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A B S T R A C T

Laser Induced Breakdown Spectroscopy (LIBS) was combined with some machine learning techniques, such as
Principal Components Analysis (PCA) and Linear Discriminant Analysis (LDA) in order to obtain useful in-
formation concerning the classification of olive oil samples (authentication of their geographic origin) and the
detection of adulteration. Since the plasma characteristics can depend substantially on the state of a sample
(solid, gas or liquid) three different configurations of handling the sample were examined, spray of olive oil, a
thin laminar flow and the free surface of few gr of olive oil sample. Then, the effects of experimental parameters,
such as the laser energy, the temporal gating conditions (i.e., delay time and integration time) of the CCD
detector of the spectrometer, on the plasma characteristics and subsequently on the classification results, were
thoroughly investigated and analyzed. The combination of LIBS with the machine learning techniques used,
resulted in excellent classification results of the olive oils studied, achieving classification accuracies of 100%.

1. Introduction

Olive oil constitutes a basic element of the so-called “Mediterranean
diet” which is traditionally followed by the populations of the countries
around the Mediterranean Sea. Today, the Mediterranean countries are
producing almost 90% of the worldwide olive oil production. The cli-
matic conditions met in the Mediterranean region favor the cultivation
of olive trees and the olive oil production, while the large variety and
wealth of these conditions result in olive oils with different character-
istics, as e.g. taste, flavor, color, smell, acidity, etc. Other factors that
also affect the olive oil characteristics are the cultivation method of the
olive trees, the degree of olive maturation and the extraction method of
the olive oil from the olives. According to the regulations of the
European Union, the olive oils, based on their characteristics, are
classified into categories of discrimination [1]. Olive oil extracted from
the olive fruit, without being mechanically or physically altered, is
categorized as virgin, while, other categories consist of refined olive oils
and refined pomace oils. Their distinction is very important because
according to the EU regulations the trade of refined olive oils and po-
mace oils is forbidden, however, the trade of virgin olive oil mixtures
with them is not prohibited. Moreover, olive oils are characterized
according to their oleic acid content. In that view, virgin olive oils are
classified as Extra Virgin Olive Oil (< 0.8% v/v), Virgin Olive Oil
(0.8–2% v/v), Olive Oil (2–3.3% v/v) and Lampante Olive oil (> 3.3%

v/v), the last one being unsuitable for eating and used in industry.
According to some recent studies, olive oil consumption is related to
longevity and healthier aging, while it is widely recommended against
heart and circulatory diseases and even for Alzheimer's disease [1–4].
As the consumers are becoming more and more aware of the multiple
benefits of virgin olive oil, its demand is steadily increasing. However,
the increasing demand and the high production cost makes virgin olive
oil more expensive than other oils. Unfortunately, because of this si-
tuation, many traders mix or replace virgin olive oil with the much
cheaper vegetable oils, an act which constitutes a financial fraud. In
addition to the financial crime, there are very important public health
issues as the adulteration can have serious consequences on the con-
sumers health, as e.g., in the case of an allergy. It is therefore very
important to ensure the quality of olive oil. Towards this goal there are
various international organizations, such as the Codex Alimentarius,
the European Commission and the International Olive Council (IOC),
which set the limits for the permitted oil component values. In addition,
the European Union has established frameworks that act as guidelines
to the consumers as are for instance the Protected Designation of Origin
(PDO) and the Protected Geographical Indication (PGI) characteriza-
tions of olive oils, which refer to the exceptional properties and quality
of olive oil derived from its place of origin as well as from the way of its
production. The PDO/PGI characterizations of olive oil, although they
are on the basis of their variety and geographical origin, they are
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usually used as a criterion for the authenticity and quality [1,5] and act
as a guarantee of the brand name of an olive oil, thus increasing its
value.

For the assessment of the quality of olive oil various analytical
techniques have been proposed and are used, as for instance, the pH
determination of fatty acids and the chromatographic detection of
various olive oil compounds, while several spectroscopic methods have
been also suggested. Atomic Absorption Spectroscopy (AAS), Fourier
Transform Infrared Spectroscopy (Ft-IR), Raman Spectroscopy, Nuclear
Magnetic Resonance Spectroscopy (NMR) [6–14], are some of them.
These spectroscopic techniques have extended the arsenal of analytical
techniques that can be used for olive oil analysis. However, these
techniques, often, require time-consuming sample preparation, or they
are explicitly laboratory-based and/or their operational cost and
maintenance can be unsuitable for large-scale industrial implementa-
tion.

Laser Induced Breakdown Spectroscopy (LIBS) is a laser based
spectroscopic technique which has become very popular during the last
years as an analytical technique because of its speed and experimental
simplicity and because it allows the in-situ, on-line and remote ele-
mental analysis of a sample. Namely, LIBS can rapidly obtain useful
spectroscopic information from all types of materials (e.g. solids, liquids
or gases, conductive or dielectric) without any prior sample treatment
[15–18]. Nowadays, LIBS technique is employed in several scientific
fields, finding applications in industry [19], art conservation and cul-
tural heritage [20,21], geology [22,23], environmental sciences
[24–26] combustion diagnostics [27–29], while very recently its ap-
plication in food science has been suggested as well [30–32].

