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Περίληψη 

Στην παρούσα μεταπτυχιακή εργασία, 78 δείγματα εξαιρετικά παρθένου ελαιόλαδου, τα οποία 

συλλέχθηκαν από διάφορες περιοχές της Ελλάδας και πιο συγκεκριμένα από την Κρήτη, την 

Πελοπόννησο, την Λέσβο και τα Ιόνια νησιά, μελετήθηκαν με την βοήθεια της φασματοσκοπικής τεχνικής 

LIBS σε συνδυασμό με αλγορίθμους μηχανικής εκμάθησης, όπως η Ανάλυση Κύριων Συνιστωσών (PCA), 

η Γραμμική Διακριτική Ανάλυση (LDA) και οι Μηχανές Διανυσμάτων Υποστήριξης (SVC) με σκοπό τον 

διαχωρισμό τους ως προς τη γεωγραφικής τους προέλευσης. Τα εξαιρετικά αποτελέσματα στα οποία 

κατέληξε αυτή η εργασία αναδεικνύουν  τις δυνατότητες του συνδυασμού της τεχνικής LIBS με τις 

τεχνικές μηχανικής εκμάθησης, ανοίγοντας τον δρόμο για την περαιτέρω εφαρμογή της τεχνικής αυτής 

για την ταξινόμηση ελαιόλαδων και άλλων γεωργικών προϊόντων και τροφίμων.  
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Abstract 

In the present work, 78 extra virgin olive oil samples (EVOOs) collected from different places of 

Greece, specifically from the areas of Crete, Peloponnese, Lesvos and Ionian islands, were studied by 

means of a laser-based technique called Laser-Induced Breakdown Spectroscopy (LIBS), assisted by well-

known machine learning algorithms, such as, Principal Components Analysis (PCA), Linear Discriminant 

Analysis (LDA) and Support Vector Machines (SVMs), aiming to classify/discriminate them in terms of their 

geographical origin. The classification results obtained demonstrate nicely the potential of the 

combination of LIBS technique and machine learning algorithms, paving the way towards the utilization 

of LIBS technique for classification/discrimination of olive oils and eventually for other types of agricultural 

and edible products. 
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Chapter 1 

1.1 Plasma Fundamentals and LIBS  

Laser-Induced Breakdown Spectroscopy (LIBS) is an atomic emission spectroscopic technique, 

where a focused strong enough laser beam is used to generate a plasma in/on a material. The beam is 

focused into a small spot (typically of the order of 10-400 microns in diameter). Within this spot, due to 

the absorption of the radiation, the material surfaces is ablated, forming a hot cloud above sample’s 

surface. If the intensity of the laser beam exceeds a specific threshold, then breakdown can occur resulting 

in plasma formation Since the peak irradiance of the laser beam is, in principle, quite high, absorption of 

more photons and multiphoton ionization can also occur. Emission generated from the plasma is collected 

and analyzed providing valuable information about the quantitative and (under some conditions) 

qualitative sample elemental composition. LIBS technique can rapidly obtain useful spectroscopic 

information, often, without any prior sample treatment. Samples can have be at any physical state (i.e., 

solid, liquid or gas) while they can be conductive or dielectric. In addition, LIBS technique allows in-situ, 

on-line and remote elemental analysis of a sample [1]. 

With the development of optical systems, such as compact high-resolution spectrographs, small 

size and/or portable lasers, sensitive enough and low cost Intensified Charge-Coupled Devices (ICCDs), 

which are used to obtain time-resolved measurements, the LIBS technique was rapidly developed. All this 

growth, alongside with the advantages of the technique, established LIBS as a very attractive 

spectroscopic tool suitable for a variety of applications such as identification of explosives [2-4], 

monitoring of metallic alloys’ in industrial scale [5], biomedicine [6,7], art [8], environmental applications 

and recycling [9-12] and, recently, food science [13-15]. 

The principle of laser-induced breakdown spectroscopy is shown schematically in Fig. 1.1. A high 

intensity laser beam is focused on the surface of the investigated sample (Fig. 1.1a) heating it locally 

through absorption (Fig. 1.1b). After the initial stage of the laser matter interaction, thermal diffusion 

occurs, and the processes of melting and vaporization take place (Fig. 1.1c). Next, plasma is generated 

(Fig. 1.1d), leading to the excitation and/or ionization of the material followed by emission of intense 

radiation (i.e., breakdown occurs). While plasma expands, it continues to emit (Fig. 1.1e). After the 

expansion phase, the plasma starts to cool down (Fig. 1.1f). At this last phase, only some long-lived species 

dominate the emission spectrum, while some molecular emissions can be also observed, since their 

lifetime are often longer than the ionic and atomic ones (Fig. 1.1f) [16-17]. 

Plasma consists of atoms, molecules, ions and free electrons and is electrically neutral, 

macroscopically and its lifetime depends on the laser beam parameters chosen, the conditions of the 

surrounding gas atmosphere, and the substance to be analyzed [18]. 
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1.2 Radiation Processes 

At early times of plasma formation, the degree of the material’s ionization is higher than in latter 

times and the electrons’ density is high as well. So, initially, and for times of the order of some hundreds 

of ns, electrons can accelerate or de-accelerate, while electron-ion recombination also occurs, these two 

processes giving rise to strong continua. These two processes are also denoted as free-free transitions 

and free-bound transitions, respectively. Simultaneously, individual spectral lines emerge, which become 

stronger as the time passes, the two continua decreasing rapidly. Ions emissions also occurring beginning 

Figure 1.1: LIBS technique principal of operation 

Figure 1.2: Schematic representation of atomic transitions 
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to appear within the first few hundred nanoseconds. while atomic spectra appear more clearly 

approximately after 0.5μs, and molecular spectra shortly thereafter [1]. A schematic representation of 

these processes is shown in Fig 1.2. 

In the case of bremsstrahlung radiation (see e.g. Fig. 1.3iv), the emission rate per unit volume and 

per solid angle unit, is given by the relation: 

 𝜀𝑓𝑓
𝜈,𝑑𝛺 = 16

(𝑎𝑎0)3𝐸𝐻

3(3𝜋)
1
2

(
𝐸𝐻

𝑘𝑏𝑇
)

1
2

𝑒
−ℎ𝑣
𝑘𝑏𝑇 𝑁𝑒 ∑ 𝑍2𝑁𝑎

𝑧

𝑧,𝑎

 (1) 

 

α: fine-structure constant α0: Bohr radius 

EH: hydrogen ionization energy kb: Boltzmann constant 

T: plasma temperature hν: photon energy 

Ne: electronic density z: ions ionization level 

ion density type α and charge z  

 

In the opposite case, where a photon is absorbed by an electron under the influence of a Coulomb 

field of an atom or an ion, the process is then called inverse bremsstrahlung and is observed mainly during 

the early stages of plasma creation. 

In the case of electron-ion recombination, a free electron recombines with an ion at a bound state 

𝛦𝑖, the emission of photons with energy E is given by eq. (2): 

 𝐸 = 𝐸(𝜔) − 𝐸𝑖 + 𝐸𝑘𝑖𝑛 ⇒ ℎ𝑣 = 𝐸(𝜔) − 𝐸𝑖 +
1

2
𝑚𝑈2 (2) 

The corresponding emission rate per unit volume and per solid angle unit is given by the following 

relationship: 

 𝜀𝑓𝑓
𝜈,𝑑𝛺 =

32

3

(𝑎𝑎0)3𝐸𝐻

3(3𝜋)
1
2

(
𝐸𝐻

𝑘𝑏𝑇
)

3
2

𝑒
−ℎ𝑣
𝑘𝑏𝑇 𝑁𝑒 ∑

𝑧4

𝑛3

𝑧,𝑎,𝑛

𝑒
𝑧2 𝐸𝐻

𝜋2𝑘𝑏𝑇𝑁𝑎
𝑧 (3) 

 

α: fine-structure constant α0: Bohr radius 

n: quantum number EH: hydrogen ionization energy 

kb: Boltzmann constant T: plasma temperature 

hν: photon energy Ne: electronic density 
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z: ions ionization level ion density type α and charge z 

 

Simultaneously, the recombination of electrons with atoms takes place, a process that has as a 

result the emission of discrete radiation (bound-bound transition) (see e.g. Fig. 1.3ii). This radiation is due 

to elements that the sample may consists of or may also be elements contained or even formed in the gas 

environment, under plasma conditions, and the corresponding emission rate is given by the following 

relationship: 

 𝜀𝑓𝑓
𝜈,𝑑𝛺 =

1

4𝜋
𝛥(𝜈)𝛢𝑗𝑖ℎ𝑣𝑗𝑖𝑁𝑎

𝑧
𝑔𝑗

𝑈𝑎
𝑧(𝑇)

𝑒
𝐸𝑗

𝑘𝑏𝑇 (4) 

: profile of the spectral line : statistical weight of level j 

: Einstein emission coefficient : partition function of ions type α and charge z 

 emission photon energy  energy of level j 

 ion density type α and charge z  

 

Lastly, molecular emissions can also be observed, but their form is in general much more complex 

in comparison to the atomic emissions, since, the molecules besides the electronic levels, possess  

additionally degrees of freedom, i.e. vibrational and rotational levels (see e.g. Fig. 1.3iii). The vibrational 

Figure 1.3: i) Panorama of olive oil, ii) atomic emission, iii) molecular emission and iv) background emission 
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states correspond to oscillations from the equilibrium state due to the movement (vibrations) around of 

the molecule nuclei and rotational energy resulting from the rotational motion of the molecule [18]. 

