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Fast tool based on electronic nose to predict olive fruit quality after harvest
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ABSTRACT

Quality analyses of oil from olive fruit are performed according to regulated procedures and in accredited la-
boratories that are usually separated from the oil mill. These analytics include organoleptic features involving
smelling by human experts. Therefore, oil features depend on the physicochemical conditions of the harvested
fruit. An automatic and non-invasive system for monitoring and controlling the process in postharvest stages
could optimize the quality of the processed oil. To validate this hypothesis we proposed a methodology based on
an electronic nose sensor and pattern recognition algorithms to predict the quality of the oil to be processed from
measurements on freshly harvested olive fruit. The pattern recognition algorithms applied were the Naive Bayes
(NB) classifier, the partial least squares discriminant analysis (PLSDA) and a multilayer perceptron (MLP) ar-
tificial neural network. Using the measurements performed on 82 samples of olives, the best result was obtained
with the MLP network, with 90.2 % success obtained in the classification of the virgin and extra virgin olive oil
quality by applying 10-fold cross-validation. Integration of this methodology to virgin olive oil production allows

prediction of the quality of the final oil from the olive fruit received from the farmer.

1. Introduction

The production and consumption of olive oil continues to increase;
production between 2009 and 2019 seasons increased by 8.4 %, ac-
cording to the International Olive Oil Council (I0C), 2018. The world
consumption of olive oil also increased by 9% over this time, reaching 3
million tons, including consumption of extra virgin oil. This trend is
making the implementation of quality control systems in oil mills a
necessity. For this purpose, different technologies have been studied in
the scientific literature (Aguilera Puerto et al., 2019; Navarro Soto
et al., 2018 Martinez Gila et al., 2018; Beltran Ortega et al., 2016).
However, actual implementations in oil mills are still scarce.

The production of olive oil is carried out in the mills through a series
of mechanical processes. Basically the process consists of the following
phases: harvest phase, reception of the olives at the mill, cleaning of the
olives, weighing, grinding of the fruit to make a paste, shaking the
paste, decanting the oil by centrifugation, cleaning of the decanted oil,
and then storage in stainless steel tanks. Each time a tank is filled, the
oil mill master takes a sample of oil and sends it to an accredited
chemical laboratory for quality analysis. The product is labeled from
lower to higher quality such as lampante, virgin or extra virgin based on
the results.
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The criteria that establish the quality of the oil are regulated at
European level (Reg. CE 1348/2013) and the parameters obtained from
each oil sample are physical-chemical and sensory. While the former
are related to the oxidative stability of the oil, the latter are based on
the sensory perception of a group of 8-10 expert tasters called panelists.
The procedure to follow consists basically in smelling the oil and issuing
an assessment according to a methodology that is standardized and
documented in (IOC, 2018). The highest quality (extra virgin olive oil)
is assigned to an oil when there is a total absence of defects (Table 1).
The most frequent defects are fusty, muddy, moldy, winey and rancid
and most are related to the state of the fruit after harvesting and before
being ground (Angerosa et al., 2004; Lerma-Garcia et al., 2010).
Moreover other variables can affect to the aroma fingerprint of the olive
oil such as the manipulation process of the oil (Reboredo-Rodriguez
et al., 2013b, 2014) or the cultivar (Reboredo-Rodriguez et al., 2013a).

For example, injury of olive skin during harvest or during loading
and unloading can result in fermentations that result in ethanol, ethyl
acetate and acetic acid that is transmitted directly to the oil (Morales
et al., 2005). This is also more likely to occur in olives with a high
maturity index. Fig. 1 shows an example of fruit of different healthy and
maturity conditions. The olives Fig. 1A produce an oil of worse quality
than those in Fig. 1B. There may also be lots containing olives of both
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Table 1
Parameters to classify olive oils according to their quality.