LIBS being a time resolved emission spectroscopic technique, is
based on the measurement of the emission of the plasma produced upon
the interaction of an intense enough focused laser beam with a sample.
The emitted light contains valuable information on the elemental
composition of the sample thus allowing, in principle, distinguishing
between samples having different elemental compositions. However, in
the case of olive oils, the elemental composition is practically the same,
not allowing the classification of the different oils. In fact, the emission
spectra of the plasma created on different olive oils are all very similar,
exhibiting the same spectral features, i.e., the spectral lines of hydrogen
(H), carbon (C), oxygen (O), nitrogen (N), along with some molecular
bands of CN and C2 arising from the fragmentation of the large organic
molecules present in olive oil, such as the triglycerides, the different
free fatty acids, glycerol, etc. The only differences that can be observed
in the LIBS spectra of olive oils are variations of the relative intensities
of the spectral lines. In order to overcome this problem, Caceres et al.

[33] were the first, to the best of our knowledge, to use LIBS combined
with some Neural Networks (NNs) algorithms for olive oil classification.
They studied a large number of edible oils with LIBS technique, using
the emission of the plasma from 200 to 1000 nm, as inputs for the NN
model and they obtained a very successful classification. Shortly after,
Kongbonga et al. [34] performed a classification study of some vege-
table oils, using however only the C2 Swan bands emission. Again, a
successful classification was reported based on the correlation between
the C2 bands and the concentration of the oils in saturated fatty acids. A
similar approach, i.e. based on the intensities of particular spectral
features of LIBS spectra, but not employing statistical analysis techni-
ques, has been performed several years ago in a work investigating the
discrimination of plastics for recycling purposes [25]. In any case, al-
though the use of spectral emission(s) which correlate with some con-
stituent of the olive oil is a more straightforward approach (from the
physical point of view), the consideration of several spectral features
and/or spectroscopic patterns of the LIBS spectra, without any pre-
requisite assumption and/or correlation with some constituent, is a
more general and attractive approach and could provide further insight
towards laser-based classifications. From this point of view, the work of
Caceres et al. [33] implementing NNs constitutes a different approach
of statistical analysis of the LIBS data. However, in general, NNs are
more complicated than some machine learning algorithms such e.g. the
PCA and the LDA ones, as they might be more demanding, in some
cases, in terms of implementation and optimization, demanding more
powerful hardware for the algorithmic training, too. In that view, in the
present study, aiming to evaluate the impact of the experimental
parameters for the plasma creation (i.e., state of the sample, time delay,
integration time, laser energy, etc.) on the classification of olive oils, a
simpler approach and better suited for not big data sets has been
adopted, by combining PCA and LDA algorithms, which are popular
and very often used unsupervised and supervised techniques, respec-
tively. A study investigating the efficiency of the different algorithms on
the classification of olive oils is currently in progress in our lab, on a
much larger number of olive oil samples. So, the purposes of the present
work are twofold: to demonstrate the improvement of the analytical
capabilities of LIBS when assisted by machine learning approaches in
terms of olive oil classification, and to assess the influence of the LIBS'
experimental parameters on the accuracy of the classification of olive
oils. For the latter purpose, the detection of adulteration of olive oil by
some pomace oil has been also examined. The major goal of the present
work is to demonstrate that experimentally optimized LIBS assisted by
machine learning algorithms can become a valuable tool for the clas-
sification and authentication of olive oil according to the Protected

Fig. 1. Experimental configurations used during the LIBS experiments: a) spray, b) thin laminar flow and c) free surface of the liquid.
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Designation of Origin (PDO) and Protected Geographical Indication
(PGI) protocols.

2. Experimental

2.1. Samples

In the present work, extra virgin olive oil samples from four dif-
ferent locations in Crete, Greece, were studied, named hereafter for
simplicity as: E1, E2, E3 and E4. The E4 sample was used to prepare
mixtures with different percentages of pomace oil, the latter ranging

from 10 to 100% v/v. The adulterated samples are denoted as E5 (10%
v/v), E6 (20% v/v), E7 (30% v/v), E8 (50% v/v), E9(70% v/v) and E10
(100% v/v). To avoid any alterations such as oxidation, the samples
were stored in dark-colored glass bottles at 2–4 °C.

2.2. Experimental setup

For the creation of the plasma, the beam of a 5 ns Q-switched Nd:
YAG laser (Quanta-Ray INDI, Spectra Physics) was used, operating at
1064 nm at a repetition rate up to 10 Hz. The laser beam was focused
on the sample by a 10 cm focal length quartz lens. The emission of the

Fig. 2. Olive oils LIBS spectra obtained in: a) spray, b) thin laminar flow and c) on the free surface of the sample, using a time delay (td) of 1.28 μs and an integration
time (tw) of 1.05 ms.
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plasma plume was collected by using a 2-inch diameter quartz lens and
was introduced to a quartz fiber bundle which was appropriately cou-
pled to a portable spectrometer (Avantes, AvaSpec-2048-USB2, 75 mm
focal length) for spectral analysis. The spectrometer had a 300 lines/
mm diffraction grating and was equipped with a 2048 pixels CCD de-
tector, covering the spectral range from 200 to 1100 nm. The resolution
of the spectrometer was 0.44 nm/pixel. Concerning the temporal gating
conditions for the measurements, the spectrometer allowed a minimum
time delay (td) of 1.28 μs, and a minimum integration time or gate

width (tw) of 1.05 ms. For each olive oil sample, 10 consecutive laser
shots were performed and averaged, corresponding to one LIBS mea-
surement. Then, 30 such independent measurements were performed to
provide a statistically significant basis for treatment and further sta-
tistical evaluation.