1.3 Temporal evolution of the plasma 

A schematic overview of the temporal evolution of plasma is shown in Fig. 1.4. At early times, 

ionization is high. As electron–ion recombination proceeds, neutral atoms and then molecules form. 

Throughout there is a background continuum that decays with time, faster than the atomic and ionic 

spectral lines. In order to observe the spectrum stemming from the various radiative transitions proper 

timing conditions must be defined where the signal(s) of a particular process dominate. 

Thus, a light detector being capable of gated operation is required, its temporal gating being characterized 

by the delay (td) and width (tw) times. These terms represent the delay from the initiation of the laser-

Figure 1.4: Schematic representation of plasma time evolution for all the emissions 

Figure 1.5: Time evolution of an olive oil spectrum as a function of relative intensity, wavelength and 
delay time for a fixed width of tw=1.05 ms. 
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matter interaction to the opening of the window during which the signal (i.e. the light) will be captured 

and the duration of that window, respectively [17, 19]. 

In Fig. 1.5 a spectrum of olive oil at different delay times for a fixed time width (tw=1.05 ms) is 

presented. During the time evolution of the LIBS spectrum of olive oil, decreasing of the background is 

initially observed, then it seems that the atomic emissions are “eliminated” at first and, finally, the 

molecular emissions do, as well. At longer delay times no emission is observed since plasma has elapsed  

 

1.4 Local Thermodynamic Equilibrium (LTE) and Self-Absorption 

1.4.1 Local Thermodynamic Equilibrium (LTE) 

A plasma under strict thermodynamic equilibrium is characterized by a unique temperature and 

emits an isotropic and homogenous radiation field according to the Planck law. However, real plasmas are 

subject to strong electromagnetic field gradients and usually cannot be characterized by a unique 

temperature. So, several temperatures can exist for each specie, as for instance electron temperature, 

neutral atoms temperature, ionic temperature, etc. To resolve this and for practical issues, the 

assumption of local thermodynamic equilibrium (LTE) is used, where, all thermodynamic properties are 

characterized by the same temperature, as they would be ideally under thermodynamic equilibrium. This 

situation is referred as local thermodynamic equilibrium (LTE). LTE is fulfilled under the presence of large 

number electronic density, where collisional rates are high enough allowing the thermalization of the 

plasma. The LTE hypothesis requires no or small emission of radiation, and electronic density which is 

sufficient to provide a high collision rate. The McWhirter criterion gives the lower electron number density 

that should exist to have LTE: 

 𝑁𝑒 ≥ 1.6 × 1012𝑇
1
2(𝛥𝛦)3𝑐𝑚−1 (5) 

where 𝛥𝐸 (eV) is the energy difference between the upper and lower levels of the atomic transition. Note 

however that the criterion was only derived for optically thin and homogeneous and stationary plasmas, 

and clearly since laser-induced plasmas may not satisfy these conditions, the criterion only serves as a 

necessary, but not sufficient prerequisite for LTE [1,19]. 

 

1.4.2 Self-Absorption 

When in the plasma state, a photon emitted from an excited state of an atom is probable to be 

absorbed by another neighboring similar atom in its ground state. In the case of plasma, this re-absorption 

can be strong and very probable and can lead to both broadening and decrease of the spectral line 

intensity. As this is due to absorption of photons by the same atom, it called self-absorption. The 

phenomenon of self-absorption is related and can be quantified by the plasma optical thickness which 

strongly depends on plasma parameters such as temperature, electron and atoms density [16]. Such 

plasma is characterized as optically thick plasmas. 
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Ideally, the laser-induced plasma can be considered as optically thin. This means that the light 

emitted by the plasma is not absorbed within its own volume. However, in most cases the LIBS plasma is 

optically thick and thermally heterogeneous. As a result, the radiation emitted by the plasma can be 

reabsorbed by its outer layers due to the temperature gradient within the plasma. In particular, the outer 

layers have lower temperature and contain non-excited atoms (see Fig. 1.6) that can be excited through 

the absorption by the emitted travelling photons from the core to the external boundaries. In Fig. 1.6 the 

phenomenon of self-absorption is presented schematically.  

 

During self-absorption, atoms of the plasma being at an  excited state E1 emit photons, which can 

be absorbed  by other similar atoms being at the ground state E0 as the energy of the emitted photons is 

the same as the absorption energy of the surrounding atoms, thus being re-absorbed and not escaping 

from the plasma. Often, this re-absorption results in digging a hole in the spectral profile of the emission, 

forming a dip in the emission peak. The depth, i.e. the strength of this re-absorption, is getting larger when 

the number density of the atoms is high. This re-absorption as it decreases the emitted spectral line 

intensity can lead to under-estimation of the emitted radiation, thus to erroneous estimation of the 

corresponding atomic number densities. 

1.5 LIBS in Liquids 

The LIBS technique is widely used for the analysis of solid, liquid and gaseous samples. However, 

the application of the technique to liquids is less frequent, due to the difficulties arising, not only from the 

plasma point of view but also from a technical point of view. Specifically, when a focused laser beam 

irradiates the surface of a liquid a shockwave is created that disrupts its surface, resulting in splashing, 

besides the induced plasma. In addition, the droplets created by the shockwave act as scattering and 

absorption centers for subsequent pulses, thereby reducing a significant portion of the energy of the laser 

beam. This reduction in the energy delivered to the sample also causes a reduction in the intensity of the 

spectral features emitted from the induced plasma. Furthermore, there is a high likelihood of 

contamination or destruction of the optical components of the experimental setup, as liquid droplets are 

deposited on their surface and therefore systematic measurement errors may occur or even destruction 

of them. The splashing has as a result the decrease in sample height which redefines the ablated surface, 

so the plasma is not formed on the surface of the sample. The effect of this change is the loss of 

Figure 1.6: Schematic representation of self-absorption phenomenon 
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repeatability in LIBS measurements [19,20]. In the following figure (Fig 1.7) the splashing effect of a liquid 

at various delay times is presented. 

 

 

  

Figure 1.7: Degradation of liquid material at various delay times [21] 
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Chapter 2 

2.1 Introduction to Machine Learning 

Machine learning was first introduced as a concept in 1959 by Arthur Samuel [22]. In 1997, Tom 

M. Mitchell provided a widely quoted and formal definition regarding the algorithms studied in the 

machine learning field: "A computer program is said to learn from experience E with respect to some class 

of tasks T and performance measure P if its performance at tasks in T, as measured by P, improves with 

experience E."[23], which can be interpreted as follows: when a computer processes one or more 

information, the more its "experience" increases, its performance must increase as well. 

Machine Learning is related to the design and development of algorithms that provide computers 

with the ability to learn without pre-programming, to automatically examine databases, look for patterns, 

while making decisions based on input data. These algorithms are trained by the data itself, the analysis 

of which is based on the creation of appropriate mathematical models and they are divided into three 

basic categories, supervised, unsupervised and semi-supervised algorithms. These are described as 

follows: 

1. Supervised algorithms: Algorithms of this category, after receiving the input data, know in 

advance the desired outputs. Their aim is to construct a pattern so that this pattern can be 

optimized and generalized for input data with unknown outputs. 

2. Unsupervised algorithms: These machine learning algorithms accept observations as input data 

and the algorithm attempts to construct a pattern by correlating the data by itself without a prior 

knowledge of the outcome. 

3. Semi-supervised algorithms: Finally, semi-supervised algorithms are a combination of supervised 

and unsupervised machine learning methods. So, in this type of learning, the algorithm is trained 

upon a combination of labeled and unlabeled data. Typically, this combination will contain a very 

small amount of labeled data and a very large amount of unlabeled data. 

 

2.2 Principal Component Analysis (PCA) 

Principal component analysis (PCA) is a mathematical technique based on the transformation of 

a set of observations consisting of possibly correlated variables into a set of linearly uncorrelated 

variables, the principal components (PCs). The transformation is done in such a way that each PC 

expresses as much of the variation of original observations as possible with the constraint being linearly 

independent (i.e., uncorrelated). Also, PCA is an unsupervised technique since there is no a priori 

knowledge of any classes. It is used mainly for dimensionality reduction purposes and for pattern 

recognition tasks. 

The observations are organized as a matrix X with n rows and p columns, where the rows 

correspond to the observations and the columns to the variables. Let consider the linear combination of 

variables: 
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 𝑧1 = ∑ 𝑎1𝑖𝑥𝑖

𝑝

𝑖=1

 (5) 

 

where xi is the i-th variable and α1i are the coefficients of the linear combination for z1, which can be 

written as a column vector α1, normalized by: α1Tα1. α1 is found by maximizing the 𝑺 variance of the 

variables (e.g. by the method of Lagrange multipliers). z1 is called the first principal component and has a 

variance: α1TSα1. The second principal component is found by maximizing the amount of α2TSα2 under 

the following constraints: 

 𝑎2
𝑇𝑎2 = 1 𝑎𝑛𝑑 𝑎2

𝑇𝑎1 = 0 (6) 

Thus, the second principal component is by definition perpendicular to the first, the third 

perpendicular to the second and the first, and so on. Thus, for all major components, the vectors αi 

describe the variance of observations in descending order.  

