
Contents lists available at ScienceDirect

Food Chemistry

journal homepage: www.elsevier.com/locate/foodchem

Short communication

Laser-based classification of olive oils assisted by machine learning
Odhisea Gazelia,b, Elli Belloua,b, Dimitrios Stefasa,b, Stelios Courisa,b,⁎

a Department of Physics, University of Patras, 26504 Rio, Patras, Greece
b Institute of Chemical Engineering Sciences (ICE-HT), Foundation for Research and Technology-Hellas (FORTH), Patras 26504, Greece

A R T I C L E I N F O

Keywords:
Laser-induced breakdown spectroscopy (LIBS)
Olive oil
Acidity
LDA, SVM and RFC algorithmic models
Chemometrics

A B S T R A C T

Olive oil is an essential diet component in all Mediterranean countries having a considerable impact on the local
economies, which are producing almost 90% of the world production. Therefore, the quality assessment of olive
oil in terms of its acidity and its authentication in terms of PDO (Protected Designation of Origin) and PGI
(Protected Geographical Indications) characterizations are nowadays necessary and of great importance for the
market of olive oil and the related economic activities. In the present work, Laser Induced Breakdown
Spectroscopy (LIBS) is used assisted by machine learning algorithms for retrieving of the information contained
in the LIBS spectra to provide a simple, reliable, and ultrafast methodology for olive oils classification in terms of
the degree of acidity and geographical origin. The combination of LIBS technique with machine learning sta-
tistical analysis approaches constitute a very powerful tool for the fast, in-situ and remote quality control of olive
oil.

1. Introduction

Olive oil is an essential diet component in all Mediterranean
countries since prehistoric times (Bendini et al., 2007). Today, about
90% of the world olive oil production comes from the Mediterranean
basin with the European countries producing about 82% of the world
production. Spain is the largest producer with approximately 37% of
the total world production, followed by Italy with 24% and Greece with
22% according to “World Olive Oil Figures” (2018). Along with its
production, the worldwide consumption of olive oil has been sig-
nificantly increased, throughout the last twenty years due to the pro-
motion efforts of the International Olive Council (IOC) and the Eur-
opean Union (EU), highlighting its high nutritional value (Boskou,
2015). Public awareness of health benefits, provided by olive oil, places
it among the most consumed products, having an impact on its market
price. Unfortunately, many traders seek extreme profit by means of
adulteration of olive oil, especially in the case of extra virgin olive oil,
with other vegetable oils of lower quality and value. Oil is naturally
generated within the olive fruit forming triglycerides. Triglycerides
contain three fatty acids, weakly linked by glycerol, which can easily
break liberating the three fatty acids, giving rise to olive oil gradual
degradation (Boskou, 2015). The amount of these free fatty acids, that
are no longer linked to their parent triglyceride molecules, is expressed
by the free acidity, which measures the weight percentage of oleic acid
(which is the main fatty acid present in olive oil). Acidity is the oldest

and most common parameter used for the evaluation of olive oil quality
with analytical means and is considered as a general indicator of the
quality of olive oils, strongly depending on the quality and freshness of
the olives used for the final product.

For quality check of the different types of olive oils several techni-
ques have been used, such as near-infrared reflectance spectroscopy
(Garrido-Varo, Sánchez, Haba, Torres, & Pérez-Marín, 2017), spectral
nephelometry (Elmasry, Kamruzzaman, Sun, & Allen, 2012), pH-metric
determination (Turyan, 1998) and electrochemical impedance spec-
troscopy (Grossi, Lecce, Toschi, & Ricco, 2014). Moreover, other tech-
niques, such as chromatography (Kiritsakis, 1998; Ryan & Robards,
1998; Christophoridou, Dais, Tseng, & Spraul, 2005) and Nuclear
Magnetic Resonance (NMR) (Dais & Hatzakis, 2013; Fragaki, Spyros,
Siragakis, Salivaras, & Dais, 2005; Petrakis, Agiomyrgianaki,
Christophoridou, Spyros, & Dais, 2008; Peng et al., 2019) have been
also used, as they are able to detect adulteration, lower than 1% v/v,
however they require expensive equipment and they are time-con-
suming due to the lengthy sample preparation procedures required. For
this reason, there is an intense need and strong interest for the devel-
opment of simple, fast and reliable analytical techniques for oil acidity
control. Such methodologies can be used to monitor acidity in the
stored olives or extracted olive oil or even to attest the quality of the
product available for consumption in the market (Balesteros et al.,
2007). The former techniques are competitive with the latter ones in
terms of measurement speed, but they also require expensive
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instrumentation and/or exhibit rather low accuracy.
Laser Induced Breakdown Spectroscopy (LIBS) is a laser-based