In order to optimize the plasma formation conditions regarding its
emission and their subsequent effect on the machine learning based
classification algorithms, three different experimental configurations
for handling the olive oil samples were realized and investigated in
detail. They are schematically depicted in Fig. 1. As shown, the olive oil
samples were used for the plasma production: a) in spray form, b) in a
thin filament laminar flow and c) creating the plasma plume at the free
surface of a resting oil sample. In the first case, the plasma was induced
by focusing the laser beam in an oil spray, which was formed by flowing
atmospheric air (delivered by a atmospheric air compressor, allowing
pressures as high as 5 bars) through some olive oil placed in a glass
bottle employing the Bernoulli principle. In the next configuration
tested, the plasma was formed at the surface of a filament-like thin
laminar flow, while in the third configuration, the plasma was produced
on the free surface of an olive oil sample placed in a small glass re-
cipient. The results for each experimental configuration were taken
independently and were treated also separately.

In all three experimental configurations, the optimum temporal
conditions for the gating of the CCD detector (i.e. delay time and gate
width) were determined, aiming to obtain the stronger emission (i.e.
spectral lines) and the minimum continuum background and assess
their effect on the subsequent classification. In addition, for all the
experimental configurations studied, different laser energies were em-
ployed aiming again to optimize and evaluate their effect on the clas-
sification. In the case of the olive oil spray, different air pressures were
tested too. The obtained LIBS spectra with all the three experimental
configurations were then used as inputs for the machine learning al-
gorithms that are considered in the present investigation.

2.3. Data analysis

For the analysis of the LIBS spectroscopic data the open-source
machine learning Python library Scikit-learn [35] was used and two
widely used algorithmic approaches were employed, the Principal
Component Analysis (PCA) and the Linear Discriminant Analysis (LDA).
These techniques were chosen because they have been used in several
studies concerning the combination of LIBS with machine learning al-
gorithms for classification purposes [36–42] but have not been em-
ployed, to the best of our knowledge, for the classification of olive oils
by means of LIBS spectra.

Briefly, Principal Component Analysis (PCA) is an unsupervised
machine learning technique known for its efficiency for dimensionality
reduction of large data sets without losing much information. To ac-
complish this, PCA uses an orthogonal transformation to convert the
initial dataset (i.e. the LIBS spectra in the present case) into a set of
uncorrelated variables, namely the Principal Components, where the
first principal component has the largest possible variance, and each
succeeding component, in turn, has the highest variance possible under
the constraint that it is orthogonal to the preceding components. These
variables can be plotted and, thus, the original dataset can be visualized
based on its variance, providing a simple way for the visual inspection
of the classes.

The second algorithm used was the Linear Discriminant Analysis
(LDA). LDA is a supervised machine learning technique which is used

Fig. 3. Olive oil LIBS spectra obtained at different laser energies (with
td = 1.28 μs and tw = 1.05 ms) in: a) spray, b) thin laminar flow and c) on the
free surface of the sample.
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Fig. 4. PCA score plots considering (a) PC1 and PC2, and (b) PC1, PC2 and PC3, resulted from the sprayed olive oils LIBS spectra, using td = 1.28 μs and
tw = 1.05 ms.
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for discrimination of different objects to a finite number of classes. The
method maximizes the ratio of the between-class variance to the within-
class variance. This is achieved through a classifier with a linear deci-
sion boundary, generated by fitting class conditional densities to the
data and using Bayes' rule. The LDA model fits a Gaussian density to
each class, assuming that all classes share the same covariance matrix.
The fitted model can also be used to reduce the dimensionality of the
input by projecting it to the most discriminative directions. Here, LDA is
used to create a predictive model that can classify the olive oil LIBS
spectra to classes. The model was trained and validated by10-fold cross-
validation technique, where 30% of the original data was kept out of
the training set and used for testing the algorithm. The selection is
random every time, so different number of observations from each class
are selected for the prediction procedure.

Since the training needs of the algorithm can be demanding, ne-
cessitating a relatively high-end computer, in order to keep the com-
putational needs at the level of common desktop computer an alter-
native approach was followed, according to which, at first, a reduction
of data dimensionality was achieved by the PCA algorithm. Then, the
obtained principal components (PCs) were used as input for the LDA
algorithm. Following this procedure, the accuracy of the algorithm was
dependent on the number of PCs used for training. Regarding this,
several numbers of PCs were tested as input in the LDA algorithm. More
precisely, the number of PCs tested were ranged from 50 to 200, with
explained variance ratios (i.e. the ratio between the variance of that
principal component and the total variance) ranging correspondingly
between 85 and 99%. The obtained classification accuracies with LDA
were determined to be about 75–80% for 50 PCs, while attaining much
higher accuracies when using 150 PCs. Using a desktop computer, the
time needed for training an LDA model and using the raw data as input,
it was about few seconds, while when using the PCs as inputs, the re-
quired time was reduced to half. In fact, PCA is a very light, compu-
tationally, algorithm and the resulting principal components (PCs) are
much less than the original dataset; therefore, LDA is able to be trained
with much less inputs requiring approximately 10 times less compu-
tational power, without losing a significant amount of information from
the original dataset.

