVs Sens Spec NER Accuracy
High 74.6 88.2 81.6
Low 5 84.5 80.2 85.5 82.1
Waxy 97.4 97.5 97.5

The first observation that can be highlighted from these results is that the prediction
performances are exactly the same of those of AHIMBU shown in Table 5.9. This
happens since these two approaches follow the same path in the construction of the
model structure, using PLS-DA models to divide samples into groups, and the
number of chosen LVs is the same. This outcome underlines that, in the case of a
classification with a low number of classes, the choice in the use of one of these
two approaches can be led by the rapidity of the automatic models that allow to
obtain trustworthy results without the need for a preliminary construction of PLS-
DA models to insert in the hierarchical structure, a step which is time-consuming
and can lead to random accidental mistakes.
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Finally, the rice samples data were also classified on the basis of the NIR data,
considering each variety as a class, as previously seen with the AHIMBU approach.
The dendrogram built in the exploratory step was exploited to choose how to group
the varieties. Then, according to this division, PLS-DA models were built
continuing to divide samples into classes until the threshold of Specificity > 80%
was reached. Figure 5.19 shows the structure of the manual hierarchical model.
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This structure is slightly different from that obtained for the AHIMBU approach
shown in Figure 5.18: here, the Waxy varieties are not the first to be separated:
actually, the variety Italmochi, which proved to be the most particular in the
exploratory and classification analyses, still lies within a group of varieties in Class
1, together with CRW3, while Castelmochi appears close to Drago variety. Other
differences can be found observing the results of the manual hierarchical
classification in Table 5.12 below.

The values of Sensitivity are low also in this case, even if differently from
AHIMBU, there are no zero values, and the Non-error rate is comparable for the
two approaches. The Specificity is again high, but not all the values are above 90%,
as seen with the automatic modelling. Globally, the performances of the two
methodologies are comparable, even if AHIMBU seems to identify and classify the
Waxy varieties consistently with the results obtain with the other analyses. It can be
assumed that, in the view of these results, the automatic approach can be considered
more advisable than the manual one as it saves a considerable amount of time and
also works better in recognising the different classes under examination.

100



Table 5.12. Classification results for manual hierarchical model of NIR spectra at the
threshold of Specificity(Cal) > 80%. All the values refer to the quality indexes in prediction
and are expressed in percentage.

Varieties LVs Sens Spec NER  Accuracy

Arborio, Argo, Baldo,
Carnaroli, CL12, CL15,
CL18, CL28, CL71, CL31,
CL33, CL35, CL388,
CL510, Cripto, CRW3,
Class 1 Duilio, Elio, Europa, 5 85.6 82.9 84.7

Hetadawee, Italmochi,
Lince, Padano, Pegaso,
Prometeo, Puma, IAC165,
S. Andrea, Selenio, Tiberio,
Taichung Sen 17, Valente

Class 2 CL26, Dedalo 4 269  98.1 95

Class 3 IR50 5 872  98.1 97.8
Class 4 Cypress 3 84.6 975 97.2
Class 5 Cisokan 3 89.7  98.8 98.6
Class 6 Doongara 5 872 977 566 97.4
Class 7 IR64 5 82.1 974 97.1
Class 8 Kaluheenati 6 84.6 999 99.6
Class 9 Drago 6 10.7 993 97.4
Class 10 Castelmochi 6 61.5 982 97.4
Class 11 Fedearroz 50 5 103 99.6 97.7
Class 12 IR6 5 23.1 992 97.5
Class 13 larim 4 59 99.1 98.3
Class 14 CRLB1 5 359 984 97.1
Class 15 CL80 5 20.5  99.1 97.4
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5.4.2.3. Hierarchical models for fused data

The first step in the classification of the data fusion matrix with the hierarchical
approach involved the application of the AHIMBU approach exploiting the
information about the shape of the rice grain. The structure of this model is the same
shown in Figure 5.12 for the same classification with the morphological features.
In Table 5.13, the classification quality indexes for this model are displayed.

Table 5.13. Classification results for AHIMBU of fused data, with the information about
the shape of the rice kernel. All values refer to the quality indexes in prediction and are
expressed in percentage.