In the present work, PCA is used to find the PCs of a series of experimental data. In particular, the 

obtained LIBS spectra are organized in a table (see Fig. 2.1a) and the result of the analysis is the PCs’ values 

for each LIBS spectrum. In this way, it becomes possible to represent the spectra in a space specified by 

the PCs. In the PCs plot (which is commonly named as PC scores plot; see Fig. 2.1b) if some observations 

are closer to each other, then they have a 'kinship' relation. Otherwise, the greater the distance they 

present, the more they differ. Therefore, through PCA, it is possible to determine possible differences 

between LIBS spectra without a priori knowledge. 

 

Figure 2.1: a) Schematic representation of a spectrum in the space of PCs. (b) Standard PCA graph. 
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Another result of PCA method is the values of the correlations between the original variables and 

the principal components. These are called “loadings” and indicate whether the original variables are 

responsible for generating the components or not. Geometrically, loading is the cosine of the angle 

between the variable and the individual PC: the smaller the angle (i.e., the larger the relationship between 

the variable and PC), the greater the loading. The correlation r between two variables, x and y, is defined 

as: 

 𝑟(𝑥, 𝑦) =
𝑐𝑜𝑣(𝑥, 𝑦)

𝑠𝑥𝑠𝑦
 (7) 

where cov (x, y) is the covariance of x with y. There is a direct relationship between the covariance of the 

two vectors and the cosine of their angles as describes the following relation: 

 

 𝑐𝑜𝑠 𝜃 =
𝑥𝑇𝑦

|𝑥||𝑦|
= 𝑟(𝑥, 𝑦) (8) 

 

In order to study the correlations between variables, the relative position of the variables in the 

loadings’ space must be considered. The nearby variables are highly correlated. For example, if two 

variables have high loadings for the same PC, it means that their angle is small, indicating that these two 

variables are highly correlated. If both loadings have the same sign, the correlation is positive, while if the 

loadings have opposite signs, the correlation is negative. Therefore, the differences between different 

samples of LIBS experimental data, based on PCA, can be possibly explained by their spectral 

characteristics [24]. 

 

2.3 Linear Discriminant Analysis (LDA) 

Linear Discriminant Analysis (LDA) is a supervised algorithm and, like PCA, can be used for 

dimensionality reduction of the original data, while it can be used to create prediction models as well. 

LDA classifies πk observations into k classes, building a prediction model in order to predict new 

observations. LDA is applied to all observations assuming that their variables follow a Gaussian 

distribution: 

 

 fk(x) =
exp [−

1
2

(x − μk)TSk
−1(x − μk)]

(2π)
𝜌
2|S|

1
2

 (9) 

 

where µk is the mean of the observations belonging to the class k, and Sk is the covariance matrix.  

The term: 
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(x − μk)TSk

−1(x − μk) (10) 

is defined as the distance of the center of the k-class from an observation x, and is called the Mahalanobis 

distance. If the prior probability that a population belongs to class k is πk then, according to Bayes' 

theorem, the posterior probability of an observation x belonging to class k is: 

 𝑃(𝐾=𝑘|𝑋=𝑥) = 
fk(x)πk

∑ fi(x)πi
Κ
i=1

 𝑓𝑜𝑟 𝑘 = 1,2, … , 𝐾 (11) 

 

According to the LDA algorithm, categorization is following the rule: 

 

 
𝑎𝑟𝑔𝑚𝑎𝑥k = 

fk(x)πk

∑ fi(x)πi
Κ
i=1

 = 𝑎𝑟𝑔𝑚𝑎𝑥k[log(𝑓𝑘(𝑥)) + log (𝜋𝑘)] (12) 

thus, the object x is assigned to a class in order to maximize the quantity: 

 

 
δk(x) = log(𝑓𝑘(𝑥)) + log (𝜋𝑘) (13) 

which is called Discriminant Function (DF).  

According to the LDA, DF is expressed as follows: 

 

 
𝛿𝑘(𝑥)=−𝜇𝑘𝑇S−1𝑥+12𝜇𝑘S−1𝜇𝑘+log (𝜋𝑘) (14) 

Summarizing, classification by Bayes’ rule requires the knowledge of probability distributions P(X, 

K) which are estimated from a set of observations: x = (x1, x2, ..., xn), for which the classes they belong to, 

are known. Thus, LDA constructs through the functions δk, a model according to which new observations 

can be classified into classes [24]. 
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The geometric interpretation of LDA is that the separation between classes can be represented 

according to Fig. 2.2. In particular, the functions δk, define hyperplanes in the space of variables in such a 

way that the projections of observations of class k are separated from the rest. 

2.4 Support Vector Machines (SVMs) 

Support Vector Machines (SVMs) is a supervised machine learning technique that aims to find a 

hyperplane in an n-dimensional space in order to separate and therefore classify some observations. 

These hyperplanes are related to the observational variables. If the number of variables is two, then the 

hyperplane is a straight line; if it is 3, then the hyperplane is a two-dimensional plane, and so on. The 

support vectors are the closest points on the hyperplane and affect its position and orientation (see e.g. 

Fig 2.3). Therefore, the use of these vectors can maximize the margin between the observations. The set 

of observations that are used to train the SVM algorithm can be written as: 

 

 
(𝑥𝑖, 𝑦𝑖), 𝑖 = 1,2, . . . , 𝑙 (15) 

where xi ∈ Rn are the observations, and 𝑦 ∈ {1, -1} l are the classes to which they belong and are assigned 

a value of ± 1.  

The parametric hyperplane equation is written as: 

 

 
𝑤𝑇𝑥𝑖 + 𝑏 = 0 (16) 

where 𝑤 is the vertical vector at the hyperplane, and b its parameters.  

More specifically, in order the observations to belong into a class, the following condition must be 

satisfied: 

 𝑤𝑇𝑥𝑖 + 𝑏 ≥ 1, 𝑓𝑜𝑟 𝑐𝑙𝑎𝑠𝑠 1 𝑎𝑛𝑑 𝑤𝑇𝑥𝑖 + 𝑏 ≤ −1, 𝑓𝑜𝑟 𝑐𝑙𝑎𝑠𝑠 − 1 (17) 

Figure 2.2: Geometric representation of LDA 
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These conditions set a margin for the classification of observations into classes, which should be 

maximized for obtaining the best possible results. The way to accomplish that is to minimize ‖𝑤‖, with 

respect to the above two conditions, for each 𝑖. The vectors 𝑥𝑖, which are close to the hyperplane, are 

called support vectors. At Fig. 2.3, a 2-dimensional example of SVM is presented. 

In cases where the experimental data are not fully separable from a hyperplane, some new 

variables ζi are introduced: 

 

 

𝑤𝑇𝑥𝑖 + 𝑏 ≥ 1 − 𝜁𝑖, 𝑓𝑜𝑟 𝑐𝑙𝑎𝑠𝑠 1 𝑎𝑛𝑑 𝑤𝑇𝑥𝑖 + 𝑏 ≤ −1 + 𝜁𝑖, 𝑓𝑜𝑟 𝑐𝑙𝑎𝑠𝑠 − 1, 

𝑤ℎ𝑒𝑟𝑒 𝜁𝑖 ≥ 0 
(18) 

Then, if 𝜁𝑖> 1, the 𝑥𝑖 is classified in the wrong class and, by extension, the sum of 𝜁𝑖 will correspond to the 

sum of 𝑥𝑖 that is incorrectly classified. In this case, the classification margin is given with respect to 𝜁𝑖 

variables.  

To minimize ‖𝑤‖, the minimums can be found from the following equation: 

 

 
𝑓(𝑤, 𝑤0) =

1

2
‖𝑤‖2 (19) 

The equation (22) with respect to the 𝜁𝑖 variables can be rewritten as follows: 

 𝑓(𝑤, 𝑤0) =
1

2
‖𝑤‖2 + 𝐶 ∑ 𝜁𝑖 (20) 

The constant 𝐶 is called weight of cost of incorrect classifications and when its limit approaches zero, 

excludes the incorrect classifications from the data analysis [24]. 