3. Results and discussion

3.1. LIBS spectra of olive oils

In Fig. 2a, b and c the LIBS spectra of the olive oil samples obtained
using the three different experimental configurations of sample hand-
ling are presented, using a time delay (td) of 1.28 μs and an integration
time (tw) of 1.05 ms. Several observations can be done by examining
these LIBS spectra. As can be seen, they are quite similar, implying that
their use for classification purposes is rather limited. In addition, they
exhibit some spectral features that are common in the LIBS spectra of
several organic materials. Specifically, the spectral lines of atomic hy-
drogen Hα and Hβ, the atomic oxygen O (I) and nitrogen N (I) lines as
well as the C2 and CN molecular emissions appear to be the strongest
characteristic features dominating the LIBS spectra of olive oils. Under
these conditions, machine learning algorithms can offer valuable sup-
port for the classification of such spectroscopic information, in view of
revealing hidden or not easily observable similarities and/or differ-
ences. In fact, the use of machine learning approaches becomes ne-
cessary and indispensable in order to extract and/or classify such
spectroscopic information.

3.2. LIBS experiments in air-sprayed olive oil samples

For all the experimental configurations examined in the present
study, the effect of the laser energy on the emission of the plasma was
investigated as well, aiming to quantify its influence on the classifica-
tion results. So, briefly, in the case of sprayed olive oil configuration,
LIBS spectra were taken using laser energies of 80, 90, 100 and 110 mJ
per pulse respectively. The laser energy of 80 mJ was found to be the
about the minimum laser energy required for plasma formation under
the given focusing conditions employed, while at the energy of 110 mJ,
emissions arising from the atmospheric air constituents (i.e., oxygen,
nitrogen) were becoming clearly observable, contributing significantly
to the acquired olive oil LIBS spectra. As can be seen in Fig. 3a, both the
continuum background and the spectral lines intensities were found, in
general, to increase with the laser energy.

In order to select the most suitable laser energy for the LIBS spectra
that will be used as inputs for the classification algorithms, special at-
tention has been put in order to minimize splashing (during the inter-
action of the sample with the high energy laser beam) and ensure a
good signal-to-noise-ratio (SNR) simultaneously. In that view some
compromised was done, since these two requirements depend oppo-
sitely on the laser pulse energy (i.e., increasing laser energy more
splashing is produced, but a better SNR, at least up to some energy,
since beyond this energy self-absorption might occur).

In Fig. 4a the PCA scores plots using Principal Component 1 (PC1)
and Principal Component 2 (PC2) are shown for the different laser
energies used in the case of sprayed olive oil samples. As can be seen, a
pattern formation indicating similarities or differences between the
samples is hardly observable. Only in the case of laser energy of 80 mJ
the formation of some clustering was observed corresponding to the
discrimination of the virgin olive oil samples from the adulterated ones.
However, the E1 sample is observed to be faulty classified with the
adulterated oil samples. It is worth to mention that the construction of
similar 3D score plots, using the three major PCs, instead of two PCs,
did not improve enough the clustering, as can be seen in Fig. 4b. The
contribution (%) of each Principal Component, corresponding to the
major spectral features of the LIBS spectra is shown on the axes' labels

Fig. 5. Loadings plots for the first three Principal Components obtained from
the LIBS spectra of the sprayed olive oil samples using td = 1.28 μs and
tw = 1.05 ms.
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Fig. 6. a) 2D and b) 3D score plots obtained from LDA analysis, for the first two and three Canonical Variables respectively, employing the LIBS spectra of the sprayed
olive oil samples obtained at different laser energies using td = 1.28 μs and tw = 1.05 ms.
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Fig. 7. (a) LIBS spectra obtained using 1 and 2 bars air pressure for the spray. The corresponding (b) PCA scores plot and (c) LDA canonical variables plot.

Fig. 8. 3D plots of the evolution of the LIBS spectra obtained in spray, for different delay times td, at three integration times tw: a) 1.05 ms, b) 2.55 ms and c) 4.05 ms
respectively.
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of these plots. In Fig. 5, the loading plots for the first three PCs, i.e.,
PC1, PC2, PC3, are presented, in the case of the plasma created in the
sprayed olive oil samples, using td = 1.28 μs and tw = 1.05 ms. In
general, it should be kept in mind, that the loadings' values relate the
PCs with the original data and describe the significance of the spectral
features for each PC. For instance, in this case, the explained variance
for the first three PCs is 82.1%. More specifically for PC1, which has an
explained variance of 79.1%, it becomes obvious that the CN band, the
hydrogen's Hα spectral line, together with the nitrogen (N(I)-744 nm)
and oxygen (O(I)-777 nm) lines have the most significant contributions,
compared to the contribution carried by the entire spectrum. Con-
cerning the PC2, which presents an explained variance of 1.8%, the CN
and C2 bands' contributions are compensated almost entirely by the
oxygen and nitrogen emissions, while for PC3, which has an explained
variance of 1.2%, the Hα and Hβ contributions are counterbalanced by
the CN and C2 band emissions as well as the oxygen's and nitrogen's

ones.
Then, the LDA algorithm was applied, using the principal compo-

nents (PCs) previously determined by PCA in order to examine again
the formation of any samples' classes.