Parameter Extra Virgin Olive Oil Virgin Olive Oil Lampante Olive Oil
Physiochemical parameters Acidity =0.8 =20 >2

Peroxides Index =20 =20 > 20

Ka3o = 2.50 =2.60 —

Ka7o < 0.22 <0.25 —

AK =0.01 =<0.01 —
Organoleptic parameters Defect Median 0 =2.50 > 25

Fruity Median >0 >0 —

Fig. 1. Olive fruit in different healthy conditions; A. fruit with loss of turgidity
and injury, and B. fruit in good condition.

kinds. The number of analysis of this type that the mill performs is
limited due to its cost (around 50 € the analysis) and the time to obtain
the results may take 1 or 2 days. Therefore, there is interest in sensor
technology such as the electronic nose that could be installed in the
process line to quickly determine lots of defective olives and thus pre-
vent the oil produced by them from being mixed in the same tank with
high quality oil.

Electronic noses are electromechanical systems formed by a
chamber or array of gas sensors and a pneumatic circuit that conducts
the air including volatiles, from the product to be analyzed to the sensor
chamber (Zhang et al., 2018). The sensors generate an electrical signal
in the presence of certain molecular chains. In this work the electronic
nose PEN3 (Airsense) was used to detect defects in oils and olives. In the
scientific literature we can find the use of this same nose to classify
kiwifruit (Ma et al., 2014), and plants (Wang et al., 2019a,2019b) ac-
cording to their geographical origin, for detecting the freshness of the
strawberry during storage (Xing et al., 2018), classifying apples based
on their cultivars (Wu et al., 2017), detection of adulterants (Wang
et al., 2019a,2019b), and contaminations (Concina et al., 2009). Elec-
tronic noses also have been applied to the detection of fungal con-
taminations and infestations (Liu et al., 2019; Wen et al., 2019), to
assess quality (Jiang and Wang, 2016; Raigar et al., 2017) and of fruit
maturity (Chen et al., 2019; Huang et al., 2017).

This type of sensor has been used for classification by quality, de-
termination of geographical origin, detection of adulterations and
analysis of olive oil deterioration caused by external factors (Majchrzak
et al., 2018). Several studies have used sensors to classify high and low
quality oils (Gonzalez Martin et al., 2001, 1999; Guadarrama et al.,
2001a, 2001b; James et al., 2004).

The integration of this non-invasive technology in the production
process of virgin olive oil can be useful to predict potential quality from
the fresh olive fruit. Our hypothesis is that an electronic nose can
identify two qualities of olive oils (extra virgin and virgin) on the basis
of measurements on olive fruit and on the oil produced from the same
olive fruit. To validate this hypothesis, a methodology based on ma-
chine learning is proposed in this work to evaluate differences in aro-
matic profiles between both classes. The result would be an automatic
system that can predict the quality of the oil from the analysis of the
incoming olives.

2. Materials and methods
2.1. Olive fruit samples

The sampling of olives was carried out in Jaén, Spain, in the facil-
ities of the Picualia mill (www.picualia.com) during the olive harvest in
November 2017 to February 2018. 82 lots of olives of 1 kg per lot were
collected from a farm at approximately one day intervals. The quality of
the olive lots at the beginning of the campaign was higher than the end
of campaign according to the maturity index of the fruit. More ad-
vanced maturation indexes involve soft olives whose tissue can be
broken in harvest or in transport phase and cause loss of quality in the
lot. The flow of samples is shown in Fig. 2.

The olive lots were divided in three batches of 300 g and the elec-
tronic nose measurements were performed three times per batch. Once
the sensory response of the olive batch was obtained, it was trans-
formed into oil using the Abencor system, a small-scale of the olive oil
production process, consisting of an olive grinder, a small blender and a
small centrifuge. The beating time was 10 min and the beating tem-
perature was 30 °C. The oil was also introduced into the electronic nose
system to obtain the sensory response of the oil from each batch. In
addition, this oil was sent to the accredited CM Europe laboratory
(www.cmeuropa.com) to carry out the official quality analysis. Of the
82 oil samples analyzed, 57 were classified as extra virgin and 25 as
virgin. The results of this analysis are shown in Table 2.