LVs Sens Spec NER Accuracy
Long A
from 98.3 95.7 96.1
internal
market 3
Long A for 80.3 97.2 93.7
parbml 87.5
Long B 4 98.4 96.8 97.2
Medium 70 97.8 933
3
Round 90.3 97.8 96

Some criticalities are found for the “Medium” and “Long A for parboil” classes
concerning the Sensitivity values, which proved to be the lowest for the five classes
under examination. Even for the fused data, the classification of these two classes
is a bit tricky for the same reasons explained previously. These results are
comparable to those obtained from the same model using the morphological
features only, with just a slight improvement in the classification of the “Round”
varieties for the data fusion. These two approaches, i.e. the data fusion and the
morphology, are both successful with respect to the rice classification according to
the shape of the grain, therefore adding the NIR spectral information does not lead
to an improvement in the classification of this type of data when using the automatic
hierarchical classification.

Following the previous systematic way to proceed with data modelling, the manual
hierarchical model should have also been built. Nevertheless, it was chosen not to
proceed, as a consequence of the results obtained from the dendrograms in the
exploratory step: the groups found by clustering were not well-defined, with a
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particular misclassification of the “Medium” rice type, which made it impossible to
obtain a reliable division of the samples according to the classes under examination.
For this reason, the further step was to directly switch to the classification based on
the data fusion matrix with respect to the amylose content information.

Even in this case, the structure of the AHIMBU was the same previously obtained
when classifying the NIR data with amylose content as class information illustrated
in Figure 5.17. The classification quality indexes of this AHIMBU approach are
shown in Table 5.14.

Table 5.14. Classification results for AHIMBU of fused data, with the information about
the amylose content. All the values refer to the quality indexes in prediction and are
expressed in percentage.

LVs Sens Spec NER Accuracy
High 77.2 92.9 85.2
Low 4 91.6 80.8 89.6 85.6
Waxy 100 99.5 99.5

The performances of the model proved to be good, with both high Sensitivity and
Specificity for all the three classes. Moreover, if compared to the AHIMBU of NIR
data on the amylose content of rice, the data fusion results proved to be better, with
an incrementation in Specificity for the High class, in Sensitivity for the Low class,
and in both the quality indexes for the Waxy class. This can suggest that the
classification with the data fusion matrix can lead to stronger and more reliable
models with respect to the use of NIR data only.

Subsequently, a manual hierarchical model was built. This manual model shares the
same structure of the AHIMBU approach, and a visual representation of the manual
hierarchical model can again be seen in Figure 5.17. The manual model
performances are resumed in Table 5.15.
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Table 5.15. Classification results for the manual hierarchical model of data fusion, with the
information about the amylose content. All the values refer to the quality indexes in
prediction and are expressed in percentage.

LVs Sens Spec NER Accuracy
High 76.7 97.1 87.1
6
Low 95.3 81.2 90.4 87.4
Waxy 5 99.2 98.4 98.4

The performances of the two hierarchical models are comparable. There is an
improvement in the performances of the Low class, which proved to be higher both
in Sensitivity and Specificity for the manual model, while these quality indexes are
slightly lower for the Waxy rice type. However, both the approaches work well and
proved reliable, so the choice of using one approach instead of the other can be led
by the rapidity of the AHIMBU approach.
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Chapter 6

General conclusions and future
perspectives

The PhD path has for me represented a fundamental phase of both scientific and
personal growth. On a personal level, I never expected this PhD journey to change
me as much as it did. I’ve learnt how to collaborate and communicate eftectively
with colleagues, which often came from different backgrounds, how to stay resilient
and face challenges with a problem-solving mindset, and how to keep going even
in moments of high stress and uncertainty; I’ve also gained the confidence to stand
in front of hundreds of people and present my work. I had the chance to live in a
foreign city I had always dreamed of, stepping out of my comfort zone and
embracing new experiences, I discovered the exciting and inspiring atmosphere of
international conferences, where I had the chance to connect with brilliant minds.
But most importantly, I met incredible people along the way, some of whom I can
now call friends. This PhD has been more than just an academic challenge: it has
been an evolutive path that strengthened my confidence and prepared me to tackle
future challenges with determination and enthusiasm.

