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Artificial Intelligence approaches for fast and
portable traceability assessment of EVOO

Abstract— Extra virgin olive oil (EVOO) represents one of
the first-choice products made in Italy for its high quality and
use in the Mediterranean diet. The aim of this study was to
evaluate the effectiveness of a portable VIS-NIR open-source
spectroscopic system coupled with an artificial intelligence
model for the rapid determination of EVOOs traceability.
Reported results for EVOO traceability, with respect to
different degrees of aggregation (EU and extra-EU, Italian and
foreign and Italian areas of membership), show excellent
performances of artificial intelligence models and indicate a
valid rapid and low-cost method of analysis for combating
EVOO counterfeiting.
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l. INTRODUCTION

Extra virgin olive oil (EVOO) is one of the most important
ingredients in the Mediterranean diet, being used by most
countries in the Mediterranean basin due to its excellent
qualities and sensory properties attributable to the fruits of the
olive tree (Olea europaea L.) [1]. The price of EVOO is on
average 4-5 times higher than that of other vegetable oils. This
is due to the higher production costs and its higher nutritional
and organoleptic properties. In principle, therefore, the higher
cost should help ensure high quality standards [2]. However,
within a globalized market, this product is subject to
continuous counterfeiting; therefore, it is necessary to raise
consumer awareness of the peculiarities and qualities that
distinguish “Made in Italy” from other products. Useful tools
to combat counterfeiting are those that ensure traceability [3],
or the “possibility of reconstructing and following the path of
a food at all stages of production, processing and distribution”
[4]. It is important to use accurate analytical methods that can
guarantee the authenticity and traceability of foods, especially
for those presenting high quality and economic value such as
extra virgin olive oil. Several analytical techniques have been
developed over the past decade to aid in the identification of
olive oil, and about 200 compounds, out of hundreds, have
proven useful as compositional markers for the purpose of
EVOO traceability. The compositional markers include both
major and minor components. State-of-the-art approaches to
EVOO traceability for geographic origin assessment include
determination of major components (e.g., triglycerides and

fatty acids), stable isotope ratios (e.g., 13C/12C in
combination  with  180/160), and  multi-element
characterization through the application of various

multivariate statistical techniques and artificial intelligence
(Al). Those commonly used for data analysis are cluster
analysis, multidimensional scaling, artificial neural networks
(ANNSs), and partial least squares discriminant analysis
(PLSDA) [5]. Among the various techniques to identify the
authenticity and traceability of EVOO, there are non-
destructive solutions such as infrared spectroscopy (IRS). The
combination with machine learning techniques has been used
satisfactorily for authentication and screening of olive oil
[5,6]. As reported by Sayago et al. [7] machine learning
algorithms have been used to build classification and
prediction models to determine variety and geographical
origin of olive oils collected from different locations in the
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province of Huelva (Spain). In the work of Funes et al. [8]
neural networks were used to analyze the NIR spectra of the
oil must as it exited the horizontal decantation centrifuge and
the flows and temperatures of the oil and addition water in
order to control the quality of the EVOO. In that work all
designed networks showed very good performances. Another
work showed the effectiveness of artificial neural networks to
track the authenticity (according to variety, origin and cut) of
Taggiasca Ligure, a renowned Italian EVOO. Neural
networks enabled the identification of specific markers of
authenticity namely cholesterol derivatives and phenols [9].
The purpose of this work was to assess the actual geographic
origin of EVOOs labeled on the market as Italian and to test
the potential efficiency of an open source Al-powered VIS-
NIR device for traceability purposes. Indeed, the device could
produce results for olive oil authentication (by variety and
origin) and fraud detection in a fraction of the time and
potentially on a much larger number of samples than
conventional analytical methods. In detail, the study pursued
the objective of analysing the geographical origin of 203
EVOO samples produced between 2018 and 2020 with
respect to three different degrees of aggregation: 1) EU vs
non-EU 2) Italian non vs non Italian 3) Italian areal
distribution. This was done by collecting the optical spectra of
EVOOs and analysing them through an ANN. To investigate
a broader range of optical frequencies, two portable
spectrometers were used.

Il.  MATERIALS AND METHODS
A. Evoo samples

To determine the EVOO traceability, in this study a total of
203 samples of worldwide EVOOs were collected and the
Italian ones came from different part of Italy (North, Centre,
South, Islands). The EVOO samples were analised with two
different VIS-NIR spectrometers (see description below) and
the collected spectra were grouped according to different
degree of aggregation: EU and EXTRA-EU, Italian and
foreign and according to different Italian areal distribution.

B. loT Spectrometers

Oil samples were analyzed with two VIS-NIR spectrometers:
Lumini C (My spectral LTD., Cambridge, MA, USA) for
tasks 1) and 3) and the SCIO™ (TM in apice) by consumer
physics, for task 2). The SCIO™ spectrometer: a low-cost
ready-to-use, pocket-sized sensor that uses a short
wavelength NIR range (Figure 1).

Fig. 1. VIS-NIR spectrophotometer SCIO™

The collected reflectance signal covers a range of 740-1070
nm. For each sample, 15 spectral replicates were acquired and



then averaged. The device uses Bluetooth wireless
technology to communicate with a smartphone and the
“SCIO Lab” app. The spectral data were sent to cloud server
by “SCIO Lab” app and can be exported via SCIO web portal
experiment in a CSV format and transferred to an excel sheet
for analysis.

The ultra-compact VIS-NIR spectrophotometer shown in
Figure 2 is the Lumini C (Myspectral Ltd., Cambridge, MA,
USA), able to measure spectral reflectance or absorbance. The
device is small, light, low-cost, and open source. The spectral
range covered is 340-890 nm with an optical resolution equal
to 8 nm and wavelength accuracy equal to 0.5 nm. For
appropriate acquisition of the spectral signature, in relation to
the sample reflectance characteristics, the acquisition can be
set at different integration times. A specific Android app has
been developed for the multi-acquiring of spectral data sent by
the Lumini C device and storaged by a local database [5].