As can be seen from the LDA canonical variable plots presented in
Fig. 6a and b, the results obtained using the LDA algorithm are excellent
in terms of both the classification accuracy and the canonical scores
plots for all laser energies employed here, attaining values as high as up
to 100%. In more detail, the classification accuracies for the laser en-
ergies of 80, 90, 100 and 110 mJ were determined to be
(99.0 ± 3.0)%, (99.7 ± 1.0)%, (93.3 ± 1.5)% and (94.0 ± 6.3)%
respectively. This finding was further validated by using the cross-va-
lidation method. As shown by the plots of Fig. 6a and b, the samples'
observations form clusters, which are very well distinct from one an-
other. This finding suggests that the LDA algorithm operates much more
successfully than the PCA, at least for the sprayed samples.

Fig. 9. 2D and 3D PCA score plots for the first two and three Principal Components (PCs), obtained from sprayed olive oil LIBS spectra, using tw = 2.55 ms and (a)
td = 1.28 μs and (b) td = 2.28 μs.
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Next, the effect of the air pressure, which was used for the formation
of the spray, on the plasma characteristics and the samples' classifica-
tion accuracies was examined. As an example, in Fig. 7a, the LIBS
spectra obtained using 1 and 2 bars air pressure are depicted, together
with the corresponding LDA canonical variable plots (e.g., Fig. 7b and
Fig. 7c), all measured using td = 1.28 μs and tw = 1.05 ms.

The increase of the air pressure for the formation of the spray re-
sulted in relatively stronger continuum background to the LIBS spectra
and relatively more intense oxygen, nitrogen and hydrogen spectral
lines. However, negligible improvement of the PCA scores plots was
found, while, the LDA canonical variables plot (see e.g. Fig. 7b and
Fig. 7c) attained classification accuracies of (99.7 ± 1.0)% and
(95.0 ± 3.1)% for the 1 and 2 bar pressures respectively. Therefore,
the rest of the sprayed olive oil experiments were conducted using 1 bar
backing pressure.

Next, the effect of temporal gating conditions of the CCD detector
(i.e., the time delay td and the integration time tw) on the plasma

emission and after on the classification results was investigated. In that
view, in Fig. 8a, b, c some representative LIBS spectra obtained at dif-
ferent delay times td, ranging from 1.28 μs to 10.28 μs, and for three
integration times tw, of 1.05 ms, 2.55 ms and 4.05 ms are presented. As
shown, although the intensities of the spectral lines are stronger at the
shortest delay times, the continuum background remains relatively
important, decaying at longer delays (e.g., for after 2.5 μs or 3 μs) re-
gardless the integration time. The LIBS spectra corresponding to the
different experimental conditions were then analyzed by PCA searching
for any pattern formation. As an example, in Fig. 9, the 2D and 3D PCA
score plots for the first two and three PCs respectively are shown, ob-
tained from sprayed olive oil LIBS spectra, using delay times of 1.28 μs
and 2.28 μs, and the same integration time of 2.55 ms. The corre-
sponding 2D and 3D LDA score plots for the first two and three Cano-
nical Variables are shown in Fig. 10. It is therefore evident, from the
simple inspection of Fig. 9 and 10, that the PCA algorithm does not
succeed to cluster the objects, for all the timing conditions tried, while

Fig. 10. 2D and 3D LDA score plots for the first two and three Canonical Variables respectively, obtained from sprayed olive oil LIBS spectra using tw = 2.55 ms and
(a) td = 1.28 and (b) td = 2.28 μs.
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Fig. 11. a) 2D and b) 3D PCA score plots for the first two and three PCs, respectively, for all laser energies tested, using the LIBS spectra obtained from a thin laminar
flow of olive oil, using td = 1.28 and tw = 1.05 ms.
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the LDA algorithm was found to reach excellent classification ac-
curacies attaining values almost up to 100% for the range of values of
the investigated experimental parameters examined, as can be seen in
Table S1 in the supplementary material. It is worth to mention, that the
LDA based classification results were very weakly dependent on the
temporal gating conditions, a finding which is of great importance in
view of using sprayed olive oil samples for oil classification, deserving
more investigation e.g. in a future work. More examples about the effect
of the temporal gating conditions on the classification results are pre-
sented in Figs. S1 and S2 and in Table S1 in the supplementary material
section.

3.3. LIBS experiments on thin laminar flow of olive oil samples

In this case, the plasma was induced on the surface of a thin laminar
flow of olive oil samples, while for the optimization of the experimental
conditions (i.e. laser energy and temporal gating parameters of the
detector) the previously described methodology was employed. Briefly,
the incident laser energy was varied between 80 and 110 mJ. The
plasma emission was found increasing with laser energy while the
continuum background of the LIBS spectra was remaining relatively
low in all cases (see e.g. Fig. 3b and Fig. S3).

