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2.1 INTRODUCTION  
2.1.1 Spectroscopy: theory  
Spectroscopy studies the interaction between electromagnetic radiation and matter. The 
electromagnetic radiation is the combination of electric and magnetic fields. 
Depending on the energy of the electromagnetic radiation, transition between different 
kinds of energy states are induced at atomic and/or molecular level.  
In particular, it is used to indicate the separation, detection and recording of changes in 
energy (resonance peaks) affecting nuclei, atoms or whole molecules. These variations 
are due to the energy interaction between radiation and matter, specifically absorption 
or diffusion of electromagnetic radiation or particles (Maxwell, J.C., 2012). 
The theoretical basis of the interaction between matter and radiation is the quantum 
nature of the transfer of energy from the radiation field to the material and vice versa. 
In fact, both matter and the electromagnetic field have a "dual nature", i.e. the ability to 
behave both as a wave and as a particle. 
Electromagnetic radiation, among which the best known is the light, is nothing more 
than a form of energy transport of electromagnetic origin in space. According to the 
studies by James Clerk Maxwell, the first to postulate a set of equations that describe 
fully the electromagnetic phenomena, the movement of electric charges is capable of 
generating radiant energy waves in space. They are the result of the superposition of an 
electric field and a magnetic field orthogonal mutually coupled: each one is the source 
of the other and propagates with sinusoidal both in space and in time (Wilson et al., 
1980; Miller, 2001; Stuart, 2004; Sandorfy et al., 2007). 
 
The electromagnetic radiation 

The directions of oscillation in the space of the electric field and magnetic field, called 
polarization, are perpendicular to the propagation direction. In the propagation space, 
the electromagnetic wave follows laws common to all waves (electromagnetic, 
acoustic, physical) and has a wave nature. 
The electromagnetic radiation is characterised by two properties: amplitude and 
periodicity. The periodicity can be described in term of its wavelength (λ) or frequency 
(υ). Wavelength is the spatial period of the wave, the distance over which the wave's 
shape repeats, as reported in Fig. 7. 
The wavelength and the frequency of the electromagnetic radiation are related through 
the equation (1):  

              (1) 
 
where c is the velocity of the electromagnetic radiation in vacuum; υ is the frequency, 
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which has reciprocal second (s-1) as unit, which is now referred as hertz (Hz= s-1). 
Maxwell discovered that this propagation speed was constant for all the 
electromagnetic waves and in vacuum was approximately 2.998 × 1010 cm s-1, or the 
speed of light. Therefore, being c a constant, knowing the wavelength, it is possible to 
calculate the frequency and vice versa (Maxwell, J.C., 2012). 
.  

 
Figure 7. Electromagnetic radiation 

 
The wavenumber, expressed in cm-1, is another variable characterizing the radiation 
and it is defined as the reciprocal of the wavelength. The unit of measurement, cm-1, 
while not being given by the System International, is widely used in infrared (IR) and 
near infrared (NIR) spectroscopy. 
The radiation, in addition to having a wave nature, reveals his corpuscular nature when 
it interacts with matter. That does not transmit to it a continuous quantity of energy, as 
is the case in classical physics, but sends "packets" of quantized energy. It can then be 
seen as a stream of particles called photons. 
The theoretical basis of the interaction between radiation and energy states of matter is 
precisely this quantum nature with which the energy transfer occurs between the 
electromagnetic wave and the energy states of matter and vice versa. If it is considered 
that the radiation is formed from many discrete energy called photons, and that the 
energy transmitted by a photon is proportional to the frequency of the electromagnetic 
wave, it can be traced back to the amount of energy that a photon of a certain wave 
transmits the matter by the Planck-Einstein relation, as reported in equation (2): 

 
        (2) 

 
where E is the energy (joules, J), h is the constant of Planck (6.62 × 10-34 J s-1) and υ is 
the radiation frequency (Hz). A radiation beam may have an intensity more or less 
strong, depending on the amount of photons per unit time and unit area, but the 
quantum energy (E) will always be the same for a given frequency of radiation.  
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Based on these parameters, the whole electromagnetic spectrum is usually classified in 
regions by wavelength into electronic energy, radio, microwave, infrared, the visible 
region, ultraviolet, X-ray and gamma rays (Fig. 8).  
 

 
 

Figure 8. Chart of the electromagnetic spectrum illustrated with radiation sources and 
applications (reproduced from SURA, 2007). 

 
The boundaries between regions are approximate and mainly based on the interactions 
between the radiation and the matter, as described in Tab. 4. 
 
Table 4 List of the different regions in the electromagnetic spectrum, the type of spectroscopy 
and the induced energy changes.  
 
Region Spectroscopy Induced quantum change 

Radiofrequency Nuclear magnetic resonance and 
electron spin resonance 

Changes of electronic spin 
Changes of nuclear spin  

Microwave  Rotational Molecular rotations 

Infrared Vibrational Transition between the vibrational 
levels of molecules 

Visible -  
Ultraviolet Electronic Outer electronic transitions 

X-ray X-ray Inner electronic transitions 
Gamma- ray γ- ray Atomic nuclei excitation 
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The infrared region of the spectrum includes radiation with wavenumbers ranging 
from about 12500 to 10 cm-1 which corresponds to wavelengths from 0.78 to 1000 µm. 
It can be sub-divided into near infrared (12500 to 4000 cm-1), mid infrared (4000 to 
400 cm-1) and far infrared (400 to 10 cm-1).  
 

Principles of infrared spectroscopy For a molecule to absorb infrared radiation it is 
necessary that the radiation has sufficient energy to induce vibrational transitions on 
the same molecule. The exact matching of radiation frequency with bond vibrational 
frequency is called resonance. The vibration of any structure is analyzed in terms of 
the degrees of freedom which the structure possesses. Polyatomic molecules containing 
N atoms will have 3N degrees of freedom. In linear molecules (3N-5 degrees of 
freedom), 2 degrees are rotational and 3 are transitional. In non-linear molecule (3N-6 
degrees of freedom), 3 of these degrees are rotational and 3 are transitional; the 
remaining correspond to fundamental vibration. In the simple case of water molecule, a 
diatomic molecule, there are 3 degrees of translation freedom, 2 degrees of rotational 
freedom and 1 degree of vibrational freedom (Miller, 2001).  
The main types of bond vibrations are stretching and bending. An example of 
stretching and bending vibration of a molecule of water is shown in Fig. 9. 
 

 
Figure 9. Stretching and bending vibration of a water molecule. 

 
The stretching is the vibration of the bond along the plane, in consequence of which 
the interatomic distance varies rhythmically -symmetrically (in-phase) or 
asymmetrically (out-of-phase); bending vibrations are characterized by a variation of 
the angle between two atoms in the plane (scissoring and rocking) and out of plane 
(wagging and twisting). 
The vibrational frequencies can be roughly related to the molecular properties through 
Hooke's law. Moreover, the resulting values do not differ much from the average 
values relating also to the stretching vibrations and bending for two atoms in a 
polyatomic molecule. 
Since the values of the reduced mass of the groups -OH, -CH and -NH are rather 
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similar, the spectral information is determined mainly by the value of k, which depends 
not only on the length and strength of the bond, but also from the surrounding 
environment, thus creating differences in energy absorption for each link and are used 
in the interpretation of a spectrum. 
In reality, however, asymmetric diatomic molecules are analysed: this modifies their 
responses excitement caused by the incident radiation. The phenomena of mechanical 
anharmonicity, i.e. the loss of the equidistance between the different energy levels, and 
anharmonicity of electricity, i.e. the change of the equation of moment dipolar electric, 
leads the system far from ideal conditions (Fig. 10). In particular, the anharmonicity 
leads to overtone bands, or anharmonic bands, whose frequency is not an integer 
multiple of the fundamental frequency with which oscillates the bond dipole of the 
molecule.  

 

Figure 10. Vibrational bond anharmonicity and overtones. 

These phenomena are even more influential in a polyatomic molecule in which the 
reciprocal influences between atoms increase exponentially. The lack of harmonicity is 
even more evident in bonds involving hydrogen molecules, which have a very small 
mass. The results are vibrations with a greater amplitude and more intense absorption 
bands. These phenomena mainly influence the near-infrared spectrum. 
In this prospective, infrared spectroscopy is applied for quantitative and qualitative 
analysis of materials regarding their tendency to absorb light in a certain area of the 
electromagnetic radiation. Near Infrared spectroscopy (NIR) is based on the absorption 
of radiation in the 12.500 – 4.000 cm-1 region, Mid Infrared (MIR) spectroscopy in the 
4.000-400 cm-1 region. 
The infrared spectrum of an organic compound provides a unique fingerprint that is 
easily distinguishable from the absorptions of all other compounds. Moreover, the high 
selectivity of the method often allows the quantitative determination of an analyte in a 
complex mixture without the need for preliminary separations (Maxwell, J.C., 2012). 
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2.1.2 NIR spectroscopy 
Spectra interpretation  

The near infrared (NIR) spectrum is characterized by overtones and combinations of 
fundamental vibrations of molecules containing -CH, -OH, -NH groups; all groups 
present in foods as constituents of fat, protein, sugar, and moisture (Workman & 
Weyer, 2008). A brief overview is given here and summarized in Fig. 11.  
 

 
Figure 11. Schematic representation of overtone and  

combination bands absorptions in the NIR region. 
 
Overtone and combination bands of the –-CH 

The C-H bond is definitely the most important heteroatomic bond in organic molecules 
in foods and its fundamental overtone and combination bands can be found in the 
following spectral regions according to the kind of bond: 
- alkanes and cycloalkans: 5882-5555 cm-1 (first overtone), 8696-8264 cm-1 (second 

overtone), 11390-10929 cm-1 (third overtone); 6666-7690 and 4545-4500 cm-1 

(combination regions);   
- alkenes and alkynes: 6100-6200 cm-1 (first overtone), 8897-9200 cm-1 (second 

overtone), 12500–10776 cm-1 (third overtone); 4600-4482 and 4780-4670 cm-1 

(combination regions);   
- aromatic compounds (benzene): around 6000 cm-1 (first overtone), 8834 cm-1 

(second overtone), 11442 cm-1 (third overtone); 8770 cm-1 (combination of twice 
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C-H stretch).   
 

Overtone combination bands of the -OH 

The location of the bands due to the O-H bond, as all those that characterize a hydroxyl 
group, depend on the temperature and condition of the hydrogen bond. According to 
the compound containing the hydroxyl group it is possible to assign the overtone and 
combination bands as follow: 
- alcohols: 6240-6,850 cm-1 (first overtone), 10400 cm-1 (second overtone of 

nonbonded O-H stretch), 13500 cm-1 (third overtone); 5550-4500 cm-1 

(combination of O-H stretching and bending);   
- phenols: 6940-7140 cm-1 (first overtone), 10000 cm-1 (second overtone), 13250 

cm-1 (third overtone); 4760-5210 cm-1 (combination region);   
- carboxylic acids: around 6920 cm-1 (first overtone), 10000 cm-1 (second overtone 

of nonbonded carboxylic acid hydroxyl), 12500 cm-1 (third overtone); the main 
combination peak (O-H stretch combined with C=O stretch) is at 5290 cm-1;  

- water (liquid): the main combination bands are present at 10300 and 6900 cm-1, 

involving the symmetric and asymmetric stretch modes, although these two bands 
are generally referred to first and second overtones.  

