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Virgin Olive Oil Quality Classification Combining Neural
Network and MOS Sensors
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A model based on neural networks has been designed to detect lampante virgin olive oils, a category
of olive oil that cannot be consumed without a previous refining process according to the current
regulation of the European Communities. The response of 7 metal oxide sensors analyzing 114 olive
oil samples has been used in the design, training, and internal validation of the neural network with
only 4.5% error in validation. The designed mathematical model, the equations of which are fully
described, has been validated also with an external set of 13 samples of diverse varieties and
geographical origins with 100% correct classification.
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INTRODUCTION analyses. Thus, artificial neural network (ANN), a statistical
method appropriate for handling highly complex and nonlinear
data, has allowed satisfactory results to be obtained when applied
to sensor response6)( Among the different types of ANNSs,

the multilayer perceptron (MLP) is nowadays considered to be
one of the most common in regression and classification tasks

it is important to distinguish lampante virgin olive oils be- (10). This_pape_r analyzes the possibilities of MOS_gnd_MLP
cause they cannot be consumed without refining, whereas theafter working with the samples of a data set and verification of

“ordinary” classification can sometimes indicate a risk of € results with an external validation set.

consumers’ rejection. The current methods based on sensory

and chemical evaluations of VOO quality are lengthy, expensive, MATERIALS AND METHODS

and sometimes affected by the subjectivity of assessors’ or Materials. A Spanish VOO var. Farga spiked with 60 mg/kg acetic
analysts’ errors. Thus, the risk of wrong classifications increasesacid was the standard used in the repeatability studies. This standard
even more when one is working with panel tests from different was still frozen and did not alter during the whole time of the
nationalities (3), whereas the relationship between chemical experiments. Blends of refined olive oil and VOO var. Hojiblanca at
compounds and sensory attributes is the main drawback of various percentages (5, 10, 25, 50, and 75%) were used to determine
chemical analyses}(5) when olive oils are classified into their "€ limits of detection (LOD).

. . . _ One hundred and fourteen samples of VOO (var. Hojiblanca) were
Ici:ﬁ(taegones' Besides, none of these methods can be applied OMised for designing and training the MLP procedure. This set of 114

L samples was split into three subsets: 68 samples (training set), 22
The alternative is the use of sensors for the measurement Ofsamples (test set), and 24 samples (validation set). The samples were

the foodstuff's entire aromeb( 7). Sensors do not need any  supplied by an association of cooperatives (Hojiblanca SCA, Méalaga,
pretreatment and do not use solvents to detect the presence o§pain) that represents 4% of total Spanish olive oil production. Fifty-
volatiles; besides their main advantages are their low cost andsix of these samples (49%) were qualified as lampante by the assessors
the rapid evaluation of the aroma. Metal oxide semiconductor of the cited association. On the other hand, another set (external
sensors (MOS) have been used in the quality classification of validation) of 13 samples (var_. Arbequina, Cornicabra, and Picual) was
edible oils 8, 9). Thus, sensors would be useful in distinguishing used to check the mathematical model. These samples were supplied
the highest quality VOOs from the lowest ones if they were by Aceites del Sur SA (Sevilla, Spain), four samples being classified

able to cluster together all low-quality VOOs whichever the as lampante by trained assessors. All of the samples were collected in

L . . different geographical regions and analyzed for 11 months to check
off-flavor, or combination of off-flavors, presented in the oil.  1q effect of drift in the sensor baseline.

