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Abstract: Adulteration is a serious problem in food industry. Olive oil is widely adulterated with other cheap edible oils such

as sunflower and canola oils. Therefore, developing a low-cost, practical and rapid analytical method for detecting such

adulteration in olive oil would be useful and needed. In this research, we aimed to develop a dielectric measurement based

system combined with complementary analytical intelligent techniques to recognize authentication of virgin olive oil from

adulterated with vegetable oils (canola and sunflower).

192 sinusoidal signals in the range of 20 kHz and 20 MHz were feed

into the cylindrical dielectric sensor filled with oil sample. Correlation based feature selection (CFS) was applied to select the

most appropriate dielectric features and eliminate irrelevant data.

Support vector machines (SVMs), artificial neural networks

(ANNSs) and decision trees (DTs) were developed to classify virgin olive oil samples from adulterated ones. The obtained

results indicated that ANN with topology of 2-5-3 had the best performance with accuracy of 100%.
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1 Introduction

Adulteration of food products can be very beneficial
for food manufacturers, raw material suppliers and
distributors. Produces adulteration is not only a major
economic fraud, but can also have major health
2002).
of  high-cost

implications for consumers (Tay et al.,

Adulteration involved replacement
ingredients with cheaper substitutes. Olive oil is also
subjected to be adulterated with other edible oils of lower
commercial value, frequently (Flores et al., 2006).

Adulteration in olive oil is done by economic reasons.
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The olive oil production is also subject to serious
attempts at marketing of adulterated oils (Tay et al., 2002).
Olive oil obtained from the fruit of olive tree is
extensively used in cooking, cosmetics, pharmaceuticals,
and soaps that have been extensively consumed and
traded throughout the world. Olive oil could be
adulterated with other less expensive vegetable oils such
as sunflower, corn, soybean, peanut and canola oils (Ou et
al., 2015). Therefore, development of a low-cost, rapid
and non-expensive analytical techniques capable of
detecting such adulterations in olive oil is currently
highly demanded (Rohman and Man, 2010).Various
methods have been invented to establish the authenticity
of olive oil such as UV spectroscopy, mass spectrometry
(MS) via emerging ion sources, analysis of fatty acid
profile using gas chromatography (GC), nuclear magnetic
resonance (NMR) spectroscopy, infrared spectroscopy

and Raman spectroscopy. Some of these methods are
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time consuming, expensive, generally destructive (the
examined sample is unusable) of the sample material and
require a high degree of technical knowledge when
interpreting the data. There is an increasing demand for
the development of new rapid and sensitive methods
instead of traditional time-consuming and expensive
analysis techniques (Gurdeniz and Ozen, 2009).

Tay et al. (2002) focused on the application of Fourier
transform infrared spectroscopy to identify the
adulteration of olive oils adulterated with varying
concentrations of sunflower oil. Gurdeniz and Ozen
(2009) focused on the detection and quantification of
extra-virgin olive oil adulterated with different edible oils
using mid-infrared (IR) spectroscopy with chemometrics.
They analyzed the obtained data with a general principle
component analysis (PCA) model and partial least square
(PLS). Rohman and Man (2010) developed a Fourier
transform infrared spectroscopy for analysis of extra
virgin olive oil adulterated with palm oil. They used PLS
and principle component regression (PCR) optimized for
constructing the calibration models. The discriminant
analysis was also used for the classification analysis
between pure olive oil and that adulterated with the other
vegetable oils (palm oil, corn oil, canola oil and
sunflower oil). The main problems of the mentioned
methods are their high complexity and cost of
implementation. Thus, developing a new method that can
solve such problems with high precision and low
processing time is necessary. Therefore, implementing
non-destructive and cheap techniques such as dielectric
spectroscopy with its remarkable advantages like high
accuracy, quick response and high repeatability is
inevitable. Then, due to the advantages of dielectric
spectroscopy technique, it can be properly applied to
detect adulteration in olive oil. This study aims to
demonstrate the applicability of dielectric measurements
as a rapid method combined with complementary
analytical  intelligent  techniques to  improve
determination of olive oil adulteration with vegetable
oils (canola and sunflower). In the previous work
(Rashvand et al., 2016), PCA and LDA techniques were
used to detect the adulteration of olive oil. In this
research, other techniques (ANN, SVMs and DTs) were

used to validate the test.