 

Figure 2.3: Schematic representation of SVM in 2D 
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2.5 Model Evaluation 

In order to obtain the classification accuracies of the predictive models the “k-fold cross 

validation” technique was used and for further evaluation of the predictive models the “classification 

reports” were constructed. In the case of “k-fold cross validation” technique, the original dataset is 

separated in random k-subsets. The k-1 subsets are used for the model training and the remaining subset 

is used for testing the prediction capabilities of the model. This procedure is repeated k times for each 

subset and a classification accuracy is estimated. The mean value of the accuracies retrieved from the 

training is the final prediction accuracy of the model. In Fig. 2.4 a schematic representation of k-fold cross 

validation is shown: 

By using the cross-validation method, it can be tested if the predictive model is well trained and 

robust or underfitted/overfitted. Overfitting refers to a model that has learned the training data structure 

too well. It happens when a model learns the noise in the training data to the extent that it negatively 

impacts the performance of the model on new data. This means that the noise or random fluctuations in 

the training data are learned as patterns by the model. The problem is that these patterns do not apply 

to new data and they have negatively impact to the model ability to generalize. Underfitting refers to a 

model that can neither learn the training data nor generalize to new data. An underfitted machine learning 

model is not a suitable model and will be obvious as it will have poor performance on the training data. 

In Fig 2.5 an example of the above mentioned is presented: 

Figure 2.4: Schematic representation of k-fold cross validation method 

Figure 2.5: Example of underfitting, overfitting and robust training 
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For the trained models, classification reports are also constructed. The classification report presents a 

more detailed picture of the classification procedure, including all the samples, alongside with their 

behavior during the algorithmic training. This report includes some very important quantities such as [25]: 

▪ f1-score is a weighted harmonic mean of the precision and recall parameters, so that the best 

score corresponds to 1.0 while the worst one corresponds to 0.0 

▪ Precision: this parameter denotes the ability of a classifier not to label an instance positive that is 

actually negative. For each class, it is defined as the ratio of true positives to the sum of true and 

false positives. 

▪ Recall: the recall parameter expresses the ability of a classifier to find all positive instances. For 

each class it is defined as the ratio of true positives to the sum of true positives and false negatives. 

▪ Support: this is the number of actual occurrences of a class in the specified dataset. 

▪ Macro average: the classifier’s overall f1-score, the simple arithmetic mean of the per-class f1-

scores is also used for further evaluation and is called macro average. 
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Chapter 3 

3.1 Olive Oil 

In the present work, the samples under study are extra virgin olive oils (EVOOs). The extra virgin 

olive oil plays an important role in the Mediterranean diet. Olives, from which the olive oil is extracted, 

are traditionally grown in Mediterranean, with Greece being one of the largest producers. More 

specifically, about 90% of world olive oil production is produced in Mediterranean countries, with 

European countries producing 82%. Spain is the country with the highest olive oil production, about 37% 

of the total, while Italy and Greece produce 24% and 22% respectively. This means that a significant part 

of their economy relies on olive oil production [26]. 

Physicians and nutritionists from across the world, have argued, based on scientific results, that 

olive oil has beneficial effects on human health. Specifically, olive oil helps to reduce bad (LDL) cholesterol 

in the blood without affecting good (HDL) cholesterol, has antithrombotic activity, and recent researches 

indicate that it can also help to lower blood pressure. Simultaneously, vitamin E, the monounsaturated 

fatty acids and antioxidants that olive oil contain act as a preventive for osteoporosis and rheumatoid 

arthritis. Finally, the antioxidant and the anti-inflammatory action of olive oil seems to protect against 

various forms of cancers such as breast and colon [28,29]. 

 

3.2 Composition of Olive Oil 

Triglycerides and fatty acids have the highest concentration among the constituents of olive oil 

(98.5-99%), with the latter divided into saturated (palmitic, stearic) and unsaturated (oleic, linoleic) fatty 

acids. The composition of olive oil in fatty acids depends on the following factors: variety of olive, soil, 

climatic conditions and degree of the fruit maturity.  

Carbohydrates (squalene, terpene alcohols and sterols) account for 3-3.5% of the oil’s 

composition. Phospholipids (lecithin and cephalin) are found at low concentration ȧnd in the case of virgin 

olive oil their value range from 35 to 40 mg / kg. The biggest amount of phospholipids comes from the 

olive tree nucleus.  

Sterols, high molecular weight cyclic alcohols, are found in all-natural fats, either free or bound 

(in the form of esters) with fatty acids. They are soluble in fats, oils and non-polar solvents and insoluble 

in the water. Depending on their origin, they are divided into zoosterols (characterize the animal fats), 

phytosterols (characterize fats of the plants’ leaf) and mycosterol (they can be found in lower plants and 

especially in mushrooms). 

Phenols are compounds containing at least one benzene ring and one or more hydroxyls attached 

on the benzene ring. They can be simple phenols, phenolic acids or phenolic alcohols. They are colorless, 

solid compounds when they are pure but when oxidized (exposed to air) they acquire a dark color. They 

are water soluble, slightly fat soluble with strong antioxidant effects and therefore, they help in 

preventing/ slowing down the oxidation of oils. The main phenols of the oils are tyrosol (in free form in 

all olive oils) and hydroxytyrosol (antioxidant action). 
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Tocopherols are high molecular weight heterocyclic compounds and they have antioxidant action. 

The determination of the concentration of tocopherols in olive oil is useful because it helps to detect its 

possible adulteration with other vegetable oils. The main tocopherols are: α-tocopherol (88.5%), β-

tocopherol (5%), γ-tocopherol (5%), d-tocopherol (1.6%) [27-31]. 

 

3.4 Types of Olive Oil 

Olive oils are classified in different categories according to their characteristics and the standards 

of the European Union [33]. Their distinction is very important because EU regulations prohibit trading of 

refined olive oils and other edible olive oils, however, they do not prohibit trades in mixtures of virgin 

olive oils. Also, EVOO shows important and outstanding characteristics among other edible oils and is 

considered as the best olive oil for its organoleptic characteristics. For this reason, EVOO acquires much 

higher prices than those of other types of edible oils and, thus, is frequently targeted as a product that 

can be adulterated with less expensive edible oils. Such practices are harmful not only for the economy, 

but also for the health of the consumers. So, one of the most important factors of olive oil discrimination 

is based on the oleic acid (commonly called acidity) content. 

Depending on the oleic acid (acidity) content, virgin olive oil is distinguished in extra virgin olive 

oil (<0.8%), virgin olive oil (0.8-2%), olive oil (2-3.3%) and Lampante olive oil (> 3.3%), which is used in 

industry and it is not edible. Other categories include refined virgin olive oil (<0.3%), olive oil produced 

Figure 2.6: Chemical composition of (a) the most common acids, (b) triglycerides and (c) tocopherols 
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from the blend of refined and virgin olive oil (<1%), unprocessed pomace oil, which is extracted from the 

fruit kernel and is inedible. Finally, the category of pomace oil (<1%) belongs to the oils resulting from the 

mixing of refined pomace oil and virgin olive oil [26]. 

In addition, when the olive oil of a region is recognized for its unique properties (as e.g., taste, 

color, etc.) and assessed for that by the specialists and the consumers, its designation of origin and 

geographical indication is becoming finally a brand name, giving added value and therefore resulting to 

higher market price. Thus, Protected Designation of Origin (PDO) and Protected Geographical Indication 

(PGI) [34] protocols can significantly differentiate the different types of olive oils. In that view, the control 

of the authenticity of olive oil is essential for the fair trade between the producers and the consumers. 

Therefore, an important differentiate method is based on the geographical origin of the olive oil and in 

the present work is attended the discrimination of EVOO samples by this criterion. 

  



 

25 | P a g e  
 

«CLASSIFICATION OF EXTRA VIRGIN OLIVE OILS VIA LIBS TECHNIQUE USING NS LASER PULSES COMBINED WITH MACHINE LEARNING ALGORITHMS» 

Chapter 4 

4.1 Introduction 

The classification of olive oils based on their geographic origin is an issue of great importance for 

public health, olive oil market and the related industry. In the present work, 78 extra virgin olive oil 

(EVOOs) samples collected from four different places of Greece (Crete, Peloponnese, Lesvos and the 

Ionian islands), were studied using LIBS technique assisted by different machine learning algorithms, 

aiming to classify them in terms of their geographical origin.  

Firstly, the original/raw LIBS data of the EVOO samples were used as inputs for the LDA and SVC 

algorithms and the classification accuracies of these models were obtained. This procedure was repeated 

twice, i.e. by treating each sample as an individual class and by treating several samples as a class in such 

a way that they were separated into the four regions of origin and these four different classes were given 

as input to the algorithms. 

Finally, the same analysis was performed, but this time the original data were pre-processed with 

the PCA algorithm, in order to reduce the dimensionality of the initial data. The reason for this kind of 

analysis, is due to the large dataset that has to be treated. Along with dimensionality reduction, the 

training time is reduced, without any significant change at the performance of the predictive models. This 

is a quite important feature when dealing with large datasets. 

For the analysis of the LIBS spectroscopic data obtained from the different EVOOs, some machine 

learning techniques were selected (PCA, LDA, SVC), employed and their suitability and performance were 

accessed for this kind of input data set, i.e. LIBS spectral data, using the Python library Scikit-learn [32]. 

Also, for the model evaluation with k-fold cross validation method was performed with the number of k 

folds being k=10. 