technique according to which the interaction of powerful enough laser
beam with a sample can induce breakdown, i.e. a microplasma con-
sisting of excited atoms and molecules, electrons and ions (Cremers &
Radziemski, 2006). This plasma emits radiation, which spectroscopic
analysis contains information on the sample’s elemental content
(Couris, Mavromanolakis, & Fotakis, 1998). So, LIBS can provide sig-
nificant information on a sample’s elemental composition on real time,
independently of the physical state of the sample, as the plasma can be
formed in any case. As a result, in principle, solid (Anglos, Couris, &
Fotakis, 1997; Sattmann et al., 1998), gas (Stavropoulos, Michalakou,
Skevis, & Couris, 2005; Michalakou, Stavropoulos, & Couris, 2008;
Letty, Pastore, Mastorakos, Balachandran, & Couris, 2010; Kotzagianni
& Couris, 2012) and liquids (Mülheims, 2004; Palagas, Stavropoulos,
Couris, Angelopoulos, & Kolm, 2007;), conductors or dielectrics, can be
analyzed without time-consuming pretreatment. However, in the case
of organic matter, the spectra of the plasma emission can be very si-
milar, making the extraction of qualitative and/or quantitative in-
formation not a trivial task, as it is for instance the case of identification
of a metallic element in an organic matrix. In this case, statistical
analysis techniques of the data can assist effectively LIBS to unravel
spectral complexity and congestion thus allowing for the extraction of
valuable information about the sample characteristics which, other-
wise, would remain most probably unretrieved. Although LIBS has been
applied recently in food research (Markiewicz-Keszycka et al., 2017),
there are very few works related to the analysis of olive oil (e.g.,
Caceres et al., 2013; Kongbonga, Ghalila, Onana, & Lakhdar, 2014). In
fact, the first study, to the best of our knowledge, concerning LIBS and
olive oil analysis was reported by Caceres et al. (2013). In this study,
some olive oils were studied by LIBS combined with neural network
(NN) techniques. The achieved identification of the tested oils reached a
certainty of more than 95%. Shortly after, Kongbonga et al. (2014),
have used the emission of the C2 Swan bands, obtained from LIBS
measurements on different vegetable oils, for identification purposes. In
the latter work only one parameter was used for olive oil identification.
In the present work, LIBS assisted by machine learning techniques is
used for the first time, to the best of our knowledge, to assess the quality
of olive oil, in terms of the degree of acidity and geographical origin. It
is among the aims of the present work to demonstrate the high potential
of LIBS for food research and control.

2. Materials and methods

2.1. Experimental setup

For the plasma formation the beam of a 5 ns Q-Switched Nd:YAG
laser was focused on the oil sample surface using a 100mm focal length
lens. The laser energy was fixed at about 100mJ. The emitted light
from the plasma was collected by a quartz lens and was introduced to a
quartz optical fiber coupled to the entrance slit of a portable 75mm
focal length spectrograph, having a 300 lines/mm grating and equipped
with a 2048-pixel CCD detector (see e.g. Fig. 1). The spectroscopic
system was covering the spectral range 200–1100 nm. The CCD de-
tector (and its associated electronics) had a minimum time delay of
1.28 μs and a minimum gate width of 1.05ms.

2.2. Oil samples and sample preparation

In the present study, eight olive oil samples of different degree of
free acidity were studied originating from different places within the
regional unit of Rethymno in Crete, Greece. More specifically, the
samples were from north, south, east, west and central Rethymno de-
noted in abbreviated form as NR, SR, ER, WR and CR respectively in the
next. The acidity content (%) of the olive oils was determined according
to the International Olive Council-approved testing methodology (COI/

T.20/Doc. No 34/Rev. 1, in “Testing methods”, 2017) and it was added
to their abbreviated geographical origin name as follows: NR-0.41 and
NR-1.00, ER-0.42, WR-0.48, SR-0.55 and SR-9.42, CR-0.62 and CR-
1.69. The accuracy of the acidity measurements was ± 0.01. For the
needs of the experiments, few grams of the oil sample were placed in a
small glass cell, with its top being free in order to introduce the laser
beam and allowing for the collection of the plasma emission for the
subsequent spectroscopic analysis.