Concerning the scientific side, throughout my PhD I have gained a solid
understanding of spectroscopic and chemometric techniques, learning how to
combine their potential to improve the quality and the efficiency of analytical
processes in the agri-food field. I have developed a strong interdisciplinary mindset,
integrating knowledge from chemistry, physics, and data science to tackle
challenges related to the world of food analysis. One of the most significant
contributions of my work has been the implementation of Process Analytical
Technology (PAT) in food analysis, demonstrating how real-time, non-destructive
techniques can enhance process control, reduce waste, and improve product
consistency. The adoption of these tools not only reduces the use of chemical
reagents and analysis time but also opens new perspectives for real-time monitoring
in the agri-food supply chain, improving traceability and food safety, in line with
sustainability and circular economy principles. Moreover, by integrating NIR
spectroscopy and chemometrics into industrial workflows, it was shown how
advanced analytical technologies can facilitate data-driven decision-making,
aligning with the core concepts of Industry 4.0.
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In conclusion, with the present work, it was demonstrated the effectiveness of NIR
spectroscopy coupled with chemometrics as a key tool for developing rapid,
sustainable and cost-effective analytical methodology in the agri-food sector, to
tackle the main criticalities that characterize this field. To face this challenge, three
projects were introduced, and their results were discussed.

Based on the outcomes of the NEWPOW project, it can be stated that the
methodology proposed in this Thesis demonstrated its usefulness in the
achievement of robust regression models, which proved to be powerful in the
prediction of the lipid content of hazelnuts. The best results were obtained using the
benchtop MPA spectrometer in probe acquisition mode, as the regression figures in
prediction were generally better with respect to the other techniques. The MPA
sphere showed slightly worse performances in prediction, while the cross-
validation step suggested that this model could be the most robust, with R%cy =
0.903, RMSEcv = 0.645, and RPDcv = 3.254. In general, the regression parameters
of the SCiO portable molecular sensor proved to be lower than the MPA benchtop
instrument, suggesting that the robustness of the model obtained through this data
was not enough to ensure reliable results when applied to analyse new samples.

Additional analyses on hazelnut samples would surely be very beneficial in the
attempt to improve the performances of the SCiO portable spectrometer, as well as
to further improve, test, and validate the performances of the MPA instrument in
both acquisition modes, hopefully leading to more robust models (especially
regarding the obtained RPD values). These implementations would significantly
help the advancement of this study to a more developed stage of rapid and cost-
effective in situ analyses, to achieve a robust classification as quality control. The
concrete result of this project was a research paper [1 in Overview] published on
Foods.

Concerning the Help2Grow project, the PCA analysis performed on the SCiO data
provided important insights into the spectral variations of grape leaves affected by
downy and powdery mildew. A first PCA model was built considering all the
acquisitions from June 6™ to October 26", 2022. The results highlighted a clear
distinction between samples collected in October and those from earlier months,
suggesting that the analytical method effectively captured structural differences in
the leaves due to seasonal deterioration. However, no discernible trends were
observed regarding the type of treatment applied to the plants.

To further investigate the data, a separate analysis was conducted focusing
exclusively on summer acquisitions (June 6% to August 1%, 2022), when leaves were
not yet deteriorated by fall conditions. This PCA model revealed a significant trend
among grape leaves affected by downy mildew: samples treated with fungicide
clustered distinctly on the right side of PC1, suggesting that the treatment affected
the spectral response of the leaves. This observation led to further analysis isolating
only the downy mildew-affected samples, which confirmed that acquisition time
influenced the PCA distribution. The progressive separation of treated samples over
time suggests that the fungicide may have contributed to healing the plant,
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distinguishing treated leaves from those left untreated or exposed to other
treatments. On the other hand, no specific trends were identified among samples
affected by powdery mildew. This is probably due to the particularly hot and dry
summer conditions, which may have hindered the growth of the fungus responsible
for the disease.

A further investigation using hyperspectral imaging (HSI) data was also carried out
to evaluate whether this technique could provide additional insights into disease
development or treatment effects. Unfortunately, no meaningful trends were
observed: leaves subjected to the same treatment did not cluster together, indicating
that the expected spectral correlations were not present. This lack of clear results
can be attributed to several critical factors, including extended storage times and
transport conditions, which probably contributed to sample deterioration and
information loss.