 
Overtone and combination bands of the -NH 

Regarding the primary amines, a double band at about 6553 and 6730 cm-1 due to a 
first overtone of stretching of the NH group would be expected, and a band at about 
9700 cm-1 for the second overtone; the third is a doublet at 12400 and 12840 cm-1. 
Primary amines show a combination region around 5000 cm-1. Secondary amines have 
a single-band-first overtone around 6530 cm-1. Second ammines show a second set of 
combination bands around 12380-12000 cm-1. The aromatic amines show absorptions 
around 6890 and 6690 cm-1.  
 
Other important overtones and combination bands 

There are few other bands, apart from those that affect the bonds C-H, O-H or N-H, 
that may be considered important for the NIR spectra interpretation in foods 
fermentation applications.  
The carbonyl group has an intense band at about 5880 cm-1 and therefore also one to 
five overtone at about 3450, 5130, 6900, 8620 and 10300 cm-1 are expected. In 
addition to overtones, combination bands involving C=O stretching are present in the 
region 4760-4445 cm-1 for aldehydes. 
The first overtone of P-H stretching is appreciable at 5288 cm-1 and the POH group has 
a peak at 5241 cm-1. 
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The thiol first overtone is present at 5050 cm-1 and its phosphorus group (PSH) shows a 
doublet at 5080-5000 cm-1. 
Carbohydrates, consisting mostly of aliphatic cyclic groups with O-H residuals, have 
peculiar absorptions related to these constitutional groups in the NIR region. The bands 
normally associated with starch and sugars as C-H and O-H bands are at 4000 cm-1 (C-
H stretch and the combination of C-C and C-O-C stretch), 4283-4386 cm-1  
(combination of C-H stretch and CH2 deformation), 4762 cm-1(O-H bending and C-O 
stretch combination), 6897 cm-1 (2 υ of O-H) and a doublet at 9911 and 10288 cm-1 (3υ 
of O-H of saccharides). 
Proteins, instead, show three main absorption bands, in the region of the combination 
of the NH group, in the region 10277-9800 cm-1 (N-H first overtone), 6667-6536 cm-1 

(N-H second overtone), 4878-4853 cm-1 (N-H stretching combination). Moreover, in 
the region 4613-4587 it is possible to distinguish N-H band overtone and the 
combination of C=O stretch, N-H bending and C-N stretching.  
 
Instrumentation  

A generic spectrometer that emits in the infrared region is constituted by a group of 
basic elements: a radiation source, a wavelength selector, a system for the exposure of 
the sample to the radiation and a detector, according to the scheme shown in Fig. 12 
(McClure, 2001). 

 

Figure 12. Schematic overview of the basic components in spectroscopic instruments. 

The radiation sources are mainly incandescent bulbs or light emitting diodes (LEDs). 
In many cases, normal tungsten lamps are used, being considered as a economic and 
helpful source of NIR radiation. Each source obviously has a specific range of 
emission wavelengths. For example, incandescent sources are effective for visible 
radiation and NIR, the LEDs are limited to specific wavelengths according to the 
material used in their manufacture. Tungsten-halogen lamps with quartz envelopes are, 
by far, the most popular source of NIR energy. 
Wavelength selectors are different in technology: diodes or filters, as photodiode arrays 
(PDA), diode array detector (DAD), laser diode (LD), fixed filters (FF), wedge 
interference filters (WIF), tilting filters (TF), liquid tuneable filters (LCTF), prism, 
grating, Fourier-transform NIR (FT-NIR). 
Also among the detectors different ones can be chosen according to the kind of 
analysis to be performed. The most popular are silicon (photovoltaic) sensors (they 
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range from 360 to 1000 nm), and PbS (lead sulphite) detectors are used for the 900-
2600 nm region and indium gallium arsenide (InGaAs) detectors.  
 
FT-NIR Instrument design 

This section presents in detail the Fourier-transform NIR spectrometer as in the current 
research data have been collected by using this class of instruments. A schematic 
diagram of such an instrument is shown in Fig. 13. 

 

Figure 13. Setup of an FT-NIR instrument. 

The core of a FT-NIR is the interferometer. The interferometer consist of a beam 
splitter, a fixed mirror and another mirror, which forms an angle of 90° with the first 
one, moving back and forth precisely. In a standard Michelson interferometer (Fig. 14, 
on the left), light from the source, after entering, is divided into two equal beams by a 
beamsplitter: one beam exceeds the splitter and one is reflected. The mirrors to the 
splitter and pass through it then reflect both the radiation. By changing the distance of 
the mirror from the splitter a continuous change in the optical path difference between 
the two beams is caused, thus creating interference in the radiation. The intensity as a 
function of mirror displacement is called interferogram. The spectral information 
contained in an interferogram is then retrieved using a Fourier transformation. 
Bruker and ABB instruments are not built with a Michelson configuration, but with a 
double-pendulum interferometer (Figure 14, on the right). The advantage of an 
interferometer with cube corner mirrors (the so called Rock Solid™ interferometer in 
Bruker instrument) is the minimization of the problems due to mirror misalignment, 
being thus more robust towards mechanical distortion. Moreover, the position of the 
mirrors in these systems is controlled using a Helium-Neon laser, which permits the 
performance of the internal calibration. The wavelength stability of the HeNe laser 
results in a high performance in term of wavelength accuracy and precision. 
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Figure 14. Schematic representation of interferometers: on the left, a classical Michelson 
interferometer, on the right, a Rock Solid™ interferometer contained in Bruker Optics 

instruments. 
 
Sample interface and measurements modes  

With the high throughput of FT spectrophotometers, it is possible to have different 
measurement channels and modules in one instrument. The multipurpose permits the 
analysis of different kind of samples (liquid, semi-solid, solid). There are three main 
types of optical measuring modes. 
The standard approach is to measure the sample using transmission spectroscopy. The 
light from the source is directed to the sample with a focused or parallel beam. Some 
light is absorbed and the remaining energy is transmitted to the detector (Fig. 15a). 
Gasses and liquids are often sampled in transmission, but also reflecting and scattering 
samples could be measured.  

 

Figure 15. Principles of transmission (a), reflection (b) and transflection (c). 

The main sampling tools to be used in transmission spectroscopy are: 
- quartz cuvette with path length between 1 mm and 10 mm  
- fiber optic probe, for liquids, in which the path length is defined by a fixed 
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length at the probe head; according to the analysis different probe geometries 
could be used; 

- petri dishes, for samples with a consistency between solid and liquids form a 
point of view of their optical properties. 

Reflection is used for solid surfaces, particles in powders, pallets or granulates. 
Reflection is generally referred to as diffusive reflection. In diffusive reflection 
spectroscopy, the incident light hits the sample surface and then is reflected with a 
different angle than the incident one. The light is generally collected at an angle 
between 5 and 85 degrees to the incident light (Figure 15b). Different kinds of 
accessories can be used for measurements in diffusive reflection: integrating sphere, 
multiple fiber optic probes, rotating cups, etc. In those situations in which the path of 
the container is too long or the kind of matrix does not allow a simple measure in 
transmission, transflection measurement is an option.  

Transflection measures are a combination of transmission and reflection. A mirror is 
placed in the light path, the light transmitted through the sample is reflected by the 
mirror at the same or almost the same angle as the incident beam and goes back to the 
detector (Figure 15c). The detector can be a diffusive reflectance probe or an 
integrating sphere. This technique is useful for emulsions, gels and turbid liquids.  
 
2.1.3 Mid Infrared Spectroscopy (IR) 
Spectra interpretation 

Mid IR spectroscopy is based on the absorption in the range 4000-400 cm-1 due to 
fundamental rotational molecular vibrations (banding and stretching). Contrary to NIR 
spectroscopy, bands are less overlapped and the region 1500-1000 cm-1 defines a 
fingerprint characteristic of the sample under study. In general, IR spectroscopy is 
often used to identify structures because functional groups give rise to characteristic 
bands both in terms of intensity and frequency (Fig. 16).  

 

 

 

 

Figure 16. Schematic representation of vibration bands absorptions in the mid IR region. 

The vibrational energy is directly related to the strength of the bonds and the mass, thus 
permitting the identification of specific chemical entities. Tab. 5 reports examples of 
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peaks attribution to various type of bonds.  
The complexity of the matrix and the combination of all the biochemical reactions 
occurring during fermentation, for instance, enhances displacements of peaks due to 
the various compounds present in the matrix, which influence the absorbance of a 
bond. For this reason is more common to find typical peaks also according to the 
matrix under study.  
 

Table 5. Examples of absorption frequencies of functional groups in mid IR region. 

Bond Type of bond Absorption peak 
at cm-1 

C-H 

Methyl and methylene 1470-1260  
2870-2960 

C═CH2 900 
 3080-3020 
C═CH 990-900 
 3020 
Aromatic 900-690 
 3070 

C-C  1660-1600 
Aromatic 1580-1450 

C=O  1775-1685 

O-H 
Alcohols, phenols 3670-3200 
Carboxylis acids 3560-3000 
Water 3700-3050 

N-H 
Primary amines 1640-1560 
 3500-3400 
Secondary amines >3000  

C-O 

Primary alcohols 1060-1040 
Secondary alcohols ~1100  
Tertiary alcohols 1200-1150 
Carboxylic acids 1300-1250 

C-N 
Aliphatic amines 1220-1020 
R-N-C 2110-2165 
R-N=C=S 1990-2140 

N-O  1540-1380 
 

 

Instrumentation 

In the current research, in the experiments monitored by mid IR spectroscopy, the 
instrument used was a FT-IR spectrometer. Details concerning its technology have 
been already exposed at paragraph 2.1.2. Briefly, the advantage of a FT-IR in respect 
with a FT-NIR is the higher sensitivity and speed in acquiring spectra. Moreover, 
progress has been done in the field of mid infrared region application in fitting a purge 
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system to eliminate instability caused by the presence of air, i.e. interference of water 
(absorbing at 3657 cm−1 and 1595 cm−1) and carbon dioxide (absorbing at 2380 cm-1).  
 
Sample interface and measurement modes: transmission windows and cells 

Transmission-based sample presentation techniques have been used for different kind 
of samples: from gases to liquids, from pastes to powders. Measuring in transmission 
means that the IR beam of the spectrometer is passing through the sample and the 
transmitted IR intensity is measured. Owing to the high IR absorptivity of water, 
samples have to be very thin, usually only few micrometres of optical path length. For 
the analysis of paste or viscous samples, therefore, it is necessary to form smear or 
capillary films. Nowadays, transmission is mostly used for gas samples, where is 
possible to use even cells with path from 1 to 20 cm. 
Potassium bromide (KBr) pellets are used for the measurement of powders or granules. 
These preparations will not be reported in detail as all the problems related to 
transmission windows have been solved by the implementation of attenuated total 
reflectance (ATR) cells.  

Attenuated total reflectance  

In this technique, the IR beam is guided into an IR transparent crystal by total 
reflection. Due to quantum mechanical properties of the IR light, the electromagnetic 
field may extend beyond the crystal surface for about 1 µm as a so-called evanescent 
field.  
 