3. Data analysis

The analysis of the data was performed using the open-source ma-
chine learning Python library Scikit-learn (Pedregosa et al., 2019),
while different machine learning techniques were applied and eval-
uated, as for instance Principal Component Analysis (PCA), Linear
Discriminant Analysis (LDA), Support Vector Classifiers (SVCs) and
Random Forest Classifiers (RFCs). These techniques were employed and
assessed in terms of the classification of the data based on the acidity
criterion.

So, initially, the PCA was employed allowing for the reduction of the
dimensionality of the spectroscopic data, maintaining however most of
the original information. In particular, PCA was used for unsupervised
classification and visualization, based on the variance of the LIBS data
(i.e. the spectra). In another approach, the LDA technique was used for
the analysis of the LIBS data. LDA is a very powerful supervised
learning technique which allows for the efficient classification of the
data into classes, based on the distance between them. LDA is mostly
used when there are no a priori hypotheses about the data, and during
an initial exploratory phase of a research. In a sense, LDA analysis
suggests the most significant solution possible. The shorter the distance
of the different classes, more the similarities the samples are exhibiting.

Another algorithm tested for the classification of the LIBS data is the
SVC, according to which each data item corresponds to a point in a N-
dimensional space with the value of each spectral feature being the
value of a specific coordinate. Then, the classification is performed by
finding the hyper-plane that is capable to differentiate the classes the
best. Finally, the RFC algorithm was applied to the LIBS data where
multiple decision trees are being built and merged together to get ac-
curate and stable predictions. Because multiple decision trees are used
and averaged, overfitting is avoided and is a very stable algorithm even
with no hyperparameter tuning.

The prediction accuracy of the models created with the above-
mentioned algorithms was computed using 10-fold cross-validation. In
order to present the predictive capabilities of these models, confusion
matrices are computed for each model. These matrices are produced
using a train-test split method, were the LIBS dataset is randomly split
in two parts· the training set consisting of 70% of the data and the rest
30% of the data is used as a test set.

Fig. 1. LIBS experimental setup.
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4. Results

4.1. LIBS spectra of olive oils

LIBS spectra were collected from all olive oil samples. For each
sample, 10 consecutive LIBS measurements were taken and averaged
corresponding to 1 measurement. Then, 50 independent measurements
were performed to provide the basis for the subsequent statistical
evaluation and treatment. A typical LIBS olive oil spectrum is shown in
Fig. 2a. As shown, both atomic and molecular origin emissions are
present, both arising from the decomposition/atomization of oil che-
mical constituents are observed. So, hydrogen lines Hα, Hβ and Hγ ap-
pear among the most prominent spectral features, followed by an
oxygen O(I) triplet centered at 777 nm (consisting of three spectral lines
at 777.2, 777.4 and 777.5 nm) and some nitrogen N(I) lines at 742.4,
744.2 and 746.8 nm, and a carbon C(I) line at 247.6 nm. Moreover, the
vibrational progressions of the C2 (Swan system) and CN bands are also
among the stronger spectral features, a usual situation in the LIBS
spectra of organic samples (Ma & Dagdigian, 2011).

In Fig. 2b, some representative LIBS spectra of the studied oils are
presented. As shown, they are very similar while it is rather un-
successful any attempt to correlate some of their spectral features e.g. to
the acidity content, the geographic origin of the oil, etc. In other words,
in the present form, they do not exhibit any exploitable characteristics
for classification and identification purposes. In that view, the different
machine learning algorithmic techniques are applied.

4.2. LIBS data treatment with the machine learning techniques

At first, PCA was applied to the LIBS raw data to reduce the di-
mensionality of the data set and facilitate the identification/recognition
of the Principal Components (PCs). The corresponding scores plot is
presented in Fig. 3.

Although the formation of some classes (regarding the geographical

origin and the acidity) is observable based on the distances between
them indicating some similarities and/or differences, the classes do not
separate clearly enough. So, for instance, the classes NR-0.41 and ER-
0.42 are observed to be very close to each other, suggesting increased
similarities, a situation which is should be expected as they have very
similar acidities. Similarly, the classes WR-0.48 and the ER-0.42 were
found lying very close to one another, as having similar acidities and
are originating from neighboring places. The class NR-1 was found to be
clearly separated from the other classes. This finding however can be
attributed to the intensity of the LIBS spectra of this class which were
more intense than those of the other oils’ LIBS spectra, all measured
under identical experimental conditions, thus suggesting a diverging
behavior of this class. The validation of this qualitative observation by
the corresponding scores plot of Fig. 3 worth to be noted.