2.2. Experimental setup

Analyses were performed using the electronic nose PEN3 (Airsense
Analytics GmbH, Schwerin, Germany), a compact
(92 x 190 x 255mm) and lightweight (2.3kg) portable olfactory
system, consisting of a gas sampling unit and a sensor array. Using a
software (Win Muster v. 1.6.2), the PEN3 allows acquisition, visuali-
zation and analysis of the data and works using filtered ambient air
during the cleaning step or dilute gas during sampling with a maximum
flow rate of 600 mL/min.

The integrated sensor array is composed of 10 different thermos-
regulated (200-500 °C) metal oxide thick film sensors (MOS) positioned
in a very small stainless steel chamber (volume: 1.8 mL, temperature:
110°C) and sensitive to different classes of chemical compounds
(Table 3). The selectivity of the sensors is influenced by the sensing and
the dopant materials employed, and by the working temperature and
sensor geometry.

Each measurement process involved two stages. The first stage was
the cleaning process where the air passes through an activated carbon
filter before entering the sensor array. In the second stage, air also
passes through an activated carbon filter and through the sample, and
then through a moisture and particle filter, finally arriving at the sensor
arrays. When the volatile compounds of the sample react with the
sensing film of the sensor surface, there is an oxygen exchange with a
decrease in electrical conductivity, detectable by a transducer element
(electrode) attached to each sensor.

Fig. 3 shows the experimental setup for olive fruit batches and oil
samples respectively. For each batch a sample of 250 g of fruit or 5 g of
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Fig. 2. Flow of samples from the mill to the laboratory.

The results of the analyses in an accredited laboratory and according to the IOC

regulations.

Number of samples

Default medium

57
18
7

Quality Predominant defect
Extra Virgin No defect

Virgin Moldy

Virgin Winey

2.25
2.61

oil was selected. The samples were placed in a glass container (1 L),
which was then covered with parafilm. The tubes were kept at 25 °C for
8 min. For oil samples the procedure was similar, except that they were

heated to 30 °C.

The electronic nose operating conditions during the measurements
were established as follows: the pre-sampling time was 10s, the mea-
surement time was 70 s, the sampling time was 1 s, the flush time was
50 s, the zero point time was 10 s and finally the chamber and injection
flow were set at 400 mL / min.

Table 3

3. Results and discussion
3.1. Features extraction

Measurement of each sample made with the electronic nose is a
transient time curve reflecting the electrical resistance value for each of
the MOS included in the chamber. Each of the transient responses ob-
tained was normalized based on the final resistance value obtained
from each sensor after the cleaning process of the sensor chamber. The
normalized transient response was formalized in the hypermatrix x,{j’s'f}"
(Eq. 1) for the olive samples and in the hypermatrix x; (Eq. 2) for oil
samples.

Sfruit

Sfruit __ RW,S,t

n,s,t — 0
Rus €h)
oil

oil _ nsit

X,

n,s,t — 0
Rn,s

(2

where Rnf,';fi’ y RS, is the absolute resistance value read from the sensor
s for olive and oil samples respectively, for the sample n and at the

Metal oxide thick film sensors (MOS) in the sensor array used in the experiment and sensitivities and detection limits for specific organic and inorganic gases. MOS:
Metal oxide thick film sensors. n.d.: not detected.

Sensor number

Sensor name

Sensor description and sensitivities

Detection limits

H O 00N U A WN K

o

WicC
W5S
W3C
W6s
W5C
Wi1s
WIiw
W2Ss
W2w
W3s

Aromatic organic compounds.

Very sensitive, broad range sensitivity, reacts to nitrogen oxides, very sensitive with negative signals.
Ammonia, also used as sensor for aromatic compounds.

Detects mainly hydrogen gas.

Alkanes, aromatic compounds, and non-polar organic compounds.