2 Materials and methods

2.1 Sample preparation

Virgin olive oil samples were obtained from
Khorramshar Extraction Oil Company. Sunflower and
canola oils are the main edible oils that are used in
adulteration of virgin olive oil, due to their low price,
appearance and chemical similarities of adulterated olive
oil by these oils with the original ones. So, the samples of
sunflower and canola oils were prepared at the same time
as preparing virgin olive oil. For canola and sunflower
oils adulteration, virgin olive oil samples were blended
with canola and sunflower oils at 0%-50% (cc/cc).
Finally, three classes including virgin olive oil and olive
oil mixed with sunflower and canola oils were obtained.
Composition of each corn/sunflower adulterated olive oil

sample is presented in Table 1.

Table 1 Volumetric percentages of sunflower, canola and
olive oil in 5%-50% adulterated samples

Sample number Olive oil (%) Adulterated oil

1 100 0

2 95 5

3 90 10

4 80 20 Sunflower oil (%)
5 70 30

6 60 40

7 50 50

8 95 5

9 90 10

10 80 20

" 70 30 Canola oil (%)
12 60 40

13 50 50

2.2 System setup

An electronic system was designed to extract
dielectric features based on dielectric measurement in the
range of radio frequency. The electrodes of the
cylindrical capacitive-based sensor probe were made of
cupper material with volume of 100 cc (Figure 1).

The block diagram of the system is shown in Figure 2.
An AVR microcontroller (ATmega 16), a cylindrical
capacitive sensor, signal conditioning circuit (AD 8302),
voltage dividing circuit, 16x2 LCD display, sinusoidal
signal generator unit, universal serial receiver and
transmitter (USART) and a personal computer (PC) are
the main components of the system (Rashvand et al.,

2016). Phase shift and gain are related to the dielectric
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constant and the loss factor of dielectric material in the
capacitive sensor (Soltani et al., 2015)
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Figure 1 The designed capacitive-based sensor probe for

authentication of virgin olive oil
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Figure 2 Block diagram of the developed electronic system

In this study, we had no intention of measuring the
dielectric constant and the loss factor of oil samples,
precisely. We intended to authenticate the virgin olive oil
using the voltages related to the dielectric constant and
the loss factor by means of artificial intelligence
methodologies. Therefore, the measured voltages and
related code of frequencies were transferred to the
MATLAB 2014a.

Electrical experiments were carried out at room
temperature (24°C£1°C). The frequency range between
20 kHz and 20 MHz sinusoidal signal was selected to
feed into the capacitor probe and then 384 voltage values
(192 for phase shift and 192 for gain) were extracted and

recorded in a personal computer and analyzed in

MATLAB software.
2.3 Feature selection

In the real-time classification, to improve
performance of classifier, selection of beneficial features
and elimination of irrelevant data seems to be necessary,
because the system should be easily trainable and
automated. Another advantage of selection of useful data
set is improvement of system’s ability and rapidity.
Several techniques have been developed for selection of
the important features. One of them is correlation based
feature selection (CFS). CFS algorithm uses a heuristic to
evaluate the score of a subset of features and the subset
with the highest correlation to the class and the lowest
intercorrelation is selected for classification (Hall, 1999).
The CFS algorithm has been carried out on the dielectric
attributes using MATLAB software.

2.4 Principal component analysis (PCA)

Component analysis is an unsupervised approach to
finding the right features from the data. The most
common method to analyze data is principal component
analysis (PCA). In PCA, the data with d-dimension is
transferred to a lower-dimensional space (Rashvand et al.,
2016). This would reduce the degrees of freedom, reduce
the space and time complexities. The goal is to represent
the data in a space that describes the variation in a
sum-squared error sense, in the best way (Duda et al.,
2012)

2.5 ANN modeling

ANNs is one of the subcategories of artificial
intelligence science that is widely used in data analysis
and modeling. Various types of ANNs have been
developed. Multilayer perceptron (MLP) is commonly
used for classification and function approximation
purposes (Mollazade et al., 2012). Input layer, hidden
layer (s) and output layer constitute the MLP structure.
MLP is a feed-forward neural network (FFNN), meaning
that the data flows in one direction from input layer to
output. Error minimization can be performed by gradient
descent with momentum (GDM), this method was used to
classify different classes of oil.