For the investigation of the formation of classes under this experi-
mental configuration, the PCA algorithm was initially used with the
LIBS spectra. However, no successful clustering was achieved, as can be
seen in Fig. 11a and b, presenting both 2D and 3D PCA score plots for
the first two and three Principal Components respectively.

In Fig. 12, the loading plots for the first three PCs, i.e., PC1, PC2,
PC3, whose explained variance is 67%, are presented, in the case of the
plasma created on a thin laminar flow of oil, using td = 1.28 μs and
tw = 1.05 ms. By inspecting the upper plot of Fig. 12 for PC1, which has
an explained variance of 61.9%, it becomes obvious that the hydrogen's
Hα together with the nitrogen N (I) lines have the most significant
contribution, compared to the contribution carried by the entire spec-
trum. Concerning the PC2, which presents an explained variance of
2.7%, the hydrogen's Hα, as well as the CN and C2 bands' contributions

are counterbalanced almost entirely by the oxygen and nitrogen emis-
sions, while in PC3, which has an explained variance of 2.4%, Hα and
Hβ contributions are counterbalanced by the CN and C2 band emissions
as well as the oxygen's and nitrogen's.

Then, the LDA algorithm was applied for the laminar flow config-
uration, using the PCs previously obtained from the PCA. Fig. 13a and b
summarize the 2D and 3D canonical variables plots of the LDA algo-
rithm for the different laser energies tested. Again, the implementation
of LDA resulted in successful classification of the LIBS spectra, with
accuracies ranging from 83 to 93%, the objects forming well defined
and separated classes, as shown by the 3D canonical variable plots. The
determined classification accuracies corresponding to the different laser
energies employed (i.e. 80, 90, 100 and 110 mJ) were (85.7 ± 6.7)%,
(92.7 ± 5.3)%, (83.3 ± 8.2)% and (87.0 ± 10.3)% respectively (see
also Table S1). Based on the above classification results the laser energy
of 90 mJ was chosen for the rest of the experiments using the laminar
flow configuration.

Next, the effect of the temporal gating conditions of the CCD de-
tector on the classification results was investigated modifying the tw

and td parameters and examining the corresponding 3D plots as those
depicted in Fig. S3 of the supplementary material. The results obtained
showed that the LIBS spectra exhibited sizeable emission and good SNR
for integration times up to 6.05 ms and for different delay times.

In the next, the obtained LIBS spectra were analyzed by means of
the PCA algorithm. However, PCA analysis did not reveal any successful
classification, as can be seen from 2D and 3D PCA score plots for the
first two and three PCs, respectively shown in Fig. 14a and b obtained at
delay times td of 1.28 and 1.78 μs and for an integration time tw of
4.05 ms.

Next, the LDA algorithm was applied on the same LIBS data set. As
shown Figs. 15a and b, well separated classes were found to be formed
under all experimental conditions with very good classification ac-
curacies ranging from 91.7 to 98.3%. The detailed results of the effect
of the timing parameters on the classification accuracies are shown in
Table S1. It is important to note that the adulterated olive oil samples
(i.e., E5 to E10), were found being well separated and distinguishable
(more examples of classification using other temporal gating conditions
can be found in Figs. S4 and S5 of the supplementary material).

3.4. LIBS experiments performed on the free surface of olive oil samples

Finally, LIBS experiments were performed with the laser beam im-
pinging on the free surface of few gr of olive oil sample placed in a glass
shallow recipient, resulting at the formation of a plasma plume at the
surface of the liquid. Again, the optimum experimental and temporal
gating conditions were searched as previously, i.e. using different laser
energies (i.e., ranging from 80 to 110 mJ) and by examining 3D plots as
those depicted in Fig. 8 (see, e.g. Fig. S6 of the supplementary mate-
rial), for the selection of the optimum temporal gating parameters td

and tw. It is interesting, that using this sample handling configuration,
the continuum background of the LIBS spectra was greatly reduced
while the emission from the plasma was found to be stronger for all
laser energies employed compared to the previous configurations (i.e.
the spray and the thin laminar flow).

Following the same procedures as in the other cases, at first PCA
was applied in order to determine the suitable laser energy for classi-
fication of the spectra into classes. Again, the PCA results were very
poor, no successful classification being achieved, except for the case of
the lowest energy used (i.e. the 80 mJ), where some limited, but still

Fig. 12. Loadings plots for the first three Principal Components obtained from
the LIBS spectra performed using the laminar flow configuration, using
td = 1.28 μs and tw = 1.05 ms.
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Fig. 13. a) 2D and b) 3D LDA Canonical Variables plots for the first two and three Canonical Variables, respectively for all laser energies tested, using the LIBS spectra
obtained from a thin laminar flow of olive oil, using td = 1.28 and tw = 1.05 ms.
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not satisfactory, clustering of the LIBS spectra was obtained, as shown
by the 2D and 3D PCA score plots for the first two and three PCs pre-
sented in Fig. 16a and b. Specifically, for that laser energy, some
clustering is apparent, between the virgin olive oil samples and some of
the adulterated samples (e.g. the samples E9 and E10) (see e.g. upper
left score plots of Fig. 16a and b).