Sensitive to methane. Broad range of organic compounds detected.

Detects inorganic sulfur compounds. Also sensitive to many terpenes and sulfur containing organic compounds.
Detects alcohol, partially sensitive to aromatic compounds, broad range.

Aromatic compounds, inorganic sulfur and organic compounds.

Reacts to high concentrations of methane and aliphatic organic compounds.

Toluene, 10 mg/kg
NO,, 1 mg/kg
Benzene, 10 mg/kg
H,, 0.1 mg/kg
Propane, 1 mg/kg
CH4, 100 mg/kg
H,S, 1 mg/kg

CO, 100 mg/kg
H,S, 1 mg/kg

n.d.
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Fig. 3. Experimental setup for measurements on A. oil samples and B. olive fruit, where 1. presents the electronic nose device, 2. denotes olive oil, 3. shows the
moisture filter, 4. is the particle filter, 5. denotes olive fruit container and 6. is the charcoal filter.

1.2 l T T ' T y olfactory fingerprint. According to the procedure used to generate the
olfactory fingerprint, transient compression methods can be grouped
into three methods (Gutierrez-Osuna, 2002; Pearce et al., 2002): sub-
sampling, parameter extraction and systems identification. The first
method is to consider only part of the answer, the second is to extract
descriptors of the response and the third is based on identifying the
transient response with a mathematical model. In our case, the second
method was applied, the method of extracting descriptors. The first
derivative was applied to the transient response of each sensor and the
extracted descriptors appear in Table 4 where vf”‘” represents the

n,s.
il

vector of characteristics of the olive samples y vy ; is the feature vector
for oil samples.
Then the dimension of the three-dimensional matrices was reduced

v,{';‘}' and v,;”’ two-dimensional multiplying the second dimension and

0.6 g ) i )
the third dimension, that is, v, ,{’;ﬁ‘f and v,‘,’fxle respectively. The result is

two two-dimensional matrices where the number of rows corresponds
0.5 y ; ; ’ y ; to the number of samples (n = 82) and the number of columns corre-

0 10 20 30 40 50 60 70 ..
Time () sponds to the number of characteristics (s X f= 110).

Standardized Electrical Resistance

Fig. 4. Transient sensory response of the array of electronic nose sensors for an . . .
olive sample over 70ss. 3.2. Classification algorithms

To evaluate the possibility of using the electronic nose to classify
olive and oil samples according to their quality, three supervised clas-
sification algorithms were tested: NB, a PLSDA and MLP. The output
vector with the class to which each sample belongs was formalized as
Y1 where each row n contains the value of its class c. So for each
sample n, y, ; is equal to ¢; = 1 it the class is “virgin” or it is equal to

instant ¢, and RY; is the resistance of the sensor s after the cleaning
process and before making the sample measurement n. There is a n to n
correspondence between the olive samples and the oil samples made
from the olive samples. Fig. 4 shows an example of the normalized
response of each sensor during the process of measuring an olive

sample. ¢, = 2 if the class is “extra virgin”. Below is a brief description of each of
The second stage of the feature extraction process was to compress the classification algorithms used.

the transient response of the sensor array to form a feature vector or The NB classifier (John and Langley, 2013) is a probabilistic

Table 4

Descriptive characteristics of the transient response of the sensor array where v,{rs”}‘ is the vector of characteristics for olive samples, v,‘ffiyf is the feature vector for oil

samples, n denotes the sample number (from 1 to 82), s is the sensor number (from 1 to 10) and f is the feature number (from 1 to 11).