Fig. 2. VIS-NIR ultra-compact spectrophotometer Lumini C Myspectral.

C. Machine learning models and feature importance

In order to assign the collected optical spectra to the correct
categories considered, three machine learning models were
built in order to 1) discriminate between EU and non-EU
olive oil, 2) recognize Italian and Foreign EVOOs 3) assign
the correct Italian areal range. In all three cases a single
hidden layer artificial neural network with a given number of
nodes (N) was trained with a given number of epochs (E) and
applied. For the three cases the training was done using the
scaled conjugate gradient back propagation algorithm [10] as
implemented in the deep learning MATLAB (The
MathWorks Inc. MA USA) toolbox, with a threshold on the
gradient equals to 101 and using the mean square error
(MSE) as performance function. For all three cases the
dataset of 203 samples was random partitioned using an 80 to
20 ratio between training and test sets.

Training hyperparameters like N and E are reported in table
1 for the three cases of interest. To interpret the results
obtained the feature importance was also calculated as
described in Navarro et al. [11].

TABLE 1. MAIN FEATURES OF THE MODELS USED.

Parameters EU vs. Italian vs. Areal
EXTRA-EU Foreign distribution
#input 288 331 288
variables
% training set 80 80 80

EU vs. Italian vs. Areal
Parameters EXTRA-EU Foreign distribution
% test set 20 20 20
N. of hidden 10 50 70
layers
Trainin Scaled Scaled Scaled
Functi g. Conjugate Conjugate Conjugate
unction: . . .
gradient gradient gradient
Performance | Mean squared Mean squared Mean squared
function: error error error
Epochs 5000 7000 5000
I1l. RESULTS

From the results obtained from Italian and Foreign EVOO,
through ANN analysis, only 6 samples out of 203 were
misclassified (97.3% correctly classified) (Figure 3). The
spectral range of greatest significance is between 740-900 nm
(Figure 4). The samples that were misclassified belonged to
the three collection campaigns and came from large retailers.

Training Confusion Matrix Validation Confusion Matrix

.1 0 4 0 (]
71.6% 0.0% NaN% NaN%
w o
@ 2
L L
L 1 45 2 0 )
4 0.6% 27.8% F NaN% NaN%
] -
o o
9.4% Na
0.6% NaN
~ Iy po =
Target Class Target Class
Test Confusion Matrix All Confusion Matrix
A 32 2 , e 2
78.0% 49% 72.9% 1.0%
w w
@ @
L -~
9 3 4 9 4 49
F 7.3% 9.8% z 20% 24.1%
3 3
o (=]
8 97.0
12.2% 30

N ~ 9

Target Class Target Class

Fig. 3. Confusion Matrix for training and test set.
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Fig. 4. “Variable impact” on the model (red line), average NIR spectrum of
the analyzed samples (black line). For better comparison all quantities were
normalized to maximum.

In the case study of the traceability of EU and non-EU
EVOO samples, the best results were obtained through the
VIS-NIR Lumini C device. In fact, ANN analysis showed that
all samples were correctly classified (100%), (Figure 5). The
spectral range of greatest significance is between 340-500nm
(Figure 6).
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Fig. 5. Confusion Matrix for the training set and for the test.
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Fig. 6. “Variable impact” on the model (red line), average NIR spectrum of
the analyzed samples (black line). For better comparison all quantities were
normalized to the maximum.

Regarding areal ranges, from the results obtained, through
ANN analysis on spectral data obtained through the VIS-NIR
Lumini C device, only 14 samples were misclassified (93.1%
correctly classified), (Figure 7). The spectral range of greatest
importance is between 330-500 nm (Figure 8). In this study,
14 samples were misclassified; however, this represents a
good result given the complexity of the areas (4 different areas
according to the UNAPROL Handbook — Control Systems
and Compliance with Authenticity and Quality Standards for
Olive Qil and Table Olives). In addition, by increasing the
number of samples, the model can be trained better and have
fewer classification errors.
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Fig. 7. Confusion matrix for the training set and for the test.

Fig. 8. “Variable impact” on the model (red line), average NIR spectrum of
the analyzed samples (black line). For better comparison all quantities were
normalized to the maximum.

IV. CONCLUSIONS

The work enabled the determination of EVOO traceability
through the combined use of spectrophotometry and Al. In
detail, two open-source and inexpensive tools were used that,
compared to other techniques such as chromatography or
chemical analysis, allow results to be obtained in very little
time and with a minimal economic budget. Thanks to the Al
models on the sample matrices, excellent performances were
observed in all three datasets used. The present work
represents a paradigmatic example of an 10T implementation
including a combination of low-cost sensors, cloud computing
and intelligent signal elaboration. It is worth noticing that
VIS-NIR spectrometers are widely cheaper than the far
infrared (FIR) ones. Moreover, even data collection is easier
to perform, since samples do not need to be treated in special
ways. However, the VIS-NIR signal interpretation is far more
difficult due to the presence of noise coming from several
sources included the presence of overtones in the optical
spectrum. As a result, the machine learning part is crucial in
making the workflow efficient, fast and easy-to-use. The
present protocol prototype allows for an autonomous fast
traceability-check by the single EVOO consumer which is free
to choose, and eventually pay a higher prize for an authentic
product. As a result, the sellers become less prone to frauds
and arbitrary increase of prizes. Al-powered spectrometers
can really help to ensure the authenticity and quality of
EVOOs, preventing consumers from the increasing
counterfeits in the EVOO market.
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