 
Figure 17 Scheme of an ATR cell. 

 
As shown in Fig. 17, the light from the source enters the ATR crystal and is reflected at 
the sample-element interface. Multiple reflections are generated, due to the angle of 
incidence of the accessory. At each point where reflection occurs, radiation penetrates 
the sample for a short distance and it decays logarithmically as a wave into the sample 
medium. Along the path the reflected energy is reduced by the part absorbed by the 
sample. The material used to manufacture the internal reflectance element should have 
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high refractive index, and generally zinc selenide (ZnSe) or germanium (Ge) are the 
most employed.  
 
2.1.4 Chemometrics  
As previously reported, NIR and mid IR information is often characterized by 
overlapped bands, scattering effects, baseline drifts and, as other analytical techniques, 
it is affected by the instrumental noise. Chemometrics is, therefore, the proper 
approach to explore and extract relevant information from spectral data, 
remove/correct/minimize spectral artefacts due to the experimental conditions and 
correlate the relevant information with the proper parameter to be controlled/measured. 
The general definition of chemometrics is “the science of relating measurements made 
on chemical system or process to the state of the system via application of 
mathematical or statistical methods” (ICS, International Chemometrics Society). 
Chemometrics clusters several topics such as design of experiment, information 
extraction methods (modelling, classification and test of assumption) and techniques 
for studying and understanding chemical mechanisms. 
In this paragraph, a general overview of the most common methods adopted in spectral 
data analysis are reported, with a particular detail to the less ordinary techniques which 
have been applied in the current research.  
 
Spectral pre-treatments  

After the spectral data collection the first, and most important, step is data pre-
processing. The aim is to enhance the relevant information and decrease the influence 
of unwanted side information contained in the spectra. 
The most common pre-processing techniques used in infrared spectroscopy can be 
divided into two groups: scatter correction methods and spectral derivatives. The most 
representative for each category are presented below. 
 

a) Smoothing  

The purpose of smoothing correction is to minimise the noise present in the spectra. 
The smoothing method applied in this thesis is the one proposed by Savitzky and 
Golay (Savizky & Golay, 1964), which is a moving window averaging method. An odd 
window size is selected, the data in the window are fitted by a polynomial (of different 
degree, generally second degree), and the central point of the window is replaced by 
the value of the polynomial. The choice of the size of the window is fundamental: large 
windows may eliminate important spectral information; while too small windows may 
not correct the noise present in the data.  
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b) Scattering correction methods   
Scatter-corrective methods include Multiplicative Scatter Correction (MSC), Inverse 
MSC, Extended MSC, Extended Inverse MSC, de-trending, Standard Normal Variate 
(SNV) and normalisation. All the mentioned methods aim to reduce the spectral 
variability related to the sample physical properties (scattering) and to adjust the 
baseline drift between samples  (Rinnan et al., 2009). 
The most commonly used techniques are here presented.  
Multiplicative Scatter Correction (MSC). Multiplicative Scatter correction is used as a 
pre-processing method in NIR spectral data in order to remove artifacts and 
imperfections before data modeling. MSC consists of two steps: 

- the estimation of the correction coefficient (additive and multiplicative 
contribution) (Eq. 3): 

   (3) 

- the correction of the recorded spectrum (Eq. 4): 

   (4) 

where Xorg is the spectra measured by the IR instrument; xref is the reference spectrum 
used for pre-processing the entire dataset (generally the average spectrum of the 
calibration set); e is the un-modelled part of Xorg; b0 and bref,1 are scalar parameters, 
calculated after a least square linear regression performed on the absorbance values of 
the sample spectrum versus those at the corresponding wavelength in the mean 
spectrum (b0 and bref,1 represent the intercept and the slope of the linear equation, 
respectively).  
MSC separates multiplicative and additive effects of the scatter in the spectra, 
minimizing spectral variation not related to the chemical composition of the sample. 
 
Standard Normal Variate (SNV). The basis of SNV is the same as for MSC, except that 
reference signal is not required. Thus the corrected spectrum (Xcorr) is defined as (Eq. 
5): 

         (5) 

where a0 is the average value of the sample spectrum to be corrected and a1 the standard 
deviation from the sample-spectrum. As no Xref is used, the SNV normalisation is more 
effected by noisy spectra. 
Dhanoa et al. (1994) have demonstrated that MSC and SNV are similar up to a simple 
rotation and offset correction. Nevertheless, an important consideration must be said. 
While SNV does not change the shape of the spectra, MSC might slightly change the 
shape of the spectra being corrected. This is especially relevant when the spectrum 
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chosen as reference is very different from the bulk of the spectra. This is the case of 
highly noisy spectra.  
 

c) Spectral derivatives 

Derivatives have the capability to remove additive and multiplicative effect and to 
enhance small spectral differences. In particular, the first derivative removes only 
additive effects (e.g. constant baseline drifts); whereas the second derivative removes 
also the presence of linear trends (multiplicative effects). Apart from this, both 
derivatives lead to an increased spectral resolution at the expense of a decrease of 
signal-to-noise ratio. 
3) the derivative degree, depending which derivative wants to be performed. 
In details, to find the derivative at a centre point i: a polynomial is fitted in a symmetric 
window on the raw data, the parameters of the function fitted are calculated and the 
derivative is analytically found for that point.  
 
Principal Component Analysis  

Principal component analysis (PCA)(Jackson, 1981) is a multivariate projection 
method which is used for general exploratory data analysis. It forms the basis of 
multivariate data analysis. It is applied for data compression, outliers’ detection, 
pattern recognition, and it is a powerful tool for data visualisation (Jolliffe, 1986). In 
addition, PCA provides an understanding of the relationships between all the variables 
(i.e. variables which contribute similar information to the model) and among variables 
and samples/observations.  
Given a matrix of data (X) composed of m rows, representing observations, and n 
columns, standing for variables, PCA decomposes X as sum of r ti and pi (Eq. 6): 
 

  (6) 

where T stands for object scores and contains information about how the samples 
relate to each other; P stands for variable loadings and unravel the magnitude (large or 
small correlation) and the manner (positive or negative correlation) in which the 
measured variables contribute to the scores; E stands for residuals, i.e. the unmodelled 
variation (Fig. 18).  

 

 
Figure 18. PCA decomposition of a data matrix. 
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Mathematically, PCA relies upon an eigenvector decomposition of the covariance or 
the correlation matrix of the process variables. For a given data matrix X (M x N), 
where M are the observations/object and N the variables the covariance matrix is 
expressed as (Eq. 7): 

    (7) 

The pi vectors are eigenvectors of the covariance matrix; for each pi (Eq. 8):   
 

   (8) 

 
where λi is the eigenvalue associated with the eigenvector pi. The pi are orthonormal 
columns, whereas ti form an orthogonal set. Another way to look at it is that ti are the 
projections of X onto the pi.  
From a geometrical point of view, the first principal component (PC1) is calculated as 
the line in the K-dimensional space that best approximate the data in the least square 
sense, and it represents the maximum variation of the data set. Usually, one component 
is not sufficient, thus a second component (PC2) is calculated orthogonally to the first 
line (PC1). PC1 and PC2 define a plane (Fig. 19), and the observations/samples are 
projected in this new defined space. The scores are now defined as the co-ordinate 
values of each observation on this plane.   

 
Figure 19 Geometric interpretation of principal components (PCs). 

 
Q and D are two figures of important for PCA models evaluation. The Q-statistic for 
one object its distance from the model; T2-statistic its distance from the centre of the 
model. In Fig. 19 two extremes observations are reported: a sample with high Q value, 
and a sample with high T2 value, in order to understand graphically the meaning of the 
two figures of merit. This is a good demonstration of the possible use of PCA as a 
screening for outliers’ presence in the dataset.  
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Multivariate regression: Partial Least Square  
PLS is one of the chemometric strategy more used with PCA, actually both methods 
are based on latent variables concept. PLS is a regression method which constructs a 
linear regression equation between the scores of the predictor variables and the scores 
of the dependent variables. Similarly to the PCA method, the PLS decomposes both the 
X matrix of the predictor variables and simultaneously the Y matrix of the dependent 
variables, creating principal directions that describe the maximum variability of X and, 
at the same time, taking into account the maximum covariance between the scores of X 
and Y (Wold et al., 1983; Geladi et al., 1986). 
The PLS model can be considered as consisting of outer relations between X and Y 
according to the Eq. 9 and 10: 

X=TPT+E   (9) 
 

Y=UQT+F   (10) 

By using the score of X as predictive variables and Y scores as new dependent 
variables, it is possible to obtain their inner relation (Eq. 11): 

  (11) 

where bPLS is the regression coefficients vector of the latent variables; is the inner 

relation residual matrix;  is the Y scores matrix; bPLS is calculated with least square 

regression between the single scores of X and Y. 
The loading weight, W, can be calculated from the estimation of the scores, T, in the X 
matrix (Eq. 12): 

    (12) 

In addition to the PCA model, in PLS there is also a relation linking X and Y matrices 
(Eq.13): 

	  	  	  	  	  	  	  	  (13)	  
The properties of the scores and loadings are the same as described for PCA, in 
addition it is important to underline that the weights are orthonormal. 
The regression conducted with PLS method is linear. The choice of a linear model 
often require a data pre-treatment (mean centring, normalisation and so on) in order to 
get rid of dynamic character of the trajectories.  
 

2.1.5  Spectroscopy in the wine by-products sector 
Winemaking process generates a substantial volume of solid by-products which are 
produced in a limited period of the year and have some pollutant characteristics that 
complicate their management. On average, the pressing of 100 kg of grapes produces 



	   56 

about 25 kg of solid materials consisting in skins (50%), stalks (25%) and seeds (25%). 
The possibility of valorizing oenological by-products for the production of high-added-
value compounds to be used in food products would at the same time provide an extra 
income for wine makers deriving from the selling of wastes at a profitable price (at 
present the price often does not even cover transportation costs) and reduce the 
environmental impact of such wastes.  
Scientific works in the literature and research projects devoted to the use of agro-food 
by-products reveal the feasibility of extracting high-value components such as phenolic 
substances, fibers and oils. In order to be realistically implemented on industrial scale, 
a recovery strategy should be set up following an integrated approach, leading to the 
development of a system in which the by-products are completely converted into new 
products, ingredients, and additives with economically efficient and sustainable 
technologies.  
The properties of winemaking by-products are greatly influenced by grape cultivars, 
growing conditions and vinification processes. Besides, recovered products would need 
to have standardized characteristics in order to become successful market products 
(Rice-Evans, et al. 1997; Shrikhande, A.J. 2000; Vermerris, & Nicholson, 2006). The 
monitoring of wine by-products for study their large heterogeneity in composition is a 
growing need, which calls for fast and non-destructive methods providing real-time 
information. In order to assure an effective control at all stages of the process for 
obtaining an high-quality of the standardized product. One of the most promising 
directions for the development of new methods is the application of sensor systems, 
whose speed and on-line capabilities meet the demand of automation and continuous 
process control. 
Near Infrared Spectroscopy represents a fast and non-destructive method, which is 
alternative to conventional chemical analyses for in-time monitoring of various 
products and processes. Absorption in NIR spectral ranges can be related to the main 
chemical components of food, such as proteins, carbohydrates, fats and water. Infrared 
spectroscopic techniques have already been employed in many applications, both in 
laboratory and in industrial plants for on-line control (Fagan & O’Donnell, 2008; 
Woodcock, Downey & O’Donnell, 2008). 
 