Fruit 0il Description
v,{"x'f’f — m: dx(xfm“) v,‘l"é 1= max(x"" Maximum value of the response without derivation.
ruit ruit oil oil Minimum value of the response without derivation.

v,{.&z = mm(xf ) Vns,2 = mln(x P!

fruit _ fruit oil Sfruit Sum of all the values of the response without derivation.
vn,s,S* [ 1xnst Vn,s,3 = 1 1xnsl

yfruit yfruit Average value of the response without derivation.

fruit _ Yn,s,3 Sruit _ “n,s,3

Vnsd = "o nsd = "0
[ frult it 2 [$70 | fruit _ fyut[ Standard deviation of the response without derivation.

vfruit _ zt 1% Vis,4! Vfrui[ _ Zi=1 X5t = Vis,4!

n,s,5 V 69 n,s,5 V 9
pruit _ o fruit pfuit _ o fruit Final value of the response without derivation.

n,s,6 = *n,s,70 ns,6 = *n,s,70
v '{"rxu;t _ max(x’fm” vﬁ’é ,=m ax(x""l ) Maximum value of the first derivative of the response.
anrsms[ mm(x/fmlf ) vﬁ‘i s = mm(x""l ) Minimum value of the first derivative of the response.

fruit _ / fruit Z / fruit Sum of all the values of the first derivative of the response.
Vis,9 = l:lx n,s,t 9 = 2p=1X ns,t

) it " ﬂ 5 Average value of the first derivative of the response.

vfml[ — n,s,9 VY{I.HS 0=

n,s,10 70 70

70 | it _ | fruit o ‘E | x‘”l _ v‘”’ 2 Standard deviation of the first derivative of the response.

Sfruit t=1"'%n,s,t ,x,l()' vozl _ t=1 n,s, ,10

Vals11 = 769 n,s,11 = \Iiw
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Fig. 5. Average value of the features extracted from the transient response of

the electronic nose for olive fruit samples. Class 1 belongs to samples of virgin
category and class 2 to samples of extra virgin category.

classification method and is based on obtaining the probability of be-
longing to each class. Since the extracted characteristics are continuous
variables and are normally distributed, the distribution of each class
can be represented as a Gaussian probability density function in terms
of its mean u, and standard deviation o.. In this way the probability of
belonging of each sample to each class will be given by Egs. (3) and (4).
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Fig. 6. Average value of the features extracted from the transient response of
the electronic nose for oil samples. Class 1 belongs to samples of virgin category
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Table 5

Results obtained for the different algorithms evaluated. NB: Naive Bayes,
PLSDA: Partial Least Squares Discriminant Analysis, MLP: Multilayer
Perceptron, ROC: Receiver Operating Characteristic.

Data Classification Correctly Incorrectly SR (%) ROC Kappa
matrix algorithm classified classified statistic
used

NB Vr?,iéxf 65 17 79.27 0.78 0.54
PLSDA 67 15 82.00 0.86 0.59
MLP 69 13 84.14 0.84 0.62
NB v,{';‘;lf 52 30 63.41 0.71 0.27
PLSDA " 71 11 87.00 0.98 0.69
MLP 74 8 90.24 0.88 0.78
NB pJruitoil 58 24 70.73 0.73 0.38
puspa Y 71 11 87.00 0.86 0.69
MLP 67 15 81.70 0.85 0.56

On the other hand, the PLSDA algorithm (Ballabio and Consonni,
2013) identifies linear combinations of the variables v, that max-
imize their variance using class information, jy,,. The multivariate
model is defined by the equations Eq. (5) y Eq. (6).

V=TPT + E ()
Y=UQ" + F (6)

where T represents the scores of V and P is the loadings matrix of V. The
same goes for Eq. (6). The objective of PLSDA is to find the latent
variables TPT y UQ" that maximize the covariance with the class vector
Y.

Finally, the MLP classifier (Duda et al., 2001) was evaluated. The
multilayer perceptron neural network is a neural network formed by
multiple layers and has the advantage of being able to solve classifi-
cation problems where the classes are not linearly separable. For our
case, the MLP network was configured with three layers. An input layer
with 110 nodes (equal to the number of features extracted), a hidden
layer with 58 nodes with sigmoidal transfer functions and an output
layer with 2 nodes (equal to the number of classes). The training of the
network was backpropagation type and the number of epochs used to
train the MLP was 500. This limit was established experimentally by
checking that a higher number of epochs did not reduce the training
error.