 

4.2 Olive Oil Samples 

The extra virgin olive oil (EVOO) samples used in the present study were collected directly from 

the producers following specific protocols, from different areas of Greece, in the framework of a Greek 

National Initiative taking place under the auspices of the Greek General Secretariat for Research & 

Technology (GSRT), the Emblematic Action “The Olive Road”. The studied EVOO samples originated from 

the following areas of Greece: Crete (36 samples), Peloponnese (22 samples), Lesvos (16 samples) and the 

Ionian islands (4 samples). A more detailed description about the EVOO samples’ origin is given in Table 

1. All samples, after their collection, were stored in dark-colored glass bottles and were kept at a 

temperature of about 2-4 0C. Prior to the laser measurements, the oil samples were left at room 

temperature for several hours. It must be emphasized that all the samples in the present work were 

collected and became available within the framework of a national project aiming to study and 

characterize the Greek olive oils constitute a first reliable data set, with olive oil samples being 

characterized by several research groups working at different scientific fields (as e.g. agronomy, biology, 

chemistry, etc.) all related to olive trees and olive oil research. 
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Table 1: Origination of EVOO samples 

Origin Code Name 

Crete 

7 from Lasithi 

C1-C36 
12 from Heraklion 

8 from Rethymnon 

9 from Chania 

Peloponnese 

3 from Argolida 

P1-P22 

1 from Filiatra 

2 from Kalamata 

4 from Lakwnia 

12 from Messinia 

Lesvos 16 from Lesvos L1-L16 

Ionian Islands 
1 from Kefalonia 

I1-I4 
3 from Zakynthos 

Total 78 samples of EVOO  

 

4.3 Experimental Setup 

For the needs of the experiments, few grams of each EVOO sample were placed in small 

uncovered glass recipients, allowing the access of the focused laser beam on the free surface of the oil. A 

5 ns Q-switched Nd: YAG laser (Quanta-Ray INDI, Spectra Physics) operating at its fundamental frequency 

at 1064 nm was used for plasma formation. The laser beam was focused using a 100 mm focal length 

quartz lens. The laser pulse energy was fixed at 90 mJ and measured with an energy-calibrated 

pyroelectric probe (Molectron J50-1073). The laser focusing conditions as well as the laser energy were 

optimized in order to provide a sufficiently good signal-to-noise-ratio (SNR) and to prevent sample surface 

splashing. The radiation emitted from the plasma was collected via a quartz lens which was matched with 

a quartz optical fiber bundle, the latter being coupled to the entrance slit of a 75 mm focal length 

spectrograph (Avantes, AvaSpec-2048-USB2). The spectrograph had a 300 lines/mm grating and was 

equipped with a 2048-pixel CCD detector with a spectral range from 200 to 1100 nm allowing a resolution 

of 0.44 nm/pixel. The LIBS measurements were performed using a time delay of td=1.28 μs and an 

integration time of tw=1.05 ms. For the measurements, every laser shot was inducing a plasma, while ten 

consecutive laser shots were averaged corresponding to one LIBS measurement. Then, 30 such LIBS 

spectra were obtained and used for the statistical analysis. The experimental setup used is presented in 

Fig. 4.1: 
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4.4 Results for 78 different classes 

4.4.1 Classification results using the raw LIBS data 

The LIBS spectra of the 78 EVOO samples were obtained and used for the training and evaluation 

of the different predictive models. As mentioned in Chapter 4.1, two different approaches for the 

discrimination of the EVOO samples were attended. The former one, used as inputs all the 78 EVOO 

samples separately and aiming to discriminate them, while, in the latter, the 78 samples were separated 

to four different groups (Crete, Peloponnese, Ionia islands and Lesvos) based on their geographical origin 

and then, these four regions used as input for the algorithmic training. These two different analyses will 

be an indicator of the LIBS discrimination sensitivity in terms of the geographic origin in the case of EVOO 

samples, and also, will strength the assumption that LIBS can be an effective technique for classification 

purposes in food research. 

In Fig. 4.2, all EVOOs’ LIBS spectra are presented, using a color code based on the designation of 

the different areas that the samples have been collected from, for a more convenient visualization. As can 

be seen from Fig. 4.2, the LIBS spectra obtained from the EVOOs are almost identical, in terms that they 

exhibit the same spectral features, suggesting their similar elemental composition. Several atomic and 

molecular spectral features can be easily identified, as for example the atomic oxygen, O(I), lines at 777 

Figure 4.1: LIBS experimental setup 



 

28 | P a g e  
 

«CLASSIFICATION OF EXTRA VIRGIN OLIVE OILS VIA LIBS TECHNIQUE USING NS LASER PULSES COMBINED WITH MACHINE LEARNING ALGORITHMS» 

nm, atomic nitrogen, N(I), lines around 744 nm, the atomic hydrogen lines Hα and Hβ at 656.3 and 486.1 

nm, the atomic line of carbon C(I) at 247.9 nm respectively. In addition, the molecular band emissions of 

the cyanogen radical (CN bands (around 400 nm) and diatomic carbon (C2 Swan bands, around 500 nm) 

arising from the fragmentation of the olive oil’s constituents under the plasma condition are also 

observed. As can be seen, the high similarity of these spectra renders their classification very difficult by 

conventional methods. For this reason, the implementation of machine learning techniques is necessary 

for the discrimination/classification of the different EVOOs. 

At first, the raw LIBS spectroscopic data were used as inputs for the LDA and SVC algorithms. The 

obtained accuracies were 75.4±2.5% and 89.0±1.8%, respectively. Both predictive models resulted at high 

classification accuracies. Among them, the SVC algorithm exhibited the highest accuracy which together 

with its extremely low standard deviation, make it a more successful predictive model than the LDA one.  

For the training of the LDA algorithm, 77 canonical variables were used. This is the maximum 

number of canonical variables that can be used for training, since the LDA algorithm is allowed to use the 

number of classes minus one, as the maximum number of canonical variables. In this case, the number of 

samples were 78 so, no more than 77 canonical variables can be used. As can be seen from the 

corresponding 2D and 3D scatter plots of Fig. 4.3a and Fig. 4.3b, the EVOO samples C1-C36 were clearly 

separated from the rest of the samples forming two clusters. Two clusters are also formed in case of 

samples P1-P22. The first cluster is bigger than the second one and contains most of the Peloponnese 

EVOO samples, but there is an overlap observed between the latter and the samples I1-I4. The reason for 

this (overlapping), is possibly due to the number of samples from the Ionian islands, as they were only 

four (4), making their classification by the LDA algorithm rather difficult to distinguish them. The second, 

Figure 4.2: LIBS spectra of all EVOO samples. 
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smaller cluster seems to slightly overlap with L1-L16 samples. The latter, though, separate from the other 

clusters successfully. 

Figure 4.3: a) 2D and b) 3D LDA scatter plots corresponding to the 78 EVOOs samples. 
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Although the LDA algorithm provided relatively good discrimination between samples, based on 

the results of the above figures (see e.g. Fig. 4.3a & 4.3b), its accuracy was estimated to be approximately 

75%, making the LDA predictive model not a desired choice. The reason for this relatively low accuracy of 

the LDA model due to the existence of many different samples in each cluster, possibly overlapping each 

other, something that is cannot be visually observed, due to the coloring of the clusters. For further 

evaluation of the above results the corresponding classification reports are presented in Table 2a and 

Table 2b for LDA and SVC algorithms, respectively. The classification report, as mentioned before, 

presents a more detailed picture of the classification procedure, including all the samples, alongside with 

their behavior during the algorithmic training.  

 
 

LDA 
 

SVC 
 

precision recall f1-score support 
 

precision recall f1-score support 

c1 1 1 1 2 
 

0.7 1 0.8 2 

c2 1 1 1 4 
 

1 1 1 4 

c3 1 1 1 5 
 

1 1 1 5 

c4 1 0.8 0.9 4 
 

0.8 1 0.9 4 

c5 1 1 1 1 
 

0 0 0 1 

c6 0.8 0.8 0.8 5 
 

1 0.8 0.9 5 

c7 1 1 1 2 
 

1 1 1 2 

c8 1 1 1 3 
 

1 1 1 3 

c9 1 1 1 2 
 

1 1 1 2 

c10 1 1 1 2 
 

1 1 1 2 

c11 1 1 1 4 
 

1 1 1 4 

c12 1 1 1 5 
 

0.8 1 0.9 5 

c13 1 1 1 4 
 

1 1 1 4 

c14 0.5 0.5 0.5 2 
 

1 1 1 2 

c15 1 0.7 0.8 7 
 

0.8 0.7 0.8 7 

c16 0.5 0.5 0.5 2 
 

1 1 1 2 

c17 1 1 1 3 
 

1 1 1 3 

c18 0 0 0 2 
 

1 0.5 0.7 2 

c19 0.2 1 0.3 1 
 

1 1 1 1 

c20 1 0.7 0.8 3 
 

1 1 1 3 

c21 0.7 0.5 0.6 4 
 

1 1 1 4 

c22 1 0.5 0.7 2 
 

1 0.5 0.7 2 

c23 1 1 1 1 
 

1 1 1 1 

c24 0.8 0.8 0.8 4 
 

0.6 0.8 0.7 4 

c25 1 0.8 0.9 5 
 

0.5 0.2 0.3 5 

c26 0.9 1 0.9 6 
 

0.9 1 0.9 6 

c27 0.7 1 0.8 2 
 

0.5 1 0.7 2 

c28 1 1 1 3 
 

0.7 0.7 0.7 3 

c29 1 1 1 3 
 

1 0.7 0.8 3 

c30 0.3 1 0.5 1 
 

1 1 1 1 



 