In Fig. 17, the loading plots for the first three PCs, (i.e., PC1, PC2,
PC3) are presented, in the case of plasma created on the surface of olive
oil samples, using td = 1.28 μs, tw = 1.05 ms and a laser energy of
80 mJ. A shown from the upper plot of Fig. 17 for PC1, which has an
explained variance of 36.1%, it becomes obvious that the CN and the C2

bands, together with hydrogen's Hα line have the most significant
contribution, compared to the contribution carried by the entire spec-
trum, while there is almost negligible contribution from oxygen's and
nitrogen's spectral lines. Concerning the PC2, which presents an ex-
plained variance of 22.0%, the CN bands' contributions are

counterbalanced almost entirely by the Hα, Ηβ, oxygen and nitrogen
emissions. In the lower plot of Fig. 17, PC3, which has an explained
variance of 3.1%, Hα and Hβ contributions are counterbalanced by CN
and C2 band emissions as well as the oxygen's and nitrogen's emissions.
In this case, the explained variances of the first 3 PCs describe ap-
proximately 61% of the original information.

Next, the LDA algorithm was applied using, as before, as input the
PCs obtained from the previous PCA analysis. The corresponding 2D
and 3D LDA Canonical Variables plots for the first two and three
Canonical Variables resulting from the LDA analysis are shown in
Fig. 18a and b. As can be seen, the accuracy of the LDA algorithm at-
tained classification values as high as100%, for a laser energy of 80 mJ.
Similarly excellent results were obtained for the other laser energies
used as well, i.e. for 90, 100 and 110 mJ, where the classification ac-
curacies were found to be (97.3 ± 2.9)%, (99.0 ± 1.5)% and
(91.3 ± 5.6)%, respectively. Comparing the classifications obtained by

Fig. 14. 2D and 3D PCA score plots for the first two and three PCs, respectively, constructed using the LIBS spectra obtained from an olive oil thin laminar flow, for
tw = 4.05 ms and td = 1.28 μs (a) and td = 1.78 μs (b).
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the two algorithms, it becomes clear that not only the olive oil samples
of different geographical origin are clearly separated and classified but
the adulterated samples (i.e. E5 to E10) are also perfectly distinguished
and recognized as such. Since the classification results were in all cases
excellent, the minimum laser energy of 80 mJ was retained for the rest
of the experiments of this investigation concerning the free surface of
olive oil samples. It should be added, that using the lowest energy of
80 mJ, reduced splashing of liquid sample was achieved.

Then, the effect of the temporal gating conditions, td and tw, was
searched by collecting and analyzing the corresponding LIBS spectra by
means of the 3D plots as those shown in Fig. S6. From this analysis it
was concluded that for longer integration times tw, the continuum
background was greatly reducing, while the spectral emissions corre-
sponding to the C2 bands, were appearing stronger. This observation,
has been verified for different delays (e.g., td = 1.28, 2 and 2.5 μs)
suggesting that C2 molecules should not be initially present in the
sample, but they are formed at later times, being the result of some

chemistry occurring under the high temperature plasma conditions
among the fragments of the large organic molecules present in the olive
oil.

The analysis of these LIBS spectra with the PCA algorithm, as in the
previous cases, did not resulted to any successful clustering as evi-
denced by the 2D and 3D PCA scores plots for the first two and three
PCs presented in Fig. 19a and b respectively. Similarly to the previous
experimental configurations, the LDA algorithm was applied, once
again delivering the best classification results. The obtained classifica-
tion results are shown for all temporal experimental parameters used in
Fig. 20a and b, presenting the 2D and 3D LDA Canonical Variables plots
for the first two and three Canonical Variables respectively. The values
of the classification accuracies achieved for the different time widths
and time delays are presented in Table S1. As can be seen from this
table, increasing the time delay and the time width, the classification
accuracies were found to deteriorate constantly attaining values going
from 100 to 66.3%. This finding implies that the “best” plasma

Fig. 15. 2D and 3D LDA score plots for the first two and three Canonical Variables, respectively, constructed using the LIBS spectra obtained from an olive oil thin
laminar flow, for tw = 4.05 ms and td = 1.28 μs (a) and td = 1.78 μs (b).
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Fig. 16. a) 2D and b) 3D PCA score plots for the first two and three PCs, respectively, constructed using the LIBS spectra created on the surface of olive oil samples,
using different laser energies.

E. Bellou, et al. Spectrochimica Acta Part B 163 (2020) 105746

16



conditions in the case of plasma formed at the surface of the olive oil
sample are the minimum td and tw values allowed by the technical specs
of the instrumentation used.

From the above data analysis several interesting conclusions can be
drawn concerning the use of LIBS assisted by machine learning algo-
rithms for the classification of olive oils and the detection of adultera-
tion. At first, it seems that all three experimental configurations of
handling the olive oil samples provide LIBS spectra which can be
exploited by means of PCA and LDA algorithms, with the latter algo-
rithm delivering significantly better classification. Among the different
laser energies used to create the plasma, the lower energies (i.e. 80,
90 mJ) provided the highest accuracies for spray and free surface
configurations, attaining classification results ranging from 97.3 to
100%. Correspondingly, the thin laminar flow configuration resulted to
clearly lower accuracies, ranging from 83.3. to 92.7%. It is interesting
that the sprayed olive oil samples resulted in very high accuracies for all
laser energies employed, most probably because of the lack of splashing
effects which occur in the free surface configuration and in the laminar
flow case.