2.2 MATERIAL AND METHODS 
2.2.1  Grape skins and seeds 
Ninety samples of red grape marcs (skins and seeds) and sixty samples of white grape 
marcs (skins and seeds) from the northern Italian regions (Piemonte-Lombardia-
Trentino) involved in the “Valorvitis Project” (AGER 2010-2222) were investigated in 
this research..  
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First of all, it was necessary to separate the skins from the seeds. Marcs were dried in 
an oven with forced air convection (IGNIS – Whirpool Europe s.r.l, Comerio, VA; 
Italy) at controlled temperature (60°C), for times ranging between 3 and 7h. Skins and 
seeds, in fact, were considered as ‘dried’ when their water activity reached values 
lower than 0.3 (ACQUA LAB CX3; Pullman, WA- USA). Skins were then speared 
from seeds by a coarse milling (30s), using a domestic food processor (Speedy, Ariete; 
Firenze; Italy), followed by sifting through a 2mm mesh sieve, to discard the seeds. 
The skins were collected and milled using a laboratory homogenizer (Waring 
Commercial Blender; Torrington, CT), for 30s. The milled skins were screened again 
using a sieve of 1 mm mesh to obtained a homogeneous and suitable particle size. The 
same procedure was also adopted for the seeds previously separated from the red and 
white marcs.        

2.2.2  Chemical analyses 
Red and white grape skins and seeds powders were first characterized for dry matter by 
oven-drying at constant weight.    

a) Sample extraction 
In order to investigate the phenolic compounds, dried and milled grape skins (50g) 
were extracted with the solvent (absolute ethanol:water:HCl, 60:40:0,5 v/v/v) at a 4:1 
(v/wet weight of oven-dried marc) solvent-to-sample ratio under continuous stirring (2 
h) on a magnetic stirrer (825rpm) at 60°C, as proposed by Amendola et al. (2010). The 
liquid extract was separated from the solids by centrifugation (10,000g for 15min; 
Centrikon T-42K, Kontron Instruments) and the supernatant was used for the phenolic 
characterization. Extractions were performed in quadruple (n=4). 
 
b) Total phenolic  
The Folin–Ciocalteu assay (Ribéreau-Gayon et al., 2000) was performed on the GSPs. 
The reaction mixture contained 6.0mL of distilled water, 0.5mL of the extracts diluted 
with ethanol:water:HCl (80:20:0.1, v/v/v) or 0.5mL of the reference products dissolved 
in methanol, 0.5mL of Folin–Ciocalteu reagent and 3mL of 10% Na2CO3. The 
mixtures were incubated for 90min at room temperature and then the absorbance was 
recorded at 750nm against a blank with no extract addition. For each extract, 2–4 
dilutions were assessed in duplicate. A calibration curve was built using gallic acid. 
Total phenolics were expressed as g of gallic acid equivalents (GAE) per 100g of dry 
product. The determination was performed in quadruple (n=4). 
 
c) Total anthocyanins 
Total anthocyanins for Ba grape skins were estimated by dilution with acid ethanol 
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(ethanol:water:HCl, 80:20:0.1, v/v/v), reading the absorbance at 540nm. The value was 
multiplied by the dilution factor and by a conversion coefficient for a mixture of grape 
anthocyanins (Di Stefano and Cravero, 2001). Total anthocyanins were expressed as g 
of malvidin (MALE) per 100g of dry product. Results are the average of four replicates 
(n=4) 
 
d) Tannins 
Condensed tannins were estimated by the acid-butanol assay based on the ability of 
monomer and condensed 3–4 flavandiols to oxidise in acid and alcoholic medium at 
high temperature to give coloured procyanidins. Briefly, in a glass tube 2mL of the 
extract were mixed with 6mL of n-butanol:HCl (95:5, v/v) and 0.2 ml of 0.04 mol/l 
NH4Fe(SO4)2.12H2O in 2mol/L HCl the iron reagent (150 mg/L of iron (II) sulfate in a 
solution of n-BuOH-conc. HCl (50:50, v/v). The tube was hermetically sealed, shaken 
and the reaction developed within 30min in a boiling water bath. The solution was 
cooled and the absorbance measured at 550nm. The value was corrected by the blank 
(a sample prepared in the same way but left for 30min in the dark without heating) and 
multiplied by 0.1736 (mg/mL) (a conversion factor calculated from a non-commercial 
grape procyanidins solution) to give the g/100g of cyanidin (CYAE) (Glories, 1978). 
Results are the average of four replicates (n=4) 
 
e) Ferric ion reducing antioxidant power (FRAP) assay 
The FRAP assay was performed on the GSP extracts, according to a procedure 
described previously (Benzie and Strain, 1996). Briefly, FRAP reagent was prepared 
by adding 25mL of 300mM acetate buffer, pH 3.6; 2.5 mL of 10mM 2,4,6-tripyridyl- 
s-triazine in 40mM HCl and 2.5mL of 20mM FeCl3. The reaction mixture contained 
0.4mL of extracts opportunely diluted with methanol:water:HCl (80:20:0.1, v/v/v) and 
3mL of FRAP reagent. The increase in absorbance at 593 nm was evaluated against a 
blank with no extract addition. For each extract, 2–4 dilutions were assessed in 
duplicate. Results were expressed as mmol Fe(II) sulphate equivalents per kg of dry 
product. The antioxidant activities were expressed in Trolox mmol/100g 
(TEmmol/100g). 
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2.2.3  FT-NIR and FT-IR spectroscopy 
Acquisition of the samples spectra was performed in reflectance mode using FT-NIR 
spectrometer (MPA, Bruker Optics, Milano) equipped with an integrating sphere. The 
spectral data were collected over the range 12500–3800 cm-1 (resolution, 8 cm-1; 
background, 128 scans; sample, 128 scans) at controlled temperature (23 ± 1 °C).  

In addition FT-IR measurements were performed with a spectrometer (Vertex70, 
Bruker Optics, Milano) equipped with a deuterated triglycine sulphate (DTGS) 
detector. The spectral data were collected over the range 4000–700 cm-1 (resolution, 4 
cm-1; background, 16 scans; sample, 16 scans) at controlled temperature (23 ± 1 °C). 
The samples were positioned on a germanium crystal ATR (Attenuated Total 
Reflectance) with single reflection. Instrument control and initial data processing were 
performed using OPUS software (v. 6.5, Bruker Optics, Ettlingen, Germany). 

As regards grape skins, NIR and MIR spectra were acquired both on the wet samples 
and on the dried ones, after grinding. As regards the seeds, the spectra were acquired 
only after drying and grinding. Therefore, as regards grape skins, 1232 FT-NIR spectra 
were collected in total: 360 for the wet red grape skins (90x4), for the dried ones 
(90x4), 256 for the wet white grape skins (60x4), 256 for the dried ones (60x4). As 
regards grape seeds, 616 FT-NIR spectra were collected in total: 360 for the red grape 
seeds (90x4), 256 for the white ones (60x4). The same experimental plan was adopted 
for FT-IR dried skins and seeds of red and white grapes. Therefore, totally, 3080 
spectra were collected and processed.     
 
2.2.4 Data processing 
The UnscramblerX software (v. 10.1, Camo, Inondhcim, Norway) was used for 
spectral data elaboration. Principal Component Analysis (PCA) (Beebe, Pell & 
Seasholts, 1998) was applied to spectral and chemical data.  
Before performing PCA calculation, spectral data were standardized using different 
mathematical pre-treatments: Standard Normal Variate (SNV), transformation into first 
derivative (Savitzky-Golay method, gap size =15 data points). All spectral data sets 
were also mean-centred. PCA was performed over the range 8894-3810 cm-1 in the 
near infrared region, and in the range 3811- 2669, 1928-864 cm-1 in the medium 
infrared region.          

Spectral data were correlated with the chemical parameters by Partial Least Squares 
(PLS) regression algorithm. PLS calibration was preferred, because it compensates the 
interferences from uninteresting compounds. Internal cross validation (leave-one-out) 
was used to assess the predictive ability of calibration model; the coefficients of 
determination (R2), the root mean square error in calibration (RMSEC) and in cross-
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validation (RMSECV) were computed. The R2 gives the percentage of variance present 
in the component values, which is reproduced in the prediction; the higher the 
coefficient, the better the correlation between the concentration data and spectral data. 
The RMSECV is the prediction error of a calibration model, and it is defined as the 
standard deviation of the differences between spectral data and reference values in the 
cross-validation sample set. 

To apply classification methods, the grape skins and seeds samples were divided into 
two classes (low and high) on the basis of their chemical composition.  
The classification and class-modelling technique applied to NIR spectral data was the 
partial least square discriminant analysis (PLS-DA).  
PLS-DA is a variant of partial least square regression (PLS) in which each sample in 
the calibration set is assigned a dummy variable (0,1) as a reference value. Samples 
classification according to their polyphenolic composition was made on the basis of a 
0.5 cut-off value for this dummy variable (Tab. 6). For each class, skins and seeds 
samples were split into calibration and prediction sample sets, assigning samples to 
each set on the basis of their position in the class file, i.e. 2/3 of samples were used for 
calibration and the remaining for prediction (Naes et al., 2000). 
The classification methods applied to spectral data were carried out after applying the 
algorithm “Martens’ Uncertainty Test”, that is a significance testing method 
implemented in The Unscrambler®, which assesses the stability of PCA or Regression 
results. Many plots and results are associated to the test, allowing the estimation of the 
model stability, the identification of perturbing samples or variables, and the selection 
of significant X-variables. The test is performed with Cross Validation, and is based on 
the Jack-knifing principle. 
All the classification rules were evaluated using the cross-validation procedure.   
 

 Table 6 Classification of the samples by assigning dummy variable (low=0; high=1)  

Abbreviations: RWGS, red wine grape skins; WWGS, white wine grape skins; seeds.	  	  

	  

	  

	  

Sample Total Polyphenols 
(GAEg/100g) 

Antioxidant Activity 
(TEmmol/100g) 

Proanthocyanins 
(CYAEg/100g) 

 low high low high low high 
RWGS >5.7 <6.1 >34 <35 >6.5 <7.5 
WWGS >5.2 <5.5 >27 <30 >5 <5.5 
Seeds >10 <12 >60 <70 >6 <7 
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2.3 RESULTS AND DISCUSSION  

Results related to the characterization of grape skins and seeds from wine-industry by 
products, through innovative methods, have been here reported. In particular, 
correlations between some chemical parameters and MIR-NIR spectral data were 
studied, and predictive models - for their quality assessment - were set up. 
 
2.3.1 Grape skins: exploratory data analysis 
Chemical Data 

Results related to total polyphenols, anthocyanins, proanthocyanins content and 
antioxidant activity of the dried grape skins powders investigated in the current 
research (90 red grape varieties; 60 white grape varieties) have been reported in Tab. 7. 
The category “Uvaggi misti” includes the following varieties: 1 Bonarda, 2 Gamay, 1 
Neretta Cuneese, 1 Neretti and 2 Slarina. 
 