The different classification algorithms were applied three times: 1.

characteristics of the olive samples v,{g'i}t, 2. characteristics of the oil

samples v,‘,’ﬁ #» and 3. characteristics of the oil samples together with
those of olives v/

The performance of each algorithm was evaluated applying cross-
validation type 10-fold. This type of validation involves 10 iterations. In
each iteration 90 % of the data set is used to train the model and the
remaining 10 % for the test.

As a result, 10 confusion matrices are obtained MCiy,x, where in
each iteration i the sum of the elements of the diagonal is related to the
success rate SR. The total success rate will be obtained according to Eq.

@)

10 10
ZileCixlxl + Zi:l Mcixzxz % 100

SR(%) = 82 @

Figs. 5 and 6show the average values for each sensor and for each
parameter obtained from the transient response of the electronic nose
when the measures were performed over olive fruits and olive oils re-
spectively. Two classes are presented where class 1 is "virgin" and class
2 is "extra virgin".

The most discriminating sensor between classes was sensor number
7 (Fig. 5). The values between classes were higher for features number
2, 4, 6, 7 and 9. According to the datasheet of the electronic nose
(PEN3) employed in this research, sensor number 7 (W1W) is sensitive
to many terpenes and the presence of fermented olive fruit in lower

quality batches is related to the percentage of total terpenes (Dabbou
et al., 2012). This issue could explain the differences between features
for the sensor 7. Moreover, the presence of volatile compounds of ter-
penes is partly responsible for the aroma of the olive oil and conse-
quently of its quality (Reboredo-Rodriguez et al., 2013a). This re-
lationship may explain that the sensor 7 denotes greater discriminatory
power in the majority of features extracted from the measurements
made on olive oils (Fig. 6).

When the characteristics of the oil samples were used (matrix v,‘[’,"sle)
the classification algorithm that obtained the best result was the MLP
neural network with a success rate of 84.14 % (of 82 samples, 69 were
correctly classified). This result can be seen in Table 5 and it confirms
the separability of the classes previously documented (Guadarrama
et al., 2001b) but without applying classification algorithms. James
et al. (2004) found that 99 % success was achieved, although the
quality of the samples was not the same as the authors classified virgin
olive oil, lampante oil and sunflower oil.

The best result was obtained with the characteristics extracted from
the transient sensory response on olives (v,{j's“xl}). The best result was
obtained with MLP with a success in classification of 90.2 %. This result
confirms the differences between the two kinds of olives seen in Fig. 5
and indicates that the incorporation of an electronic nose at the input of
the olive oil production process can be useful to detect defects before
the oil is produced and to be able to classify olives based on the quality
of the oil that is going to be produced.

Finally, the characteristics extracted from the oil samples were
merged with the characteristics extracted from the olive samples
(V,{;";}M”) and the best success rate was 87 % with the PLSDA algorithm.
This result confirms the aromatic intensity of the olives has more in-
formation than the aromatic intensity of the oil for detection of defects.

4. Conclusions

The parameters and methodology to determine the quality of olive
oil are regulated by European regulations and this quality depends
mainly on the olive fruit conditions after harvest. This paper proposes a
rapid methodology based on an electronic nose sensor and on different
pattern recognition algorithms to predict the organoleptic quality of
virgin and extra virgin olive oil. The measurements with the electronic
nose were made on olives and on the oil made from these fruit. Three
classification algorithms were evaluated: NB, PLSDA and MLP neural
network. The best classification success ratio was 84.14 % for olive oil
samples and 90.2 % for olive fruit samples, both with the MLP algo-
rithm. The proposed methodology could be used in the field to predict
the quality of the oil that is going to be made with the freshly harvested
fruits. Also the system could be installed at the input of the virgin olive
oil production process to classify fruits according to their quality.
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