31 | P a g e  
 

«CLASSIFICATION OF EXTRA VIRGIN OLIVE OILS VIA LIBS TECHNIQUE USING NS LASER PULSES COMBINED WITH MACHINE LEARNING ALGORITHMS» 

c31 1 0.6 0.7 5 
 

0.8 0.8 0.8 5 

c32 1 1 1 3 
 

1 1 1 3 

c33 1 0.5 0.7 2 
 

1 1 1 2 

c34 0.7 1 0.8 2 
 

0.5 0.5 0.5 2 

c35 1 1 1 2 
 

1 1 1 2 

c36 1 1 1 1 
 

0 0 0 1 

i1 0 0 0 0 
 

0 0 0 0 

i2 0.5 1 0.7 2 
 

1 1 1 2 

i3 0.7 0.5 0.6 4 
 

1 0.8 0.9 4 

i4 0.3 0.5 0.4 2 
 

1 1 1 2 

l1 0.5 1 0.7 1 
 

0.5 1 0.7 1 

l2 0.4 1 0.6 2 
 

0.4 1 0.6 2 

l3 1 0.4 0.6 5 
 

1 0.4 0.6 5 

l4 0.8 1 0.9 3 
 

1 1 1 3 

l5 1 1 1 1 
 

1 1 1 1 

l6 1 0.8 0.9 5 
 

1 0.6 0.7 5 

l7 1 0.8 0.9 4 
 

1 1 1 4 

l8 1 0.7 0.8 6 
 

1 1 1 6 

l9 1 1 1 3 
 

0.8 1 0.9 3 

l10 1 1 1 4 
 

1 0.8 0.9 4 

l11 0.5 1 0.7 2 
 

1 1 1 2 

l12 0 0 0 2 
 

0.5 0.5 0.5 2 

l13 0.6 0.8 0.7 4 
 

1 1 1 4 

l14 1 0.8 0.9 4 
 

1 1 1 4 

l15 0 0 0 0 
 

0 0 0 0 

l16 1 1 1 3 
 

1 1 1 3 

p1 0 0 0 2 
 

0.7 1 0.8 2 

p2 0 0 0 1 
 

0.5 1 0.7 1 

p3 0 0 0 1 
 

0 0 0 1 

p4 0.8 0.8 0.8 4 
 

0.8 1 0.9 4 

p5 1 1 1 1 
 

1 1 1 1 

p6 0.7 0.7 0.7 3 
 

1 0.3 0.5 3 

p7 1 1 1 1 
 

1 1 1 1 

p8 0.5 1 0.7 2 
 

0.7 1 0.8 2 

p9 1 1 1 3 
 

1 1 1 3 

p10 1 1 1 6 
 

1 1 1 6 

p11 1 1 1 2 
 

1 1 1 2 

p12 1 0.8 0.9 4 
 

1 1 1 4 

p13 1 0.7 0.8 3 
 

0.8 1 0.9 3 

p14 0.8 1 0.9 4 
 

1 1 1 4 

p15 1 0.6 0.7 5 
 

1 0.8 0.9 5 

p16 0.6 0.8 0.7 4 
 

0.8 1 0.9 4 

p17 0.8 0.6 0.7 5 
 

0.8 1 0.9 5 
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p18 0 0 0 1 
 

0.3 1 0.5 1 

p19 0.7 0.5 0.6 4 
 

1 0.8 0.9 4 

p20 0.6 0.8 0.7 4 
 

1 0.5 0.7 4 

p21 1 0.8 0.9 5 
 

1 1 1 5 

p22 0.8 1 0.9 3 
 

1 1 1 3 

macro 
avg 

0.8 0.8 0.7 234 
 

0.9 0.9 0.8 234 

 

As can been seen from the classification report, in the case of LDA algorithm, 11 samples have f1-

score lower than 0.5 (red shaded), while in SVC predictive model only 7 samples have f1-score below 0.5. 

Also, the overall f1-scores are higher in the case of SVC algorithm (green shaded) than the LDA, especially 

in the case of Peloponnese samples. For this reason, the SVC predictive model present almost 15% higher 

accuracy than the LDA predictive model. Moreover, the macro average value of both predictive models, 

which is 0.7 or approximately 70% for LDA and 0.8 or approximately 80% for SVC, are quite close to the 

obtained accuracies via k-fold cross validation technique. 

 

4.4.2 Classification results using PCA-pre-processed LIBS data 

Subsequently, the PCA algorithm was applied to the LIBS data, in order to reduce the dimensions 

of the original dataset maintaining most of the initial information. The corresponding 2D and 3D PCA score 

plots are presented in Fig 4.4a and Fig.4.4b, respectively. The same color coding was used as in previous 

Figures. As can been seen from the Fig. 4.4a and Fig 4.4b, three well distinguished clusters are formed 

corresponding to the Crete, Lesvos and Peloponnese samples. Additionally, the samples from Ionian 

islands overlap with those of Peloponnese, while a small part of Peloponnesian samples overlap with the 

cluster of Lesvos samples. The above results seem very good considering that PCA is an unsupervised 

technique and has no prior knowledge of the classes, creating clusters based only on possible pattern 

recognition of the obtained LIBS spectra. So, the clusters formatted on the Figures 4.4 can be considered 

quite successful. 
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Figure 4.4: PCA a) 2D and b) 3D score plots 
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The explained variances of the first three principal components were: 85.2% for PC1, 7.6% for PC2 

and 4.7% for PC3. As it seems, only from the first three PCs, the explained variance of the original data 

was approximately 97%. For a more detailed picture of the PCs, Fig 4.5a, Fig 4.5b and Fig 4.5c present the 

loadings of PC1, PC2 and PC3, respectively. Loadings are very important because, their values relate to 

the significance of every spectral feature from the original data with the related PC. 

For instance, as can been seen in Fig. 4.5a, PC1, which has an explained variance of 85.2%, the 

whole spectra along with the strong background is very important in order to extract most of the variance 

of the original dataset. Furthermore, it seems that the CN band is the dominant spectral feature, while 

the hydrogen’s Hα and Hβ spectral lines along with the oxygen line, contribute significantly for PC1. As far 

as the second principal component, PC2 (see e.g. Fig 4.5b), is concerned (explained variance of 7.6%), the 

before mentioned emissions still contribute to PC2, in contrast to the background that has almost 

vanished. Lastly, the analysis of the third principal component, PC3 with explained variance of 4.7%, 

indicates a major contribution from the hydrogen’s Hα, oxygen and nitrogen emission lines, while the C2 

band seems to have smaller contribution when compared to PC2. 

Consequently, the cumulative explained variance with respect to the number of PCs plot, is 

presented in Fig. 4.6. In this figure the proper number of PCs that are necessary for the algorithm to be 

trained is shown. As the number of PCs is increasing the cumulative explained variance reaches the value 

of one. 

Figure 4.5: Loadings plots for a) PC1, b) PC2 and c) PC3 
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So, for the training of the algorithms were used 30 PCs that explain approximately more than 99% 

of the original data variance. The obtained accuracies for the LDA and SVC predictive models were 

92.6±1% and 88.6±1.3%, respectively. In this case, the preprocessing of the original dataset via PCA 

increased the accuracy of LDA algorithm almost 17%, while the obtained accuracy of the SVC predictive 

model remained unchanged. These results are important since, PCA reduced the number of features to 

only 30 without affecting the achieved accuracy in the case of the SVC algorithm, while the LDA predictive 

model accuracy was found increasing. It has to be mentioned here that the data reduction has a direct 

impact on the training time, its reduction being very important in cases where large datasets are treated. 

Furthermore, the classification reports of the algorithms are presented in Table 3. 