2.6 Support vector machines (SVMs)

Kernel trick is one of the common techniques to solve

nonlinear solvable problems. This technique is based on

the inner product of input data, and a definition of
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suitable kernel function. The idea of the kernel function is
to enable operations to be performed in the input space
rather than the potentially high dimensional feature space.
Hence the inner product does not need to be evaluated in
the feature space (Omid, 2011). In this study, the
polynomial function was chosen to classify the data set.
2.7 Decision trees (DTs)

DTs are extremely useful supervised learning tools in
the field of data mining. These are a type of machine
learning classifiers in which a divide-and-conquer
approach leads to a style of representation called tree
(Mollazade et al., 2012). The DTs are organized in a way
that at each layer one class is rejected. The last remaining
class at the bottom of the tree is considered as the
winning class. In the structure of DTs, nodes involve
testing a particular feature of the raisin selected feature’s
vector (Kirchner et al., 2006). The outgoing branches of a
node correspond to possible outcomes of the test at that
node. There are a large number of DT induction
algorithms described completely in the machine learning
and applied statistic literatures. In the current work, three
different DT induction algorithms were used to classify
oil. These algorithms were J48, LMT (a classifier that
combines logistic regression and decision tree learning),
and CART (classification and regression trees). Readers
can refer to Witten and Frank (2016) to get more

information about these algorithms.
3 Result and discussion

3.1 Electrical measurements

The electrical experiments were carried out in the
range of 20 kHz to 20 MHz. All of the samples were
categorized into three different classes which include
virgin olive oil, olive adulterated by sunflower oil and
olive adulterated by canola oil (respectively 25, 175, and
175 samples). We intended to consider the influence of
different concentration of sunflower and canola oils in
olive oil and evaluate the developed system. In this
research, there were 375 observations with 384 variables
(phase shift and gain, each equals to 192). Figure 3 and
Figure 4 show a typical phase shift and gain related to
virgin olive oil and adulterated samples, respectively.

The samples were divided into three groups randomly

(50% of the set was used for training, 20% for validation,

and the remaining 30% for testing of the network).
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Figure 3 Relationship between the phase shift and frequency
during storage time for virgin and adulterated samples
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Figure 4 Changes in gain voltage at different frequencies for
virgin and adulterated oils

3.2 Feature selection

To eliminate irrelevant features through dielectric
voltages, CFS was performed. For oils, among dielectric
voltages, more appropriate attributes were selected by the
software. In the prediction of adulteration, CFS reduced
the size of feature vector from 384 attributes to 43
features.
3.3 PCA

The PCA technique was used to reduce the dimension
of data set and based on this method, the first component
(PC1) and the second component (PC2) were extracted
from 43 attributes. PC1 and PC2 contain 90.14% of total
variance of the features. The result of PCA is illustrated
in Figure 5. The observation of PCA score plots for all oil
samples showed an acceptable performance in the
identification of three categories.
3.4 ANN

Structure of ANNSs has an important role in the output
of developed models. The main parameters affecting the
performance of ANNs are input variables, number of
hidden layers and number of nodes in each hidden layer.
With increasing number of hidden layers, ANN becomes

more complicated and time consuming that is not
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appropriate for an online process. So, in this research,
MLP with one hidden layer was used in the structure of
ANNs. To obtain the best model with the highest
performance, ANNs with different number of neuron in
the hidden layer were performed and evaluated. Figure 6
shows the total accuracy of ANNs with different number
of neurons using the test data (112 samples). The best
result was obtained using ANN with 5 neurons in the
hidden layer with accuracy of 100%. It means that ANN
with topology of 2-5-3 has a perfect capability to classify

oil samples into three different categories.
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Figure 5 PCA score plot for different concentration of

edible vegetable oils in virgin olive oil
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Figure 6 Total accuracy of ANN with different number of neuron

The confusion matrix of the selected ANN is
presented in Table 2. As shown in Table 3, the developed

model perfectly classified oil samples.