Future research should consider optimizing storage and transportation methods to
preserve sample integrity and allow for more reliable analyses. Moreover,
conducting the study under normal seasonal conditions that promote fungal growth
may enhance the ability to detect significant spectral variations associated with
disease progression and treatment efficacy. Adjusting the experimental timeline to
minimize delays in analysis could also improve the success of similar studies in the
future.

The results of the Rice HSI project proved the efficacy of the NIR-Hyperspectral
Imaging in the analysis and classification of 47 different rice varieties. The
information contained in the images, extracted and explored through multivariate
analysis tools, allowed to build classification models aimed at distinguishing
samples both through their morphological and spectroscopic features, facing the
critical issue of food fraud in the rice industry. To this end, three classification
approaches were implemented: a first PLS-DA classification, followed by two
hierarchical classification models, both manual and automatic. The latter proved to
be able to handle a high number of classes, enhancing the classification process. All
these models were initially used to categorize samples based on the shape grain
morphology and the amylose content. Additionally, for the hierarchical models,
another classification was developed using the type of variety as class information.

The PLS-DA models proved to be robust and effective, with both high Sensitivity
and Specificity. The best classification performances were obtained using the data
fusion approach, while the worst performances were found for the classification
with the NIR data alone, indicating that integrating multiple data sources enhances
the models’ reliability. The hierarchical models also proved to classify well, with
results comparable to the respective PLS-DA models. When analysing the
morphology, the hierarchical models showed better performances when comparing
Specificity; on the other hand, PLS-DA models showed higher Sensitivity,
suggesting that this approach might be more suitable for targeted recognition of
specific rice types, as it works very well in detecting true positives. In the case of
NIR data, some criticalities were found concerning Sensitivity, suggesting that this
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model can be exploited with the intention of recognising samples that do not
correspond to a given reference variety, taking advance of the higher results reached
with Specificity. The morphological data proved more effective than the NIR data
for hierarchical classification of rice varieties, achieving higher performances both
for Sensitivity and Specificity. Among the hierarchical models, the AHIMBU
approach led to better results compared to the manual method, both in the cases of
morphology and NIR data.

Concerning the fused data, combining rice grain morphology and amylose content
showed to improve classification results. Although no hierarchical classification
models of the rice varieties were built for data fusion due to time constraints, the
promising results obtained suggest that implementing this model in future studies
could enhance classification efficiency, ultimately improving counterfeit detection
in the rice supply chain. The study on the fused data revealed a correlation between
rice grain shape and chemical features, in particular for the “Long B” and “Long
A” rice types, where the morphological characteristics were associated with specific
amylose levels. This observation suggests that the rice shape can become an
indicator of the chemical composition of some rice varieties, strengthening the
potential of combining spectral and structural information to improve classification
results. This correlation highlights the advantages of an integrated approach in rice
authentication, enhancing the ability to distinguish rice varieties based on both
structural and compositional attributes.

This study provides valuable insights into the application of NIR-Hyperspectral
Imaging for food authentication, highlighting the potential of advanced multivariate
approaches in agri-food analysis. The results demonstrate that manual and
hierarchical models lead to comparable results, suggesting that automatic
classification offers a time-efficient solution without compromising the model
performances. Hierarchical models showed higher Specificity if compared to PLS-
DA models: this can be due to their stepwise classification approach, which
progressively reduces misclassification by refining decisions progressively. This
classification process enhances the model ability to correctly exclude non-matching
samples, consequently minimizing false positives. On the contrary, PLS-DA
maximizes class separation globally, showing higher Sensitivity as it detects subtle
differences among samples and assigns them more easily to a given class. However,
this increases the risk of misclassification, leading to lower Specificity.

Future research can further optimize classification performance, making food
authentication processes more robust and reliable. Given the impact of rice fraud
on global markets, the ability to accurately classify and authenticate rice varieties
using rapid and non-destructive techniques represents a significant step forward in
food safety and quality control. A research paper detailing this study is currently in
its final writing phase.

In conclusion, the contributions of this Thesis underline the growing importance of
advanced analytical methods in the agri-food sector. By offering more sustainable,
efficient, and cost-effective solutions to food analysis, the integration of NIR
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spectroscopy and chemometrics offers new opportunities for industrial
improvements. The present research provides a solid foundation for future studies,
which will continue to increase these findings to further enhance food quality, in
line with global sustainability goals.
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