However, most of the MOS show a nonlinear response t0 @ = gquipment. A Fox 4000 with ACU 500 humidifier supplied by
given chemical compound or odor. Therefore, this property AlphaMOS SA (Toulouse, France) was used. This instrument is
makes the nonlinear mathematical procedures attractive for MOSequipped with 18 metal oxide sensors, inside three chambers, 6 of them
being undoped metal oxide sensors and 12 being metal oxide sensors

* Author to whom correspondence should be addressed (e-mail doped with noble catalytic metals in order to shift the selectivity
dluisg@cica.es; telephone34 954611550; fax-34 954616790). spectrum toward different chemical compounds. The temporary and

The market price of virgin olive oils (VOOSs) is determined
by their sensory quality. The current European Union (EU)
regulation () classifies VOO into three categories: extra virgin,
virgin, and lampante. The last category also includes the old
category, so-called “ordinary2j. From these three categories,
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Table 1. Mean Values of RSD (Percent) and LOD? investigated by consecutively collecting the sensor results of the same
sample of VOO (var. Farga spiked with 60 ppm of acetic ac)) (
% RSD The within-week repeatability was determined by analyzing the sample
sensor A B C LoD for 5 consecutive days. Finally, the between-days repeatability study
was carried out for 6 months. The relative standard deviation (% RSD)
S1 1.86 207 9.28 223 was the parameter used to analyze the repeatability.
gg ggg iég ig% 22(1)2 The_ LOD _of the sensors were c_alculated by gsing a calibration line
sS4 544 1:15 10:42 16:10 of refined oil sa_mples spiked with VOO at six different percent-
S5 249 174 14.85 8.57 ages. Three replicates of each level were analyz@jl Once a linear
S6 1.15 233 3.10 1.70 regression analysis was carried out for each sensor, the LOD calculation
S7 9.14 13.74 14.07 15.71 was based on the standard deviation of the regression line and the
S8 9.20 16.08 16.73 6.82 slope (13).
S9 6.15 1133 8.38 5.58 Data ProcessingThe response of the sensors presents an exponential-
S10 7.75 1212 12.82 9.85 like shape, but not all of this information is useful. After different
11 8.75 13.05 1341 19.13 methods of data preprocessing had been tested, raw data (non-pre-
S12 11.92 20.98 21.46 11.81 processing data) were selected because they showed the best differential
S13 10.89 19.78 18.49 74.82 . . . .
S14 10.02 10.93 17.48 1183 properties (9). Windowed time slicing (WTS)4) was used to reduce
s15 3.90 4.80 1259 0.22 the information to a reasonable data set. The number of windowing
S16 9.93 12.16 10.20 16.06 functions was 4, each one applied to a different region of the sensor
S17 0.94 1.92 1.96 2.62 response (8).
S18 0.91 1.88 2.23 2.65 A standard was analyzed before and after each series of analyses
with the objective of minimizing the effect of sensor aging and
a Repeatability study for within-day (A), within-week (B), and 6 months (C). enviro;mental conditions. The information was used to standardize
WTS data.

reversible adsorption of volatile-reducing compounds at the sensor ~ The detection of multivariate outliers was carried out by applying
surface changes its electrical resistance in a nonlinear mammgr ( Principal component analysis (PCA). Mahalanobis distance, evaluated
The response is characteristic of each sensor and depends on th@sy” was used to discover outliers among samples and with respect to
concentration and the prof”e of the volatile Compoundsl the solution, whereas outliers among variables (WTS) were detected
The air conditioning unit (ACU 500) consists of a thermostat tank by the squared multiple correlation (15).
containing distilled water where the carrier gas bubbles continually. A genetic algorithm was applied to select the optimal set of variables
When a valve is opened during the injection time, a controlled mixture (WTS) for the neural network. An ANN was used because of its ability
of dry and humid industrial airs sweeps the headspace of the samplingto handle nonlinear data and to compensate for the drift of the sensor
chamber, the temperature of which is controlled automatically. array (§. MLP, which is perhaps the most popular network architecture,
Industrial air, from an air compressor, was used as carrier gas afterWas used to study the differences between lampante and nonlampante
being filtered through two columns. The first column was filled with VOO. A conjugate gradient descent algorithrh6) was used to
molecular sieve 8/12 mesh (Supelco, Bellefonte, PA) to remove the Minimize the prediction error made by the ANN. The training algorithm
moisture, whereas the second column was filled with activated carbon used the sum-squared error function to train the network and to report
(Supelco) to remove hydrocarbons and other undesirable volatile the root-mean-square (RMS) error. The weights and threshold were
compounds. calculated by applying this algorithm to the training set. The best
The analytical parameters (sample amount, headspace generatiof€twork was selected by means of the samples of the test set. This set
time, sample temperature, flow rate, and injection time) were determined iS also used to stop the training procedure in case of overlearning. ANN
after an optimization process based on the evaluation of three performance was determined by the validation set.
desirability functions by fuzzy algorithms (8). Statistica (17) was used to perform the data processing and to
Samples were analyzed in duplicate. Standards for calibration of implement neural network analyses.
the_ sensor array were r_neasured at programmed times to check that th??ESULTS AND DISCUSSION
aging of the sensors did not affect the measurement.
Measurements of Repeatability and Limit of Detection.Repeat- Study of Repeatability and Limit of Detection. Because
ability studies, either within-day or within-week or between-days, were the main limitations of sensor systems are related to drift and
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Figure 1. Values of the fourth windowed time slicing (WTS) of various sensors for 6 months.
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acetic acid qualifies the undesirable sensory attribute of
“winey/vinegary” (8).