Table 7. Moisture, total polyphenols, anthocyanins, proanthocyanins content and antioxidant 
activity of the 150 dried grape skins powders (number of replicates for each sample = 4) 

 

	  	  
Sample Moisture        

(g/100g) 
Total 

Polyphenols 
(GAEg/100g) 

Anthocyanins 
(MALEg/100g) 

Proanthocyanins 
(CYAEg/100g) 

Antioxidant 
activity 

(TEmmol/100g) 

	  	     Mean±SD Mean±SD Mean±SD Mean±SD Mean±SD 

R
ed

 G
ra

pe
 S

ki
ns

 

Avanà (n=4) 6.237±1.889 4.413±1.749 0.273±0.015 4.470±0.693 26.157±9.095 

Barbera (n=12)  5.933±1.698 6.703±1.883 1.099±0.798 6.111±2.413 39.805±12.805 
Croatina (n=3) 4.823±0.964 6.640±2.286 0.707±0.483 7.980±4.531 33.897±16.865 

Dolcetto (n=16) 6.604±1.285 6.443±0.992 0.669±0.177 9.141±1.965 43.851±9.330 

Freisa (n=4) 6.100±0.869 9.168±1.634 1.253±0.801 7.400±3.184 49.410±9.350 

Nebbiolo (n=35) 6.023±2.509 4.879±1.027 0.148±0.042 6.023±2.509 29.760±7.192 

Grignolino (n=4) 8.940±0.537 5.560±0.071 0.200±0.010 8.940±0.537 32.470±4.115 

Pinot Nero (n=5) 6.925±2.977 6.285±0.813 0.530±0.240 6.925±2.977 38.725±7.092 

Uvaggi Misti (n=7) 6.526±2.587 6.526±2.726 0.524±0.377 5.406±2.587 38.494±18.180 
  Mean 5.812±1.635 5.871±1.775 0.485±0.491 6.810±2.741 35.870±11.786 

W
ith

e 
 

G
ra

pe
 sk

in
s  

Chardonnay (n=10) 8.889±1.738 3.900±1.124 - 2.890±1.058 20.516±6.891 

Erbaluce (n=1) 5.310±0.020 4.800±0.140 - 3.070±0.140 30.280±0.670 

Moscato (n=49) 5.332±1.092 5.460±1.561 - 5.460±1.561 29.216±9.385 

 Mean  5.861±1.737 5.214±1.579  4.548±1.637 27.943±9.425 

  p-value *** *** *** *** *** 
*** Significant differences among the samples for all the reported parameters (P <0.001) 
 



	   62 

Results related to moisture were relatively homogeneous, and between 4.823 and 
8.940g/100g. Samples, in fact, underwent a drying process until they reached a aw 
value lower than 0.3. 

The powders derived from dried and ground grape skins (GS) still contained 
appreciable quantities of polyphenols and procyanidins (condensed tannins). Generally, 
the polyphenol content of grapes and marc is strongly influenced by several factors: 
variety, degree of ripeness, temperature, presence of light, as well as by the time of 
racking. The average content of total polyphenols was 5.871± 1.775GAE g/100 for the 
red GS (RWGS) and 5.214±1.579 GAE g/100g for the white GS (WWGS).  

The averages content of procyanidins were higher for the RWGS than for the WWGS 
(6.810±2.741 CYAEg/100g vs. 4.548±1.637 CYAEg/100g, on average). The values of 
antioxidant capacity are high for both red and white varieties, with mean values of 
27.943±9.425 mmol TE/100g for the RWGS and of 35.870±11.786 mmol TE/100g for 
the WWGS. Statistically significant differences were evidenced among the varieties, 
both within the red and white grape skins. In particular, Dolcetto and Freesia exhibited 
a higher antioxidant power, while Chardonnay, Moscato, Avanà and Nebbiolo were 
characterized by a lower antioxidant activity. Chardonnay, in particular, showed the 
lowest polyphenols and procyanidins content. These features could derive from the 
variety itself and/or from the winemaking process applied. 

Anthocyanins are characteristics of the red varieties. Their level was appreciable in 
many of the red grape skins investigated in this study, and equal to 0.485±0.491 
MALE g/100g, on average.  

Data related to antioxidants have been processed using a linear correlation, in order to 
detect any relationships between the concentration of the different classes of 
polyphenols and the antioxidant activity. The results obtained for RWGS have been 
reported in Tab. 8, in terms of correlation coefficients, and in Fig. 20, in terms of 
sample distribution. The best linear correlation has been found for total polyphenol and 
antioxidant activity (R2>0.755). 
 
 
 
 
 
 
 
 
 



	   63 

Table 8. Coefficients of determination (R2) of the linear regression between the parameters 
related to RWGS antioxidant capacity. 
 

Correlation R2 

  
Total Polyphenols (GAEg/100g) vs. Anthocyanins (CYAEg/100g) 0.538 
Total Polyphenols (GAEg/100g) vs. Proanthocyanins (CYAEg/100g) 0.146 
Total Polyphenols (GAEg/100g) vs. Antioxidant Activity (TEmmol/100g) 0.755 
Anthocyanins (CYAEg/100g) vs. Proanthocyanins (CYAEg/100g) 0.211 
Anthocyanins (CYAEg/100g) vs. Antioxidant Activity (TEmmol/100g) 0.408 
Proanthocyanins (CYAEg/100g) vs. Antioxidant Activity (TEmmol/100g) 0.177 

 
 
Proanthocyanis amount was not related to the antioxidant activity, while total phenolics 
were, on the contrary, highly related, as can be appreciated from Fig. 20. Also 
anthocyanins were directly related to the antioxidant activity and to total polyphenols 
(R2=0.408 and R2=0.538, respectively). 
 
 
 

    

 

 

y = 0.1308x + 1.178 
R² = 0.75459 

0 

2 

4 

6 

8 

10 

12 

0 10 20 30 40 50 60 70 80 

To
ta

l P
ol

yp
he

no
ls

 (G
A

E
g/

10
0g

) 

Antioxidant Activity (TEmmol/100g) 

y = 0.098x + 3.2962 
R² = 0.1774 

0 

2 

4 

6 

8 

10 

12 

14 

0 10 20 30 40 50 60 70 80 

Pr
oa

nt
ho

cy
an

in
s 

(C
Y

A
E

g/
10

0g
) 

Antioxidant Activity (TEmmol/100g) 

y = 0.0196x - 0.2608 
R² = 0.40784 

0 

0.2 

0.4 

0.6 

0.8 

1 

1.2 

1.4 

0 10 20 30 40 50 60 70 80 

A
nt

ho
cy

an
in

s 
(M

A
L

E
g/

10
0g

) 

Antioxidant Activity (TEmmol/100g) 

y = 0.0555x + 0.0464 
R² = 0.21148 

0 

0.2 

0.4 

0.6 

0.8 

1 

1.2 

1.4 

0 2 4 6 8 10 12 14 

A
nt

ho
cy

an
in

s 
(M

A
L

E
g/

10
0g

) 

Proanthocyanins (CYAEg/100g) 



	   64 

 

Figure 20. RWGS: linear correlations between the parameters related to the concentration of 
polyphenols and antioxidant activity. 
 
The results obtained for WWGS have been reported in Tab. 8, in terms of correlation 
coefficients, and in Fig. 21, in terms of sample distribution. Total polyphenols, 
antioxidant activity and proanthocyanis were highly correlated, as can be appreciated 
from the R2 values higher than 0.878 (Tab. 8) and from sample distribution (Fig. 21). 
 
 
Table 8. Coefficients of determination (R2) of the linear regression between the parameters 
related to WWGS antioxidant capacity. 

 
 
 

 
 
 

Correlation	   R2 
Total Polyphenols (GAEg/100g) vs Antioxidant Activity (TEmmol/100g) 0.926 
Total Polyphenols (GAEg/100g) vs Proanthocyanins (CYAEg/100g) 0.878 
Proanthocyanins (CYAEg/100g) vs Antioxidant Activity (TEmmol/100g) 0.918 
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Figure 21. WWSG linear correlations between the parameters related to the concentration of 
polyphenols and antioxidant activity. 
 
 

Spectral Features   

FT-NIR spectra collected on wet and dried grape skins, with the most relevant 
absorption bands evidenced, have been reported in Fig. 22 (wet samples) and Fig. 23 
(dried samples). In the spectral region studied, spectra from the different varieties 
displayed very similar behaviour. The effect of derivatives was most apparent with the 
first derivative, which allowed the separation of overlapping absorption bands, 
displaying more clearly certain characteristics of the absorbance peaks.   
 
 

 
 
Figure 22. Wet WGS NIR spectra: raw spectra (a) and spectra after SNV and d-1 pre-treatment 
(b). 
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In the near infrared region, the spectrum was dominated by a sugar related absorption 
band around 8458cm-1 (first overtone of stretching of the C-H) (Williams, 2001). 
Water related absorption bands were also found at around 7054cm-1 (first overtone of 
O-H) and 5237cm-1 (bandwidth of the combination O-H bond of the water molecule), 
as it is usually the case for fruits and vegetables, and particularly for grapes, which 
possess 70-80% water (Gonzalez-Caballero et al., 2010).   
 

 
Figure 23. Dried WGS NIR spectra: raw spectra (a) and spectra after SNV and d-1 pre-
treatment (b). 
 
 
MIR spectra collected on dried grape skins, with the most relevant absorption bands 
evidenced, have been shown in Fig. 24. In the spectral region studied, all varieties 
displayed very similar behaviours (Fig. 24a). After SNV and first derivative pre-
treatments, certain characteristics absorbance peaks became more evident (Fig. 24b). In 
particular, the spectrum was dominated by a lipids absorption bands around 2954, 2819 
and 1758cm-1 (ant-symmetric stretch of CH3, symmetric stretch of CH2 and stretch of 
C=O, respectively). The next part of the spectrum (970-1800cm-1), called ‘fingerprint’, 
was the most informative: moisture absorption bands were found around 1650cm-1 
(bend of O-H), protein absorption bands around 1577cm-1 (stretch protein of amide II), 
and carbohydrates related bands in the range between 1200 and 900cm-1 (stretch of C-
O and C-C). 
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Figure 24. Dried WGS MIR spectra: raw spectra (a) and spectra after SNV and d-1 pre-
treatment (b). 
 

Principal Component Analysis  

After spectral pre-treatment applied to NIR raw data, PCA was carried out. This 
method provides not only information related to the spectra outliers and samples 
distribution in the PCs space, but it is also an important source of knowledge for the 
creation of cross-validation groups used in the calibration process. Also the data 
collected from the chemical analyses were processed by PCA. Results have been 
reported in Fig. 25 (sample distribution on the basis of their spectral data) and Fig. 25 
(samples distribution on the basis of their chemical features).     
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Figure 25. Principal Component Analysis (PCA) applied to the first derivative of RWGS 
spectra (a) and RWGS chemical data (b), along with their Loading Plot.  
 