Table 2: Classification reports of a) LDA and b) SVC 

 (a) LDA  (b) SVC 
 precision recall f1-score support  precision recall f1-score support 

C1 1 1 1 2  0.7 1 0.8 2 

C2 1 1 1 4  0.8 1 0.9 4 

C3 1 1 1 5  1 1 1 5 

C4 1 1 1 4  0.8 1 0.9 4 

C5 1 1 1 1  0 0 0 1 

C6 1 0.8 0.9 5  0.8 0.8 0.8 5 

C7 1 1 1 2  1 1 1 2 

C8 1 1 1 3  1 1 1 3 

C9 1 1 1 2  1 0.5 0.7 2 

C10 1 1 1 2  1 1 1 2 

C11 1 1 1 4  1 1 1 4 

Figure 4.6: Cumulative explained variance 
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C12 1 1 1 5  0.8 1 0.9 5 

C13 1 1 1 4  1 1 1 4 

C14 1 0.5 0.7 2  1 1 1 2 

C15 1 0.7 0.8 7  0.8 0.7 0.8 7 

C16 0.7 1 0.8 2  1 1 1 2 

C17 1 1 1 3  1 1 1 3 

C18 1 1 1 2  1 0.5 0.7 2 

C19 0.5 1 0.7 1  1 1 1 1 

C20 0.8 1 0.9 3  1 1 1 3 

C21 1 0.8 0.9 4  1 1 1 4 

C22 1 0.5 0.7 2  1 0.5 0.7 2 

C23 1 1 1 1  1 1 1 1 

C24 0.8 1 0.9 4  0.8 1 0.9 4 

C25 1 0.8 0.9 5  1 0.4 0.6 5 

C26 1 1 1 6  0.9 1 0.9 6 

C27 0.7 1 0.8 2  0.5 1 0.7 2 

C28 1 1 1 3  0.7 0.7 0.7 3 

C29 1 1 1 3  1 0.7 0.8 3 

C30 1 1 1 1  1 1 1 1 

C31 1 1 1 5  0.8 0.8 0.8 5 

C32 1 1 1 3  1 1 1 3 

C33 1 1 1 2  1 1 1 2 

C34 1 1 1 2  1 0.5 0.7 2 

C35 1 1 1 2  1 1 1 2 

C36 1 1 1 1  0 0 0 1 

I1 0 0 0 0  0 0 0 0 

I2 1 1 1 2  1 1 1 2 

I3 0.8 1 0.9 4  1 0.8 0.9 4 

I4 1 0.5 0.7 2  0.7 1 0.8 2 

L1 0.3 1 0.5 1  0.5 1 0.7 1 

L2 1 1 1 2  0.7 1 0.8 2 

L3 1 1 1 5  1 0.8 0.9 5 

L4 1 1 1 3  1 1 1 3 

L5 1 1 1 1  1 1 1 1 

L6 1 1 1 5  1 0.8 0.9 5 

L7 1 1 1 4  0.7 1 0.8 4 

L8 1 0.5 0.7 6  1 1 1 6 

L9 1 1 1 3  0.8 1 0.9 3 

L10 1 1 1 4  1 0.8 0.9 4 

L11 1 1 1 2  1 1 1 2 

L12 1 1 1 2  1 0.5 0.7 2 

L13 0.6 1 0.7 4  1 1 1 4 

L14 1 0.8 0.9 4  1 1 1 4 

L15 0 0 0 0  0 0 0 0 

L16 1 1 1 3  1 1 1 3 

P1 0.7 1 0.8 2  0.7 1 0.8 2 
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P2 0.5 1 0.7 1  0.5 1 0.7 1 

P3 1 1 1 1  0 0 0 1 

P4 0.8 0.8 0.8 4  1 1 1 4 

P5 1 1 1 1  0 0 0 1 

P6 1 0.3 0.5 3  1 0.7 0.8 3 

P7 1 1 1 1  1 1 1 1 

P8 1 1 1 2  0.7 1 0.8 2 

P9 1 1 1 3  1 1 1 3 

P10 1 1 1 6  1 0.7 0.8 6 

P11 1 1 1 2  1 1 1 2 

P12 1 1 1 4  1 1 1 4 

P13 1 1 1 3  0.8 1 0.9 3 

P14 1 1 1 4  1 1 1 4 

P15 1 1 1 5  1 0.8 0.9 5 

P16 1 1 1 4  0.8 1 0.9 4 

P17 1 1 1 5  1 1 1 5 

P18 0.5 1 0.7 1  0.3 1 0.5 1 

P19 1 0.5 0.7 4  1 0.8 0.9 4 

P20 0.7 1 0.8 4  1 0.8 0.9 4 

P21 1 1 1 5  1 1 1 5 

P22 1 1 1 3  1 1 1 3 

macro 
avg 

0.9 0.9 0.9 234  0.9 0.9 0.8 234 

 

Most of the samples present f1-scores, higher than 0.5 (except 2), for both algorithms according 

to Table 3. The overall f1-scores of LDA algorithm are higher than those of SVC algorithm, justifying the 

difference between the obtained accuracies of these two predictive models. Also, in this case, the macro 

average values are very close to the obtained accuracies of the trained algorithms. 

4.5 Classification results using 4 different classes 

4.5.1 Classification results using of the raw LIBS data 

In this section, the 78 EVOO samples were separated in 4 different classes, based on their 

geographical origin, i.e. Crete, Peloponnese, Ionian islands and Lesvos, as presented in Table 1. At first, 

the algorithms were trained with the raw LIBS data and the resulting accuracies were 91±1.4% and 

98.4±0.7% for the LDA and SVC algorithms, respectively. The 2D and 3D LDA scatter plots are presented 

in Fig 4.7a and Fig 4.7b. For the training of the LDA algorithm 3 canonical variables were used. 
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Figure 4.7: LDA a) 2D and b) 3D scatter plots 
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In Fig 4.7a, it seems that the clusters of Ionian islands and Peloponnese overlap, but the 3D scatter 

plot (see e.g. Fig 4.7b) shows that there is no significant overlapping between these clusters. By inspection 

of the LDA scatter plots, that clearly discriminate between the samples from different classes, the model 

should perform as high as 100%, but the resulting accuracy of the predictive model was estimated to be 

91±1.4%. By further inspection, the LDA model was found to be overfitted during training making it not 

suitable for further predictions. In principle, the LDA algorithm has a constraint, according to which the 

number of classes should not be much less than the number of features, because the model is going to 

overfit during training. In the present case, the number of classes used were 4 and the features (i.e. the 

number of sensor’s pixels) were 1550, thus resulting in overfit of the model. In contrast, the SVC algorithm 

presented an extremely high accuracy of 98.4±0.7% with a very low standard deviation, suggesting a 

successful predictive model. Since, the only successful predictive model in the case of raw data was the 

SVC, the classification report of this algorithm is presented in Table 4. 

Table 3: Classification report of SVC algorithm 

 precision recall f1-score support 

Crete 1 1 1 109 

Ionian 
islands 

0.9 1 0.9 8 

Lesvos 1 1 1 49 

Peloponnese 1 1 1 68 

macro avg 1 1 1 234 

 

As expected, in Table 4, the f1-scores of all samples are quite high; 1 for the samples of Crete, 

Lesvos and Peloponnese and 0.9 for the samples of Ionian islands. Also, the macro average score has a 

value of 1 or 100% that is very close to the accuracy of the SVC model (e.g. approximately 98%) ensuring 

the robustness of the predictive model. 

 

4.5.2 Classification results using PCA-pre-processed LIBS data 

Finally, the data were pre-processed with PCA algorithm, as in Chapter 4.4.2. Since, PCA is an 

unsupervised technique only the spectroscopic data are used for the algorithmic training and not the 

corresponding class of each spectra, thus, the classes do not affect its results. Therefore, the obtained 

PCA results of this chapter (with 4 classes) will be the same with those of Chapter 4.4.2 (with 78 classes). 

The reduced dataset was used as input for the LDA and SVC algorithms and the obtained accuracies were 

found to be 93±1.5% and 97.8±1.1%, respectively. The PCs that were used for training were 30, consisting 

of 3 canonical variables for the case of LDA. Both predictive models exhibited high accuracies and low 

standard deviations indicating that they are successful and robust predictive models for discrimination of 

EVOO samples based on their regions of origin. The resulting 2D and 3D LDA plots, are presented in Fig. 

4.8a and Fig 4.8b, respectively. 
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Figure 4.8: LDA a) 2D and b) 3D scatter plots 
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As can be seen from Fig 4.8a and 4.8b, the clusters of Crete, Lesvos and Peloponnese are clearly 

distinguished, but an overlapping was occurred between Peloponnese and Ionian islands. In contrast to 

the raw data of the previous section, (overfitted in the case of LDA) in the current analysis LDA model 

seems to behave as well trained and being robust enough. The different results observed are due to the 

dimensionality reduction of PCA that transformed the original multidimensional data features (1550 

dimensions) to only 30 (the number of principal components). So, the constraint mentioned before (i.e., 

that the classes should not be much less than the features/dimensions) is satisfied in this case and the 

model is not overfitting. For a more detailed view of the algorithmic training, the classification reports of 

LDA and SVC are presented in Table 5. 

Table 4: Classification reports of a) LDA and b) SVC 

 (a) LDA  (b) SVC 
 precision recall f1-score support  precision recall f1-score support 

Crete 1 1 1 109  1 1 1 109 

Ionian 
islands 

0.6 1 0.8 8  0.7 1 0.8 8 

Lesvos 0.9 1 1 49  1 1 1 49 

Peloponnese 1 0.9 0.9 68  1 1 1 68 

macro avg 0.9 1 0.9 234  0.9 1 0.9 234 

 

The high f1-scores of Table 5 for both algorithms confirm the high accuracies that were obtained 

from the algorithmic training. Only in the case of Ionian island the f1-scores were found to be 0.8, for both 

algorithms, and only in the case of LDA the score of Peloponnese was found to be 0.9, in contrast with the 

SVC model that attains a value of 1.0. Also, the macro average scores are very close to the obtained 

algorithmic accuracies of the predictive models. A summary of the previous obtained results is presented 

in Table 6: 

Table 6: Summary of the obtained results 

 
No pre-treatment PCA pre-treatment 

LDA SVC LDA SVC 

78 samples 

separately 
75.4±2.5% 89.0±1.8% 92.6±1% and 88.6±1.3% 

78 samples in 

4 classes 
Overfitted 98.4±0.7% 93±1.5% 97.8±1.1% 
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In the last two decades, there has been a continuously increasing interest in food analysis 

applications of LIBS. Just by typing “Laser-Induced Breakdown Spectroscopy” and “Food” in the Web of 

Science database one can see that each year the number of publications is increasing (see Fig.4.9). 