Table 1 also shows the values of LOD of all the sensors. An
LOD of <10% was considered to be appropriate for providing
satisfactory results. Thus, sensors 1, 5, 6, 8, 9, 17, and 18 showed
the best behaviors according to the repeatability and LOD
values.

Classification of Virgin Olive Oils. The profile of volatile
compounds is responsible for the aroma of low-quality VOOs
(lampante) and, hence, for the off-flavors. The hypothesis that
the sensor response depends on the amount and composition of
volatile compounds has already been demonstrated by the
authors, who analyzed some negative attributes (fusty, rancid,
and vinegary) by canonical correlatiod) (On the basis of these
promising results, a study with the following sequence was

Sensor 1 (WTS1)
Sensor | {WTS3)

Sensor | (WTS4) ©
Sensor 5 (WTS1)
Sensor 6 (WTS2) «
Sensor 8 {WTS3) ¢
Sensor 9 {WTS3)
Sensor 9 (WTS4)
Sensor 17 (WTS1) O-4
Sensor 17 (WTS4)

Sensor 18 (WTS1)
planned: detection of multivariate outliers by means of PCA,
Bias g, design and training of MLP procedure, implementation of a
neural network with a discriminant model, and a second
Figure 2. Structure of the multilayer perceptron (MLP) used to distinguish validation of the model by an external set of samples.
between lampante and nonlampante VOO. The raw information was first clustered into four WTS and

then standardized to avoid hypothetical sensor aging. The

low repeatability 6), it is important to understand whether any collected information was checked for the detection of outliers.
signal variation is due to sample change or an inherent signal The study of outliers is extremely necessary as they can
drift. On the other hand, an estimation of the detection limits is greatly affect the magnitudes of the decision equation coef-
required to know the minimum amount of volatile compounds ficients. This study was carried out by multivariate proce-
of a VOO sample that can be detected by each sensor. dures, as the problems come mostly from multivariate outliers

Table 1 shows the % RSD (mean of the four WTS) of all among variables and cases. Thus, five multivariate outliers
the sensors for the within-day, within-week, and between-day among cases (two nonlampante and three lampante VOOs) and
repeatability studies. The WTS values of the sensors with valuesthree multivariate outliers among variables (sensors 2, 12, and
>10% were not used in the following studies. It is important 13) were detected by PCA and removed prior to the following
to remark that within-day and within-week results displayed studies.
in Table 1 are the worst of all the studies carried out for 6 Once the outliers were removed, a genetic algorithm was
months.Figure 1 shows the response of some sensors for 6 applied to the WTS of the selected sensors in order to choose
months to study their aging. The signals of some sensorsthe optimal variables for designing the network. The procedure
(sensors 1, 5, and 6) show no change during this period. Theselected 11 inputs from an initial set of 28 variables. Several
response of sensor 13, however, increased over time, whichANNs were designed with these inputs, using the set of samples
means that a significant part of the information is caused by a var. Hojiblanca (training set). After several network architectures
change of the sensor sensitivity. Thus, the use of referencehad been trained and validated, an MLP 11:11-6-Figjure
standards seems to be very important when any analysis with2) was selected with a classification rate of 95%. This MLP
sensors showing this behavior is carried di8)( We selected  was obtained after a training process with the conjugate gradient
a VOO spiked with acetic acid because the best material for descent algorithm (58 epochs) until obtaining the minimum
monitoring performance and providing data for calibration RMS error (Figure 3). The RMS errors of the three subsets, in
should be similar to the product that is being test®8) (and which the data set was divided, were 0.16 (training set), 0.19
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Figure 3. Evolution of root-mean-square (RMS) error during training by the conjugated gradient descent algorithm.
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Figure 4. Results of applying the multilayer perceptron (MLP) to the samples of the data set.
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Figure 5. Results of applying the multilayer perceptron (MLP) to the samples of the external validation set.