The loadings plots for the two principal components, i.e. PC1 and
PC2, are shown in Fig. 4. From such plot a spectral line emission can be
correlated with the spectral variance. So, for the PC1, which has an
explained variance of 95.16%, the CN and C2 bands, as well as the
hydrogen’s Hα line play an important role for the separation of the
observations into classes. On the other hand, for the PC2, the dis-
crimination between classes is counterbalanced according to the spec-
tra’s content in C2 versus the H(I), N(I) and O(I) emissions.

After applying PCA on the LIBS data, the resulting principal com-
ponents were used as input for training the LDA algorithm. For visua-
lization purposes, only two canonical variables were used here, but in
order to train the algorithm, as much as 50 variables were selected,
ensuring that most of the original data information will be maintained.
The obtained LDA plot is shown in Fig. 5.

As can be seen, all samples were classified into classes successfully
with great precision, considering that only two canonical variables
were used for this visualization. Once more, NR-1 class exhibited the
largest distance from the other classes, confirming that this extra virgin
olive oil has differences from the other samples. Similarly, the NR-0.41
class was found well separated, while the SR-9.42 and CR-0.62 classes

Fig. 2. LIBS spectra of the olive oil samples.
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Fig. 3. 2D and 3D score plots for the first two and three principal components, respectively.

Fig. 4. Loadings plot for the first two principal componentsi.

Fig. 5. 2D and 3D LDA plots for the olive oil samples.
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were also well distinguished between them and distant enough from the
other classes. Finally, the ER-0.42, WR-0.48, SR-0.55 and CR-1.69
classes formed another cluster, but they are also well separated between
them.

Then, the accuracy of the LDA model was evaluated via cross vali-
dation. An accuracy as high as (99.2 ± 1.5) % was obtained suggesting
the very good efficiency of the LDA for the LIBS data analysis. The

construction of the corresponding confusion matrix shown below, in
Table 1a, proves that all the observations except one were predicted
correctly. For the construction of the confusion matrix, 30% of the
original data were kept out of training and used only for testing the
algorithm. Because the selection is random, different amount of each
class is selected for prediction. This procedure was used for the rest of
algorithms employed in the present work (i.e. SVM and RFC).

Table 1
Confusion matrices for the LDA, SVM and RFC models (green colour denotes correct classification while red
denotes false classification).
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Next, the SVM algorithm with a linear kernel was also implemented
on the data set, in order to discriminate the LIBS data into classes. Prior
to the algorithmic training, PCA was applied to the data in order to
minimize the training time and maintaining the original information
simultaneously. Ten principal components were used in this case for
training, with an explained variance of ~99% from the original high
dimensional data. The accuracy of the model was evaluated again via
cross validation and was found also quite successful reaching
(95.0 ± 3.7)%. The corresponding confusion matrix for the SVM
model is presented at Table 1b. The determined model’s accuracy raised
up to ~91.9%.

Finally, the Random Forest Classifier-RFC algorithm was applied to
the dataset. Again, 10 principal components were used with an ex-
plained variance of about ~98%. The accuracy of the model resulted
from the cross validation was (90.2 ± 4.0) %. The confusion matrix
corresponding to the RFC model is presented at Table 1c.

As shown, LDA, SVM and RFC techniques have all presented ex-
cellent accuracy, better than 90%, being capable to separate success-
fully the olive oil samples into classes. The comparison of these su-
pervised techniques showed that the LDA model is superior to the SVM
and RFC ones, as it allowed the discrimination of all the observations
into classes with an accuracy better than 99%. It is interesting to un-
derline that the highest accuracies have been obtained using the linear
models, i.e. LDA and SVM. This finding can be rationalized by con-
sidering the fact that their outputs are linearly correlated with the input
spectra, so the classification is a linear task. SVCs and RFCs are very
powerful algorithms, and are routinely used in non-linear problems,
however it seems that in the present case of the LIBS spectra of olive
oils, are less successful than their linear counterparts, i.e. the LDA and
SVM models.

5. Conclusions

LIBS assisted by machine learning algorithms has been used for the
first time to the best of our knowledge, for the classification of olive oil
samples in terms of their acidity and geographical origin. Classification
rates resulting in accuracies ranging between 90 and 99.2 % have been
achieved employing different statistical models, the LDA model pro-
viding the most accurate predictions. From the data visualization it is
evident that LIBS coupled to such algorithms constitutes a very pow-
erful tool in food research.
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