 

Figure 4.9: Number of publications over the last two decades, using as keywords “Laser-Induced 

Breakdown Spectroscopy” and “Food” in the Web of Science database 

However, despite the increasing number of publications, to the best of our knowledge, there is 

only a handful of studies reported in the literature so far, employing LIBS assisted by machine learning 

approaches, aiming to discriminate/classify olive oils [14,15,35,36,37,38,39]. So, most probably, the work 

of Caceres et al. [35] was the first one that employed LIBS and machine learning to achieve the 

discrimination of olive oil samples, employing neural networks, instead of the most commonly used 

machine learning techniques. The reported attained accuracies were exceeding 90%. However, the olive 

oil samples used were some commercial edible oils from the local market, containing different brands and 

grades (e.g., olive oil, sunflower and hazelnut and corn oils). In addition, these oils were produced in four 

different countries (i.e., Spain, Italy, Greece, and Argentina) with very different climatic and soil conditions 

which directly affect the olive oil constituents and composition. Additionally, only few of the studied oils 

were extra virgin. All these factors can increase the differences between the samples, and this can be 

reflected on the corresponding LIBS spectra allowing for a more efficient discrimination. Also, from the 

algorithmic point of view, neural networks are hard to implement optimize and interpret, since they 

include many parameters, in contrast to the algorithmic approach where  machine learning algorithms 

are used (e.g. Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA) and Support Vector 

Machines (SVM)). The presently used algorithms require light and, in many cases, no optimization is 
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needed, with no cost on the obtained results, thus, allowing to achieve almost the same prediction 

accuracies with less effort and complexity. 

Then, another work appeared in the literature, by Mbesse Kongbonga [36], where LIBS was 

applied for the classification of some vegetable oils based on their concentration in saturated fatty acids. 

This was achieved by performing Analysis of Variance (ANOVA) using the C2 emissions., They have shown 

that there is a correlation between the C2 emissions and olive oil  fatty acid content.  

Very recently, two review papers have appeared in the literature, summarizing the research work 

regarding LIBS application for food analysis, namely the works of Sezer et al. [37] and Markiewicz-Keszycka 

et al. [38]. In the former , entitled “Capabilities and limitations of LIBS in food analysis”, a comprehensive 

overview of the applications on food quality and fraud monitoring of several foods, sampling techniques 

and some limitations of LIBS are discussed. It is stated that depending on the food sample form (e.g. solid 

and liquid samples) special care must be given on its handling, because the laser-matter interaction may 

differ from sample to sample. For instance, some foods that contain high moisture may provide poor LIBS 

signal when searching for trace elements, thus extra care must be given in sample preparation and various 

techniques can help in signal enhancement like Double-Pulse LIBS (DP-LIBS) and Resonance-Enhanced LIBS 

(RELIBS). Direct application of LIBS on the surface of liquid samples can be rather challenging because 

surface ripples and splashing can result in poor signal quality and therefore reduce the sensitivity. In that 

case an appropriate experimental configuration for handling the sample is needed. Another issue 

addressed was the phenomena arising from the interaction of the laser with the food matrix on the LIBS 

signal. These phenomena, i.e. self-absorption, spectral overlap of emissions from different species and 

matrix effects are, often, limiting the analytical capabilities of LIBS technique. Some methods reported to 

alleviate these effects are proper spectral line selection and fitting as well as Calibration-Free LIBS (CF-

LIBS) methods. 

In the latter  review paper by Markiewicz-Keszycka et al. [38], the successful application of LIBS 

for verifying the authenticity and detecting fraud in various foods is presented and highlighted. The 

multielemental detection capability of LIBS and the importance of chemometrics and machine learning 

algorithms are emphasized. Classification algorithms like LDA, SVC, kNN and neural networks are 

frequently reported to be used in geographical origin authentication for various foods, as for instance 

wines, tea, rice and olive oil, which are among the most likely foods to be the target of food fraud. 

Regression algorithms like the Partial Least Squares Regression (PLSR) and the Neural Networks (NNs) are 

also reported to be used to detect and quantify adulteration percentages in dairy products, meat and 

coffee. 

Lately, in a very recent study by Gazeli et al. [14], LIBS technique combined with a variety of 

machine learning algorithms such as: Linear Discriminant Analysis (LDA), Support Vector Classifiers (SVC) 

and Random Forest Classifiers (RFC), were employed for the discrimination of some olive oils based on 

their acidity and geographical origin for the first time. The samples used in this study were directly 

collected from the producers and their acidity was determined. It has been shown that the LIBS spectral 

features of olive oil were directly correlated with oil acidity and geographical origin and the Classification 

accuracies of the tested models ranged between 90 and 99%. This work was a preliminary study and the 

obtained results were quite successful and paved the way for further investigation in the utilization of 

LIBS for olive oil analysis. 
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The previous work was followed by another study by Bellou et al. [15], in which LIBS technique 

combined with machine learning algorithms was performed for the classification of some olive oil 

samples, based on their geographical origin. This study has mainly focus on the effects of the various 

experimental parameters on the classification accuracies. In that view, three different configurations for 

handling the sample were used and assessed, i.e. by creating a spark in a spray of olive oil, or in a thin 

laminar flow and on the free surface of a resting olive oil sample. In addition, the effects of laser energy 

and the spectrometer’s CCD detector gating conditions (i.e. time delay and integration time) on the 

plasma characteristics and subsequently on the classification results were investigated in detail and were 

analyzed for each configuration. The classification results reached nearly 100% correct classification 

accuracies and, as a result, this work laid the groundwork for future LIBS studies of olive oil samples. 

Very recently, in another work from our group [39] LIBS has been successfully applied to classify 

some extra virgin olive oil samples from the island of Crete. LDA, kNN and SVC models have been trained 

to classify olive oils spectra based on their geographical origin. All the olive oils studied were collected by 

following specific and strict protocols and were representative of the olive oil produced on the island of 

Crete. In this work, the effect of data pre-processing has been addressed for the first time, and it was 

shown that PCA pre-processing can be an effective method for minimization of the training time while, in 

some cases, it can also enhance considerably the obtained accuracies. Moreover, it has been shown that 

that the most suitable and efficient machine learning models, in the case of such LIBS spectroscopic 

datasets, seem to be the linear ones, as e.g. LDA and SVC with linear kernel. In all cases,  the obtained 

accuracies were found to exceed 90%. 

From the above very encouraging results, it becomes evident that LIBS technique assisted by 

machine learning algorithms can be achieve very successful results and quite successful discrimination 

between EVOOs originating from different geographical areas. The application of LDA and SVC algorithms 

combined with PCA-pretreated LIBS spectroscopic data makes possible the improvement of the 

discrimination accuracies allowing for the extraction of valuable information from the LIBS spectra which 

otherwise would not have been identified. 
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Conclusions 

Concluding, in the present work, the application of LIBS combined with some of the most 

commonly used machine learning algorithms was employed for the discrimination/classification of 78 

EVOOs, in terms of their geographical origin with two different approaches. Classification accuracies 

exceeding 90% were attained, in both cases, suggesting the great potential of such an approach.  

The present investigation has concluded that pre-processing of the LIBS spectroscopic data, is not 

always necessary in order to construct predictive models attaining  high accuracies. However, such pre-

processing could increase the accuracies of the LDA predictive models,  with  affecting the obtained 

classification accuracies of SVC predictive models despite the dimensionality reduction. In the first 

approach, all 78 EVOO samples were used separately for discrimination, while in the second one, the 

samples were separated in four different classes based on their geographical origin. In both approaches 

the discrimination was successful, with accuracies exceeding 95% for both (LDA and SVC) predictive 

models.  

Furthermore, it was found that the most suitable and efficient machine learning models, in the 

case of such LIBS spectroscopic data sets, seem to be the linear ones. This assumption originates from the 

fact that PCA and LDA are both linear models, and in the case of SVC algorithm, the highest accuracies 

were obtained when the linear kernel was applied. So, when LIBS technique is used for geographic origin 

discrimination must be combined with linear machine learning algorithms, in order to extract most of the 

required information and obtain the best possible accuracies from the predictive models. This finding is 

of great importance, because the selection of the suitable predictive models is not an easy task as there 

are  no “rule of thumb” methods, in general, indicating what kind of algorithm suits the best to a specific 

task. 

In order to further evaluate the efficiency of LIBS technique assisted by machine learning 

algorithms, larger number of EVOO samples are suggested originating not only from Greece but from 

other EU regions as well. LIBS technique is a well-established spectroscopic technique and has been 

applied in a wide range of applications for years, but only the last few years it has been employed to food 

analysis and research. The present work, among others, is a strong indicator that further research is quite 

important for establishing  fast, reliable and robust analytical techniques in the field of food science. 
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