(test set), and 0.27 (validation set). The designed MLP of three Table 2. Values of the Parameters in the Neural Network Equation?
layers is defined by the equation

hidden layer output layer

y= f[z W, f(ZWij %+ &)+ a (1) Wi W2 o Wg Wi Ws W output unit
! : a —485 -0.63 141 548 -013 203 g 0.01
. . . . . X1 245 268 -225 -1212 062 -075 w 8.66
wherey is the output variablex; is the input variabley; and %, -021 119 -082 436 191 044 w, 008
w; are the weights for the connections from the input layer to x; -481 199 -308 1609 141 059 w; -1.27

the hidden one and from the hidden layer to the output, x 205 -084 117 448 034 -259 w, 2011
respectively, andy anda; are constants that operate as *bias” ¢ 33 11> 203 7871 7026 T80 ws 52
values in the network. The values for these parameters are shownxj 084 006 201 320 —004 -153 '
in Table 2. The output values for each node use the sigmoid x, 126 145 -2.25 106 -031 -141

activation function (f): X 072 102 -052 -146 053 -0.89
xo -—142 129 -157 -149 003 -0.32

fx) = 1/(L+ e ™) ) xu 144 119 046 076 -029 -1.68

The set of sensors selected for MLR i eq 1) shows that ax; is the input variable; w; and w; are the weights for the connections between
the most relevant information concerns to the processes oflayers; and a and 3 are the bias values.
adsorption (WTS1) and desorption (WTS4 and WTS3) of
volatiles and the steady state (WTS2). The second kind of placed inside the second (sensors 8 and 9) and third (sensors
information is related with sensor characteristic because sensord7 and 18) chambers.
1, 5, and 6 are undoped, whereas sensors 8, 9, 17, and 18 are After design of the network, the MLP was applied to the
doped (6). Finally, no discrimination was detected in terms of whole data set with the idea of testing the model in a larger
the order of sensors evaluating the samples because four belongumber of samples. The neural model was able to classify
to the first chamber (sensors 1, 5, and 6) and the others arecorrectly 96.4% of the nonlampante and 94.3% of the lampante
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VOOs for a threshold value of0.58. Furthermore, the RMS in an external validation set. However, the error is even less if
error was slightly higher in the lampante VOOs (0.22) than in we take into account that only one sample could not be explained
the nonlampante (0.16). The diversity of possible off-flavors by a second sensory evaluation carried out with an official panel
(rancid, winey-vinegary, fusty, muddy sediment, cucumber, etc.) test. Thus, the designed model avoids the subjective opinions
explains why sensors have difficulty in clustering together all of assessors, classifies a sample in only a few seconds, and has
of them. This problem does not appear in the case of nonlam-a minimum cost of analysis.
pante VOOs, which lack off-flavors, and hence the neural
network interprets this absence of off-flavors in an olive oil as LITERATURE CITED
being a nonlampante VOO. N )
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In conclusion, the model based on neural networks has been
able to distinguish lampante virgin olive oils from the other
categories with only 4.5% error in the data set and without error JF021217A
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