 
Looking at the score plot of Fig. 25a, samples were separated on the basis of the two 
different vintages (2012 and 2014). In particular, no difference was detected between 
the different varieties, as taking into account only the spectra you cannot distinguish 
any area inside the score plot of the varieties under study. The corresponding loading 
plots were analysed in order to find which variables influenced more the separation of 
the sample. On PC1, the main wave numbers were 7050cm-1 and 5253cm-1, arising 
from the first overtone of O-H and bandwidth of the combination O-H bond of the 
water molecule.  
The PCA applied to the chemical data (Fig. 25b) too, allowed samples separation along 
PC2 according to the two different vintages. Along PC1, it was possible to observe a 
separation among the different varieties: Nebbiolo and Avanà, for instance, being 
characterized by the lower antioxidant activities, were placed on the negative side of 
PC1, while the other varieties were on the positive side of PC1.   
	  

2.3.2 Grape skins: regression models on NIR spectra  
The spectral data obtained in the NIR regions were used for the development of 
calibration curves to estimate grape skins chemical parameters. The models were 
created using the spectral data acquired both on the wet skins and on the dried and 
milled grape skins, considering separately the white and red varieties. 

The statistical parameters related to the regression models, both for powders and wet 
skins, have been reported in Tables 9 and 10, respectively.  

As regards the dried grape skins powders, the most satisfactory results, both in 
calibration and in cross-validation, were obtained for moisture (0.865<R2<0.886) and 



	   69 

procyanidin content (0.728<R2<0.825), although even the results obtained for the total 
polyphenols could be considered acceptable (0.605<R2<0.730). The only parameter for 
which a modest predictive ability was evidenced was the antioxidant activity, with 
lower determination coefficients for the white varieties (0.376<R2<0.448). Good 
results (0.915<R2<0.926) were reached also for the prediction of the anthocyanins 
content in red varieties. 

Table 9. Statistical parameters of the regression models for the dried grape skins 

 
Examples of regression models in calibration and in cross-validation for the estimation 
of the content of total polyphenols, anthocyanins, procyanidins and antioxidant power 
in RWGS have been reported in Fig. 26. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 26. Example of regression models in calibration (•) and in cross-validation (•) for the 
estimation of the content of total polyphenols (a), anthocyanins (b), procyanidins (c) and 
antioxidant power (d) in RWGS. 

  
Dependent Variable  Min-Max LV Calibration Cross-Validation  

R2 RMSE R2 RMSE 

W
hi

te
 

gr
ap

es
 Moisture (g/100g) 2.56-11.45 3 0.872 0.600 0.865 0.634 

Total Polyphenols (GAEg/100g) 1.93-7.71 7 0.730 0.712 0.605 0.896 
Proanthocyanins (CYAEg/100g) 1.29-7.26 7 0.825 0.618 0.728 0.772 
Antioxidant Activity (TEmmol/100g) 9.89-43.34 4 0.448 6.712 0.376 7.260 

R
ed

   
gr

ap
es

  

Moisture (g\100g) 2.43-10.08 6 0.886 0.527 0.866 0.574 Moisture (g/100g) 2.43-10.08 6 0.886 0.527 0.866 0.574 
Total Polyphenols (GAEg/100g) 2.95-10.94 7 0.770 0.932 0.715 1.040 
Anthocyanins (MALEg/100g) 0.08-2.93 5 0.926 0.159 0.915 1.171 
Proanthocyanins (CYAEg/100g) 1.96-12.92 7 0.821 1.177 0.781 1.330 
Antioxidant Activity (TEmmol/100g) 16.05-68.93 6 0.791 5.875 0.739 6.514 
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Satisfactory prediction models were also obtained for the wet grape skins, as the R2 
values were high for all the parameters considered. Examples of regression models in 
calibration and in cross-validation for the estimation of the content of total 
polyphenols, anthocyanins, procyanidins and antioxidant power in RWGS have been 
reported in Fig. 27. 
 

Table 10. Statistical parameters of the regression models for the wet grape skins. 
	  
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 27. Example of regression models in calibration (•) and in cross-validation (•) for the 
estimation the content of total polyphenols (a), procyanidins (b) and antioxidant power (c) in 
WWGS. 
 

 

!

 

Dependent Variable  Min-Max LV Calibration Cross-Validation  
R2 RMSE R2 RMSE 

W
hi

te
   

  
gr

ap
es

 

Moisture (g/100g) 2.56-11.45 5 0.862 0.604 0.827 0.691 
Total Polyphenols (GAEg/100g) 1.93-7.71 7 0.893 0.376 0.771 0.567 
Proanthocyanins (CYAEg/100g) 1.29-7.26 7 0.800 0.614 0.700 0.755 
Antioxidant Activity (TEmmol/100g) 9.89-43.34 7 0.779 3.925 0.662 4.987 

R
ed

  
gr

ap
es

 

Moisture (g/100g) 2.43-10.08 6 0.919 1.63 0.898 1.848 
Total Polyphenols (GAEg/100g) 2.95-10.94 7 0.850 1.025 0.814 1.156 
Anthocyanins (CYAEg/100g) 0.08-2.93 5 0.857 0.062 0.819 0.072 
Proanthocyanins (CYAEg/100g) 1.96-12.92 7 0.877 1.234 0.841 1.423 
Antioxidant Activity (TEmmol/100g) 16.05-68.93 7 0.905 14.091 0.864 1.064 
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These results highlighted the possibility of analysing directly wet grape skins samples 
without the necessity of drying them, with considerable savings of energy and time. 
 
2.3.3 Grape skins: regression models on MIR spectra  
 
The spectral data obtained in the MIR regions, as already done for those related to NIR 
regions, were used for the development of calibration curves to estimate grape skins 
chemical parameters. The models were created using the spectral data acquired both on 
the wet skins and on the dried and milled grape skins, considering separately the white 
and red varieties. The statistical parameters related to the regression models, both for 
WRGS powders and wet skins, have been reported in Tables 11. Examples of 
regression models in calibration and in cross-validation for the estimation of the 
content of total polyphenols, anthocyanins, procyanidins and antioxidant power in 
RWGS have been reported in Fig. 27. 
Also in this case, interesting coefficients of determination both in calibration and in 
cross validation were obtained for almost all the considered parameters, and those 
related to WRGS (0.797<R2<0.916 in calibration; 0.678<R2<0.825 in cross-validation) 
were higher than those obtained for WWGS. In general, the best results were obtained 
for the total polyphenols, both within the RWGS and the WWGS group. The 
regression models obtained for WWGS were not ‘optimal’, because the coefficients of 
determination were in the range 0.536<R2<0643 in validation and 0.397<R2<0.548 in 
cross-validation. The RMSE values in calibration have tags, but not high (0.067 
<RMSEC <6.217), even if (?) in the cross-validation error is acceptable.  
 

Table 11. Statistical parameters of the regression models obtained for the wet grape skins. 

 
 
 
 
 
 

  
Dependent Variable  Min-Max LV Calibration Cross-Validation  

R2 RMSE R2 RMSE 

W
hi

te
 g

ra
pe

s Moisture (g/100g) 2.56-11.45 3 0.536 0.822 0.443 0.929 
Total Polyphenols (GAEg/100g) 1.93-7.71 4 0.643 0.912 0.548 1.048 
Proanthocyanins (CYAEg/100g) 1.29-7.26 5 0.580 1.030 0.397 1.251 
Antioxidant Activity (TEmmol/100g) 9.89-43.34 4 0.553 6.217 0.427 7.178 

R
ed

   
gr

ap
es

  

Moisture (g\100g) 2.43-10.08 2     Moisture (g/100g) 2.43-10.08 2 0.829 0.641 0.819 0.677 
Total Polyphenols (GAEg/100g) 2.95-10.94 7 0.916 0.708 0.825 1.028 
Anthocyanins (MALEg/100g) 0.08-2.93 6 0.797 0.067 0.726 0.079 
Proanthocyanins (CYAEg/100g) 1.96-12.92 7 0.879 1.046 0.796 1.374 
Antioxidant Activity (TEmmol/100g) 16.05-68.93 7 0.803 2.272 0.678 2.941 
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Figure 28. Examples of regression models in calibration (•) and in cross-validation (•) for the 
estimation of the content of total polyphenols (a), anthocyanins (b), procyanidins (c) and 
antioxidant power (d) in RWGS. 
 
 
2.3.4 Grape skins: classification models based on NIR spectra  
 
A classification technique, PLS-DA, was applied to the first derivatives spectra of 
dried RWGS and WWGS, in the NIR range of frequency 8894-3810cm-1. The analysis 
was performed on the reduced data matrices, obtained with the classification range 
(Tab. 12). 
Different sets of sample were used for the classification method: dried RWGS, dried 
WWGS, wet RWGS.  
In the case of RWGS, due to the greater number of samples prediction has also been 
performed, excluding some samples in classification (3:1). 
Results reported in Tab. 12a, related to PLS-DA classification of dried RWGS, show 
the ability of NIR spectroscopy to classify the wet grape skins on the basis of their low 
or high antioxidant content. In particular, the percentage of samples correctly classified 
was equal to 94.5% when total polyphenols and antioxidant activity were considered 
together, 85.3% for total polyphenols, 85.7% for antioxidant activity and 94.4% for 
proanthocyanins.    
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Table 12a. Dried RWGS: PLS-DA results, after feature selection performed with two classes 
(low and high) in a selected set of samples.  

 

Variable  
Number of 
samples  

Samples correctly classified 
(%) 

Validation  Cross-Validation  
Antioxidant Composition 
(Total Polyphenols+ 
Antioxidant Activity) 

65 94.50 83.60 

Total Polyphenols  78 85.30 75.00 
Antioxidant Activity  80 85.72 74.29 
Proanthocyanins  81 94.37 87.32 

 
 
PLS-DA was then performed to test the predictive capacity of the model (Table 12b). 
Results were different for each parameter considered, but greater than 62.5%. Total 
polyphenols and proanthocyanins were the best predicted parameters (78.27% and 
79.17%, respectively). Reducing the number of samples used for classification the 
percentage of samples correctly classified decreased. 
 
 

Table 12b. Dried RWGS: PLS-DA with prediction results after feature selection performed 
with two classes (low and high) in a selected set of samples.  

 

 
 
Results reported in Tab. 13 are related to PLS-DA classification of dried WWGS. A 
total of 62.17%, 69.5%, 71.2% and 60.98% of the samples were correctly classified in 
terms of antioxidant composition, total polyphenols, antioxidant activity and 
proanthocyanins, respectively. Probably due to the lower amount of materials, the 
percentage of correctly classified samples was inferior to that obtained for RWGS. 
 
 

Variable 
Number of 

samples 

Samples correctly classified (%) 

Validation  Cross-Validation  Prediction  
Antioxidant Composition 
(Total Polyphenols+ 
Antioxidant Activity) 

44 Classification 
21 Prediction 79.00 69.50 69.00 

Total Polyphenols  52 Classification 
26 Prediction 85.11 70.22 78.27 

Antioxidant Activity  54 Classification 
26 Prediction 78.27 71.74 62.50 

Proanthocyanins  54 Classification 
27 Prediction 93.62 80.86 79.17 
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Table 13. Dried WWGS: PLS-DA results after feature selection performed with two classes 
(low and high) in a selected set of sample  

 
 
 
 
 
 
 
 
 
 
 
Finally, the classification models have been tested on the wet RWGS, in order to prove 
if the technique was able to work also on the samples without the necessity of drying. 
The results obtained (Tab. 14a) did not show a good performance. In fact, only the 
57.54%, 64.39% and 55.56% of the samples were correctly classified in terms of total 
polyphenols, antioxidant activity and proanthocyanins, respectively. In cross-
validation, the percentage of correctly classified samples drastically decreased. These 
results, worse than those obtained for the dried GS, could be probably related to the 
fact that the chemical data were performed on the dried skins.     
 