Table 2 Confusion matrix of ANN obtained from test data

Table 3 Values of sensitivity, specificity and accuracy indices
for ANN classifier

Class
Parameters
00 (ON} oC
Sensitivity (%) 100 100 100
Specificity (%) 100 100 100
Accuracy (%) 100 100 100

3.5 Support vector machines (SVMs)

Selection of an appropriate kernel function was made
by trial and error method on the test set (Mollazade et al.,
2012). In this study, polynomial function was used to
classify the test data. The confusion matrix for the test
samples is presented in Table 4. Also, the amount of three
indices (Se, Sp, and Ac) is presented in Table 5. The result
shows that just one of the adulterated samples (OS) was
into OC

successfully categorized.

misclassified class and the others were

Table 4 Confusion matrix obtained from the evaluation of
SVMs with polynomial kernel

Desired
Predict
00 oS oC
00 5 0 0
(6N 0 46 0
oC 0 1 60

Table 5 Values of sensitivity, specificity and accuracy indices
for SVM classifier

Class
Parameters
00 (ON} oC
Sensitivity (%) 100 97.87 100
Specificity (%) 100 100 98.08
Accuracy (%) 100 99.11 99.11

3.6 Decision tree

Table 6 shows the results of oil classification by LMT,
J48 and CART trees. According to the results, CART and
LMT trees had the highest Kappa value, 0.983, and the
highest total accuracy, 99.11%, compared to the J48 tree.
According to the confusion matrix obtained from the test
data (Table 7), there was one misclassified sample in OC
samples. The value of Se for OO, OS, and OC were 100%,
100%, 98.33%, respectively (Table 8).

sets Table 6 Obtained results from different DTs in oil
Desired classification
Predicted
00 oS oC Method Kappa static Total accuracy (%)
00 5 0 0 148 (%) 0.967 98.21
0s 0 47 0 CART (%) 0.983 99.11
oC 0 0 60 LMT (%) 0.983 99.11
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Table 7 Confusion matrix for classification oil using CART

method
Desired
Predict
00 (6N oC
00 5 0 0
(6N 0 47 1
oC 0 0 59

Table 8 Values of sensitivity, specificity and accuracy indices
for DTs classifier

Class
Parameters
00 oS oC
Sensitivity (%) 100 100 98.33
Specificity (%) 100 98.46 98.08
Accuracy (%) 100 99.11 99.11

The same results were reported by Meras et al. (2018).

They applied fluorescence spectroscopy combined with
second-order chemometric methods for the detection of
adulteration in extra virgin olive oil (Meras et al., 2018).
Complexity and being expensive are the main
disadvantages of this method. Georgouli et al. (2017)
worked on the detection of adulteration of extra virgin
olive oil using mid infrared and Raman spectroscopic
data (Georgouli et al., 2017). They reported that about
80% and 75% overall mean classification rate has been
obtained for the classification problem with four classes
(100% extra virgin olive oil; adulterated by 1%-11%
hazelnut oil; adulterated by 12%-90% hazelnut oil; 100%
hazelnut oil) with 82.29% for Raman and FT-IR (Fourier

transform infrared) data.
4 Conclusion

In the current research, four different DM techniques

were applied to determine olive oil adulterated.
Comparison of testing stage of these techniques showed
MLP network with 2-5-3 topology, DTs with CART
algorithm, and SVM classifier with polynomial function
are the best classifiers. As regards, the accuracies of the
methods are close together, this can be concluded that all
selected techniques, presented here, have a good potential
to be used to determine olive oil fraud. The PCA
technique was used to compress related features and then
the extracted PCs were selected as inputs of classifiers.
The results yielded that ANN with topology of 2-5-3 has

the best performance with accuracy of 100%.
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