Another interesting observation about the LIBS spectra, is that
higher laser energies resulted to more intense spectral emissions in
general, as expected, but with the spectral features of species associated
to the atmospheric air constituents (e.g., oxygen, nitrogen) increasing
more rapidly than the other emissions related to the olive oil elemental
composition. This effect was observed to be more pronounced in the
experimental configurations of sprayed and flowing olive oil samples.
Most probably, in these cases, some air plasma is inevitably formed in
the plume its intensity increasing faster than that of the plasma arising
from the liquid sample. In the case of free surface experiments, this was
avoided by focusing the laser beam slightly behind the free surface, thus
reducing to large extent this effect, which however did not constitute a
problem for the subsequent machine learning treatment of the obtained
LIBS data.

Furthermore, in the case of the formation of the plasma on the free
surface of olive oil samples, the resulted LIBS spectra exhibited the
weakest continuum background compared to the two other

experimental configuration, while the emissions of CN and C2 bands
were the more intense spectral features of the entire spectrum.
Correspondingly, in the LIBS spectra of the two other experimental
arrangements, the emissions of H and O atoms seem to be the dominant
spectral features, their origin being most probably associated to the
atmospheric air, as already discussed.

In addition to the above, the effect of the gating parameters of the
CCD detector of the spectrograph (i.e. td, tw) on the classification of the
olive oils was found to be rather weak. In general, it was found that the
classification of the olive oil samples was weakly dependent on these
parameters, thus allowing the use of low-cost portable detectors instead
of expensive ICCDs and eventually, the replacement of the whole
spectrograph-CCD set up by some simpler and even less expensive
spectroscopic apparatus than the one used here.

In view of the classification algorithms employed, although it was
not among the purposes of the present work to evaluate the different
machine learning algorithms and/or other statistical analysis ap-
proaches (SVM, RFC, NNs, etc.), the LDA algorithm used here was
found to provide very successful classification/discrimination of the
LIBS spectra (observations) into classes, achieving classification ac-
curacies as high as 100%, being a remarkable finding. According to the
present results, the use of spray delivered the best classification ac-
curacies, being very weakly dependent on the temporal gating para-
meters and the laser energy. This is of great importance for real life
applications. The use of the free surface resulted also in very good
classification results, achieving classification accuracies as high as
100% being however more sensitive to the laser energy (because of the
deteriorating effects of the splashing) and to the temporal gating
parameters. Lastly, the use of thin laminar flow, provided good and
acceptable classification results, however not as good as the previous
experimental configurations.

4. Conclusions

In the present work, several olive oil samples were studied using
LIBS (Laser Induced Breakdown Spectroscopy) technique. Their LIBS
spectra were processed for classification purposes using two algorithms,
namely the Principal Component Analysis (PCA) and the Linear
Discriminant Analysis (LDA). In order to determine the best way to
handle the olive oil sample and how it affects the LIBS created plasma
three different configurations were tested, namely olive oil spray, thin
laminar flow and the free surface of liquid olive oil. The effect of these
configurations and the experimental parameters (such as the laser en-
ergy, the delay time td and the integration time tw) on the LIBS spectra
and the subsequent classification of the olive oils by PCA and LDA were
thoroughly studied and assessed. The use of olive oil spray delivered the
best classification results, with accuracies attaining values as high as
100%, for a very large range of experimental parameters, followed by
the free surface configuration which also delivered extremely good
results, however, for a narrower range of experimental parameters.

Finally, the use of the Linear Discriminant Analysis-LDA approach of
the olive oils LIBS spectra has succeed to successfully classify the dif-
ferent oil in terms of their geographical origin and the degree of
adulteration. Interestingly, the LDA algorithm, was found to achieve
exceptional classification accuracies under all the experimental con-
figurations and conditions tested here. The most important conclusion
of this study however, is that for the first time, to the best of our
knowledge, the combination of LIBS technique with some simple ma-
chine learning algorithms can provide a powerful tool for classification

Fig. 17. Loadings plots for the first three Principal Components obtained from
the LIBS spectra obtained from the free surface of the samples using
td = 1.28 μs and tw = 1.05 ms.
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Fig. 18. (a) 2D and (b) 3D LDA Canonical Variables plots for the first two and three Canonical Variables, respectively, constructed using the LIBS spectra obtained
from the surface of olive oil samples, using different laser energies.
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Fig. 19. Effect of the temporal gating parameters on the (a) 2D and (b) 3D PCA results when the plasma was created on the free surface of the sample.
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Fig. 20. (a) 2D and (b) 3D LDA Canonical Variables plots for the first two and three Canonical Variables, respectively, constructed using the LIBS spectra created on
the surface of olive oil samples, for the different temporal gating parameters tested.
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of virgin olive oils in terms of their geographical origin and the degree
of adulteration (with pomace oil in the present study). Further research
is currently performed using a much larger number of Greek virgin
olive oil samples, which will allow the more complete evaluation of the
present results.
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