Table 14a. Wet RWGS: PLS-DA results after feature selection performed with two classes 
(low and high) in a selected set of samples.  

 

Variable 
Number  

of samples 
 Samples correctly classified (%)  
Validation  Cross-Validation  

Total Polyphenols  83 57.54 47.21 
Antioxidant Activity  83 64.39 61.65 
Proanthocyanins  82 55.56 30.56 

 
 
Also in this case, due to the high number of samples, prediction has been performed. 
Results have been reported in Tab. 14b. The prediction ability obtained using NIR data 
was equal to 54% for total polyphenols and antioxidant activity and to 48% for 
proanthocyanins.      
 
 
 
 
 
 
 
 
 

Variable 
Number of 

samples 
Samples correctly classified (%) 
Validation  Cross-Validation  

Antioxidant Composition 
(Total Polyphenols+ 
Antioxidant Activity) 

47 62.17 56.76 

Total Polyphenols  52 69.50 64.90 
Antioxidant Activity  55 71.20 68.20 
Proanthocyanins  51 60.98 58.54 
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Table 14b. Wet RWGS: PLS-DA with prediction results after feature selection performed with 
two classes (low and high) in a selected set of samples.  

 

Variable 
Number of 

samples 
% Samples correctly classified  

Validation  Cross-Validation  Prediction  

Total Polyphenols  56 Classification 
27 Predicition 56.17 52.09 54 

Antioxidant 
Activity  

56 Classification 
27 Prediction 53.75 50.84 54 

Proanthocyanins  55 Classification 
27 Prediction 52.00 22.00 48 

 
In general, PLS-DA models were characterized by a high percentage of correct 
classification in validation for dried RWGS. To achieve better results with WWGS, an 
increased number of samples in the dataset should be probably used.   
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2.3.5 Grape seeds: exploratory data analysis 
Chemical Data 

Results related to total polyphenols, anthocyanins, proanthocyanins content and 
antioxidant activity of the grape seeds investigated in the current research (90 red grape 
varieties; 60 white grape varieties) have been reported in Tab. 15. The category 
“Uvaggi misti” includes the following varieties: 1 Bonarda, 2 Gamay, 1 Neretta 
Cuneese, 1 Neretti and 2 Slarina.   
The analysis of variance (ANOVA) showed statistically significant differences among 
the various samples for all the parameters considered (P <0.001). 

Results related to moisture were relatively homogeneous, and with a mean value equal 
to 7.372±1.540g/100g for RG seeds and 5.096±1.346 g/100g for WG seeds.  

Data related to antioxidants highlighted how grape seeds still contained appreciable 
quantities of polyphenols and procyanidins (condensed tannins). The average content 
of total polyphenols in the dried and ground samples was 7.476±2.231 g GAE/100g for 
RG seeds and 14.958±1.520 g GAE/100g for WG seeds. A great influence of the 
variety and level of maturation was evidenced. Only two varieties derived from RG 
deviated (exhibiting lower values) from the mean: Grignolino, which had a total 
polyphenol content of 10.413±0.884 g GAE/100g and Pinot Nero, characterized by a 
value of 13.881±1.227 g GAE/100g. As regards the WG varieties, only the seeds 
derived from Erbaluce exhibited a low polyphenol content (9.500±0.832 g GAE/100g). 
The average content of total proanthocyanidins in the samples was equal to 
4.527±..1.360 and 8.797±1.276 CYAE g/100g for the seeds originating from RG and 
WG, respectively. The antioxidant activity was on average equal to 45.458±15.193 and 
97.690±12.146  TE mmol/100g) for the seeds resulting from RG and WG, respectively. 
However, it was characterized by a high variability, as evidenced by the high values of 
the standard deviations. 
In general, a higher antioxidant activity was found in the WG seeds in comparison to 
the RG seeds. 
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Table 15. Moisture, total polyphenols, anthocyanins, proanthocyanins and antioxidant activity 
of the 150 samples of dried seeds (number of replicates for each sample = 4). 

 

	  	  
Sample Moisture        

(g/100g) 
Total 

Polyphenols 
(GAEg/100g) 

Anthocyanins 
(MALEg/100g) 

Proanthocyanins 
(CYAEg/100g) 

Antioxidant 
Activity 

(TEmmol/100g) 

	  	     Mean±SD Mean±SD Mean±SD Mean±SD Mean±SD 

R
ed

 G
ra

pe
 S

ee
ds

  

Avanà (n=4) 8.708±0.737 8.702±0.614 0.065±0.007 5.985±0.723 57.150±5.983 

Barbera (n=12)  7.200±0.928 7.612±1.560 0.055±0.019 4.563±0.920 47.040±6.881 

Croatina (n=3) 7.057±1.611 7.884±0.675 0.040±0.020 4.497±1.061 43.845±3.701 

Dolcetto (n=16) 7.447±1.067 8.288±1.100 0.033±0.013 4.480±0.409 47.706±8.455 

Freisa (n=4) 7.295±1.410 8.313±2.263 0.043±0.012 4.999±0.813 56.135±14.671 

Nebbiolo (n=35) 7.082±1.899  6.179±1.405 0.026±0.009 3.921±0.953 39.072±10.630 

Grignolino (n=4) 7.154±0.425 10.413±0.884 0.035±0.007 7.796±2.012 50.639±17.338 

Pinot Nero (n=5) 8.108±0.182 13.881±1.227 0.023±0.006 7.297±0.231 90.128±2.366 

Uvaggi Misti (n=7) 8.408±1.584  7.514±2.812 0.051±0.023 4.677±2.192 41.370±23.861 
  Mean 7.372±1.540 7.476±2.231 0.050±0.019 4.527±1.360 45.458±15.193 

W
ith

e 
 

G
ra

p 
Se

ed
ss

  Chardonney (n=10) 5.524±1.134 14.132±1.230 - 8.213±0.538 91.394±8.959 

Erbaluce (n=1) 5.790±0.623 9.500±0.832 - 5.950±0.327 103.120±11.562 

Moscato (n=49) 5.000±1.389 15.239±1.279 - 8.972±1.280 98.736±12.505 

 Mean  5.096±1.346 14.958±1.520  8.797±1.276 97.690±12.146 

  p-value *** *** *** *** *** 
*** Significant differences among the samples for all the reported parameters (P <0.001) 

 
Data obtained by chemical analyses were processed using a linear correlation, in order 
to detect any relationships between the concentration of total phenolics and 
procyanidins and the antioxidant activity. The results obtained have been reported in 
Tab. 16, in terms of coefficient of determination (R2), and in Fig. 29, in terms of 
sample distribution. The values of the coefficients of determination indicated that total 
polyphenols, procyanidins and antioxidant activity were optimally correlated. It has to 
be underlined that correlations have been here obtained including both RG seeds and 
WG seeds. 
 
Table 16 Coefficients of determination (R2) of the linear regression between the parameters 
related to antioxidant capacity for red and white grape seeds. 

 
 

Correlation	   R2 
Total Polyphenols (GAEg/100g) vs Antioxidant Activity (TEmmol/100g) 0.911 
Proanthocyanins (CYAEg/100g) vs Antioxidant Activity (TEmmol/100g) 0.837 
Total Polyphenols (GAEg/100g) vs Proanthocyanins (CYAEg/100g) 0.860 
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Figure 29. Grape seeds: linear correlations between parameters related to polyphenols content 
and antioxidant activity. 
 

Spectral Features   

The FT-NIR spectra collected on dried and ground grape seeds, in the range 12500-
4000cm-1, have been reported in Fig. 30a. Seeds spectra were very similar to those 
obtained for grape skins, and also in this case the effect of derivatives was most 
apparent with the first derivative, which allowed the separation of overlapping 
absorption bands, displaying more clearly some characteristics absorbance peaks (Fig. 
30b). 
Spectra were characterized by a sugar related absorption band around 8458cm-1 (first 
overtone of stretching of the C-H) (Williams, 2001). Water related absorption bands 
were also found at around 7054 (first overtone of O-H) and 5237cm-1 (bandwidth of 
the combination O-H bond of the water molecule), as it is usually the case for fruits 
and vegetables, and particularly for grapes which possess 70-80% water (Gonzalez-
Caballero et al., 2010).   
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Figure 30. Dried grape seeds NIR spectra: raw spectra (a) and spectra after SNV and d-1 
pre-treatment (b). 
 
As regards MIR spectra, data were acquired throughout the spectral range 4000-
700cm1 (Fig. 31a), but a reduced range (3811-2669, 1928-864cm-1; Fig. 27b) was used 
for data processing. Similar spectra were evidenced for all the varieties. After SNV and 
first derivative pre-treatments, some characteristics absorbance peaks became more 
evident (Fig. 31b). In particular, the absorption bands observed around 3517cm-1 were 
related to the stretching of the OH bond of the water molecule; the latter was also 
associated with the absorption of the OH group of the phenolic compounds. The 
spectrum was also dominated by a lipids absorption band around 2993 and 2839cm-1 
(ant-symmetric stretch of CH3, symmetric stretch of CH2 respectively).  
The next part of the spectrum (970-1800cm-1), called ‘fingerprint’ was the most 
informative: protein absorption bands were found around 1558cm-1 (stretch protein of 
amide II), while carbohydrates related bands were in the range between 1200 and 
900cm-1. The specific peaks have been reported in Fig. 31b: stretch carbohydrates of C-
O and C-C, which correspond to the major monosaccharides and disaccharides present 
in grapes (glucose, fructose and sucrose). 
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Figure 31. Dried grape seeds MIR spectra: raw spectra (a) and spectra after SNV and d-1 
pre-treatment (b). 
 

Principal Component Analysis  

After spectral pre-treatments applied to NIR raw data, PCA was carried out for 
recognizing the spectra outliers and studying the source of knowledge, in order to 
create the cross-validation groups used in the calibration process. Also the data 
collected from the chemical analyses were processed by PCA. Results have been 
reported in Fig. 32 (samples distribution on the basis of their spectral features) and Fig. 
33 (samples distribution on the basis of their chemical features).  

 
Figure 32. Principal Component Analysis (PCA) applied to the first derivative of NIR seeds 
spectra, along with their Loading Plot. 
 
Looking at the score plot of Fig. 32 (PC1+PC2, 67% of the total variance) grape seeds 
were quite well separated both on the basis of the different vintages (2012-2014 for RG 
seeds; 2013-2014 for WG seeds) and of their coming from red or white grape varieties. 
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The corresponding loading plot was analyzed in order to find out which variables 
influenced more the separation of the samples. The most influent wave numbers on 
PC1 were 7050cm-1 and 5253cm-1, arising from the first overtone of O-H and 
bandwidth of the combination O-H bond of the water molecule, and 4400cm-1 
corresponding to glucose.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 33. Principal Component Analysis (PCA) applied to the chemical data collected on 
grape seeds, along with their Loading Plot. 

 

The PCA applied to the chemical data (Fig. 33) allowed seeds separation, along PC1, 
on the basis of their coming from red (PC1 negative side) or white (PC1 positive side) 
grape varieties, while the two vintages were mixed within each group (RG seeds or 
WG seeds). Observing the loading plot, it was clear how the seeds coming from white 
grape varieties were richer in antioxidants in comparison to those coming from the red 
grape varieties.   

 
 
 
 
 
 
 
 
 
 
 
 
Figure 34. Principal Component Analysis (PCA) applied to the first derivative of MIR seeds 
spectra, along with their Loading Plot. 
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When MIR was used to investigate the samples, a completely different situation was 
observed (Fig. 34). In this case, in fact, it was not possible to clearly distinguish nor the 
seeds type (i.e. coming from red or white grapes) neither the vintages nor the varieties.  
 
 
2.3.6 Grape seeds: regression models on NIR spectra 
The spectral data obtained in the NIR region were processed by means of PLS 
algorithm, in order to develop models for the quantitative prediction of the 
compositional parameters of the products. 
Results related to the regression models have been reported in Tab. 17. Examples of 
regression models in calibration and in cross-validation for the estimation of the 
content of moisture, total polyphenols, proanthocyanidins and antioxidant power in 
seeds have been reported in Fig. 35. As seeds coming from red or white grapes did not 
exhibit large variations in terms of chemical composition, they were processed both 
separately (RG seeds; WG seeds) and together (‘total seeds’), to explore a larger 
dataset of samples. 
 

Table 17. Statistical parameters of the NIR regression models obtained for the dried seeds. 

 
For all the considered parameters (moisture, total polyphenols, procyanidins, and 
antioxidant) good predictive models have been obtained, even if not always optimal as 
for those related to grape skins. The best results were obtained when seeds coming 
from red and white grape varieties were processed together. The antioxidant activity, 
for instance, was characterized by an R2 value equal to 0.754 in calibration and 0.702 
in cross-validation. RMSE was generally low, with the exception of the antioxidant 
activity. 

  Dependent Variable  Min-Max LV 
Calibration Cross-Validation  

R2 RMSE R2 RMSE 

T
ot

al
 S

ee
ds

   Moisture (g/100g) 2.93-10.59 7 0.650 1.048 0.518 1.245 
Total Polyphenols (GAEg/100g) 2.18-17.82 7 0.883 1.425 0.853 1.602 
Proanthocyanins (CYAEg/100g) 1.58-12.66 7 0.801 1.104 0.752 1.245 
Antioxidant Activity (TEmmol/100g) 7.32-125.36 6 0.754 14.408 0.702 16.066 

W
hi

te
 S

ee
ds

 

Moisture (g/100g) 3.11-8.21 3 0.475 0.743 0.271 0.886 
Total Polyphenols (GAEg/100g) 9.50-17.82 5 0.779 0.575 0.712 0.661 
Proanthocyanins (CYAEg/100g) 5.95-12.66 4 0.772 0.462 0.661 0.544 
Antioxidant Activity (TEmmol/100g) 69.85-125.36 3 0.633 8.028 0.528 9.141 

R
ed

 S
ee

ds
 Moisture (g/100g) 2.93-10.59 6 0.713 0.811 0.628 0.936 

Total Polyphenols (GAEg/100g) 2.18-15,29 6 0.592 1.521 0.478 1.778 
Proanthocyanins (CYAEg/100g) 1.58-8.52 7 0.743 0.958 0.632 1.171 
Antioxidant Activity (TEmmol/100g) 7.32-92.73 3 0.579 13.218 0.512 14.264 
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As regards the predictive models obtained considering only the seeds resulting from 
the white grapes, good values were obtained for total polyphenols (R2=0.779) and 
procyanidins (R2=0772).  In addition, the models obtained were characterized by a 
lower standard error in comparison to those obtained using the entire data set (’total 
seeds’). The lower values are probably due to the small number of samples used (60 
samples) and to the little variability within the group: 10 samples belong to 
Chardonnay and 1 to Erbaluce, while the remaining 49 belong to the variety Moscato. 
Therefore, samples exhibit very similar compositional parameters and for this reason 
they do not constitute a dataset perfectly balanced for this type of data processing. 
As regards the models obtained processing data related to the seeds coming from red 
grapes, good results were obtained for moisture (R2=0.713) and proanthocianins 
(R2=0.743). Models related to total polyphenols and antioxidant activity did not give 
good performances and they were characterized by a relatively high standard error. 
 
 

 
 
 
Figure 35. Example of regression models in calibration (•) and in cross-validation (•) for the 
estimation of the content of total polyphenols (a) and procyanidins (b) for white grape seeds, 
and moisture (c) and proanthocyanidins (d) for red grape seeds.  
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2.3.7 Grape seeds: regression models on MIR spectra 
 
The spectral data obtained in the MIR regions, as already done for those related to NIR 
regions, were used for the development of calibration curves to estimate grape seeds 
chemical parameters. Results related to the regression models have been reported in 
Tab. 18. Examples of regression models in calibration and in cross-validation for the 
estimation of the content of moisture, total polyphenols, proanthocyanidins and 
antioxidant power in seeds have been reported in Fig. 36. As seeds coming from red or 
white grapes did not exhibit large variations in terms of chemical composition, also in 
this case they were processed both separately (RG seeds; WG seeds) and together 
(‘total seeds’), to explore a larger dataset of samples. 
 

Table 18 Statistical parameters of MIR regression models obtained for the dried seeds. 
 

  Dependent Variable  Min-Max LV 
Calibration Cross-Validation  

R2 RMSE R2 RMSE 

T
ot

al
 S

ee
ds

 Moisture (g/100g) 2.93-10.59 7 0.763 0.891 0.710 0.988 
Total Polyphenols (GAEg/100g) 2.18-17.82 7 0.794 1.852 0.754 2.034 
Proanthocyanins (CYAEg/100g) 1.58-12.66 7 0.781 1.124 0.743 1.223 
Antioxidant Activity (TEmmol/100g) 7.32-125.36 7 0.773 14.272 0.732 15.299 

W
hi

te
 S

ee
ds

 

Moisture (g/100g) 3.11-8.21 7 0.695 0.812 0.577 0.955 
Total Polyphenols (GAEg/100g) 9.50-17.82 7 0.856 0.650 0.807 0.758 
Proanthocyanins (CYAEg/100g) 5.95-12.66 7 0.762 0.490 0.621 0.633 
Antioxidant Activity (TEmmol/100g) 69.85-125.36 7 0.761 5.814 0.603 7.179 

R
ed

 S
ee

ds
 Moisture (g/100g) 2.93-10.59 7 0.772 0.513 0.680 0.920 

Total Polyphenols (GAEg/100g) 2.18-15,29 7 0.800 0.435 0.675 0.574 
Proanthocyanins (CYAEg/100g) 1.58-8.52 3 0.659 0.576 0.550 0.661 
Antioxidant Activity (TEmmol/100g) 7.32-92.73 4 0.731 6.236 0.654 7.212 

 
 
Very good predictive models were obtained. In fact, high values were obtained for the 
coefficients of determination in calibration (R2>0.761) and in cross-validation (R2> 
0.603) not only when the entire data set of samples (‘total seeds’) was processed, but 
also by taking into consideration the red grape seeds and the white grape seeds 
individually. The only parameter estimated with a lower capacity was the content of 
proanthocyanidins in RG seeds  
The RMSE error in calibration generally exhibited reduced values, that were slightly 
higher in cross-validation.  
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Figure 36. Examples of regression models in calibration (•) and in cross-validation (•) for the 
estimation the content of proanthocyanidins (a) and antioxidant activity (b) for white grape 
seeds, and moisture (c) and total polyphenols (d) for red grape seeds.  
 
 
2.3.8 Grape seeds: classification models based on NIR spectra 
 
PLS-DA was applied to the first derivatives spectra of dried grape seeds, in the 
frequency NIR range 8894-3810cm-1. The analysis was performed on the reduced data 
matrices, obtained with the classification range (Tab. 6). 
The whole dataset of samples (seeds coming from red and white grapes) was used to 
evaluate the ability of the classification models in predicting the amount of 
antioxidants substances. In addition, all the antioxidants substances (total polyphenols 
proanthocyanidins, and antioxidant activity) were grouped in a single variable, in order 
to classify the samples as high antioxidants substances and low antioxidants 
substances. 
Results have been reported in Tab. 19a, and they were very interesting, showing the 
ability of NIR spectroscopy to classify the samples on the basis of their low or high 
content of antioxidants. Excellent results, in fact, in terms of classification were 
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obtained. In particular, the amount of sample correctly classified was equal to 97.40% 
in validation and to 97.40% in cross-validation.  
 

Table 19a Dried grape seeds: PLS-DA results, after feature selection performed with two 
classes (low and high) in a selected set of samples. 

Variable 
Number of 

samples 
Sample correctly classified (%)  
Validation  Cross-Validation  

Total Polyphenols+ 
Antioxidant Activity+ 
Proanthocyanins 

135 97.40 97.40 

 
Regarding the evaluation of the predictive ability of the classification model previously 
obtained, the dataset of samples was split into two groups: 90 samples were used for 
the classification, and 45 samples for the prediction. The samples selection was done 
randomly (1 every 3). Results have been reported in Tab. 19b. 
 
Table 19b. Dried grape seeds: PLS-DA whit prediction results after feature selection performed 

with two classes (low and high) in a selected set of samples. 

 
The predictive ability of the model created from the NIR dataset was very good . The 
amount of sample correctly classified, in validation and cross-validation, was equal to 
97.20% and 96.60%, respectively. When the model was evaluated in prediction, the 
percentage of samples correctly classified remained very high (94.60%), indicating 
how the classification method could be a great opportunity for screening the samples. 
 
2.4 CONCLUSIONS 

The results obtained confirmed that NIR and MIR spectroscopy are valid tools for 
evaluating the quality parameters of red and white grape marcs (skins and seeds) in a 
non-destructive and rapid way. Good PLS regression models have been often obtained 
to quantifying parameters related to the antioxidant activity of wine marcs (total solids, 
total polyphenols, total anthocyanins, proanthocyanidins and antioxidant activity). 
These techniques, beside being simple and non-destructive, are directly applicable to 
the by-products of the wine-making process, allowing their exploitation. To strengthen 
the validity of the models, a higher number of samples could be used.	  PLS-DA, as 
well, gave good results in terms of percentage of correct classification of the samples 

Variable 
Number of 

samples 
Sample correctly classified (%)  

Validation  Cross-Validation  Prediction  

Total Polyphenols+ 
Antioxidant Activity+ 
Proanthocyanins 

90 Classification  
45 Prediction 97.20 96.60 94.60 
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on the basis of the antioxidants content. This technique is an excellent chemometric 
tool for screening the samples. It could be very interesting to going in depth in this 
study, performing both the chemical analyses and the spectra collection on the wet 
samples, in order to obtain predictive models directly usable on the wet samples, 
decreasing in this way the length of time required to know the features of the samples 
as well as the costs related to the drying process.  
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