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Abstract Extra virgin olive oil (EVOO) contains a higher
ratio of antioxidants and monounsaturated fatty acids, and
the price of EVOO is higher than that of other vegetable oils
due to the complicated production process and storage condi-
tion. Adulteration of extra virgin olive oils with inferior veg-
etable oils has attracted increasing attentions. In this paper, we
detect and quantify adulteration of extra virgin olive oil by
473 nm laser-induced fluorescence (LIF) with the help of
multivariate analysis. Two hundred eighty sets of data are
successfully classified to four groups (including olive, rape-
seed, peanut, and blend oils). Moreover, a partial least squares
model is built to predict the adulteration concentration with
the errors lower than 2 %. The detection system will be as-
sembled into a module (110x100x25 mm). Due to non-
destructive and requiring no sample pre-treatment character-
istic, this method can be effectively employed for food safety
detection.

Keywords Fluorescence - Laser-induced fluorescence -
Portable detection - Principal component analysis - Support
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Introduction

Most vegetable oils contain high levels of polyunsaturated
fatty acids. However, extra virgin olive oil (EVOO) contains
a higher ratio of antioxidants and monounsaturated fatty acids,
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mainly oleic acid (64 %), and lower level of saturated fatty
acids (16 %) (Poulli and Mousdis 2006; Guimet et al. 2005;
Mignani et al. 2011). Certainly, the price of EVOO is higher
than that of other vegetable oils due to the complicated pro-
duction process and storage condition, which promotes sellers
to adulterate EVOO with other low-grade vegetable oils.
Rapeseed and peanut oils are usually used to adulterate
EVOO owing to the low price. Not only economic fraud but
also the consumer health should attract increasing attentions
about the edible oil adulteration. In food trade and consump-
tion, adulteration of EVOO has become a focus and a severe
problem.

In recent years, many advanced methods are emerging in
the adulteration detection. High-performance liquid chroma-
tography (HPLC) has been employed to carry out a rapid
detection of adulteration of vegetable oils by Salghi R. et al.
Five percent adulteration of extra argan oil with vegetable oils
such as soybean, peanut, and olive oil can be sensitively de-
tected by HPLC (Salghi and Armbruster 2014). Gas
chromatography-mass spectrometer (GC-MS) has also been
widely applied in the oils classification and adulteration anal-
ysis (Woodbury et al. 1995; Fang et al. 2013; Troya et al.
2015).

As a new technique, electronic nose has also been devel-
oped to analzying edible oils by Martin YG (Martin et al.
1999). Electronic nose has been widely used in edible oils
analysis including oils classification and adulteration identifi-
cation (Oliveros et al. 2002; James et al. 2004; Cosio et al.
2006; Mildner-Szkudlarz 2010). In addition, synchronous
scanning fluorescence spectroscopy has been a main tool in
food quality analysis due to its advantages (rapid, sensitive,
non-intrusive) (Poulli and Mousdis 2005; Kadiroglu et al.
2011; Ntakatsane et al. 2013). Fourier transform infrared spec-
trometry (FTIR) and FT-Raman spectroscopy have also been
applied successfully in oil classification (Lerma-Garcia et al.
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2010; Samyn etal. 2012; Man et al. 2011; Mansor et al. 2011).
However, FT-IR and FT-Raman need sample preparation
which slows the detection speed. Also, the FTIR and FT-
Raman spectrometer are a bit big for portable detection.

All the previous methods need either trial sample prepara-
tion or large complicated equipment which imposes restriction
on portable measurement. Then, it is necessary to develop a
rapid and portable method to detect adulteration of edible oils.
Laser-induced fluorescence (LIF) has been used in many
fields (Muetal. 2013, 2014, 2015). In this work, olive, peanut,
rapeseed, and blend oils have been successfully classified
combined with the multivariate analysis methods. Four
hundred seventy-three-nanometer LIF is proposed as a potable
method to identify adulteration of EVOO with peanut and
rapeseed oils. The detection system will be assembled into a
module (110x100%25 mm). The adulteration concentration
identification with prediction errors lower than 2 % is
achieved. This method can be applied in other fields (Zhang
etal. 2014).

Materials and Methods

Samples EVOO, peanut oils, and rapeseed oils are bought
from local market. The adulteration concentration of peanut
and rapeseed oils ranges from 2.5 to 50 % with an increment
2.5 %. Eighty sets of blend oils are the adulteration of olive
oils with peanut oil, and the other 80 sets of blend oils are
adulteration of EVOO with rapeseed oil from 2.5 to 50 % at an
increment 2.5 %. Then, 4 sets samples are prepared for blend
oils of each concentration. Forty sets for peanut and 40 sets for
rapeseed oils are also prepared. Total 280 set samples (40 sets
for each individual oils and 160 sets for blend oils) are mea-
sured in the experiments.

Instrumentation A typical LIF system is shown in Fig. 1. A
473 nm laser module (40x25%20 mm) is used as excited light
source. The power of laser module is 50 mw and the beam
diameter is 10 mm. The oil samples contained in the cuvette
are illuminated by 473-nm laser and emit fluorescence. The
45° rotation of cuvette and front face illumination are used to
decrease the inner filter effect. An optical fiber (numerical
apertures (NA)=0.22) is linked to spectrograph (9568 x
20 mm, Ocean optics) to collect the emission fluorescence.
The 473-nm long-pass edge filter (Semrock) is employed to
avoid the strong elastic scattering light. The spectral region
ranges from 480 to 780 nm. Finally, the collected fluorescence
of different oils is analyzed by a computer. The integration
time of spectrograph is 1 s. For portability, all the parts will
be assembled into a module (110x100x25 mm).

Statistical Analysis Chlorophyll plays a major role in the
adulteration identification and concentration recognition.
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Fig. 1 Schematic of the experimental setup. SP spectrograph, L 473-nm
laser, F'473-nm long-pass edge filter, OF optical fiber, OS oil samples

Data are analyzed by Matlab 2010a (The Mathworks).
Signal smoothing and de-noising are carried out in the spectral
preprocessing. Then, principal component analysis (PCA) is
employed to reduce the dimensionality of the data and to
remove white noise, as well as examine the intrinsic variation
of the LIF spectral data (Fang et al. 2013). Due to the stable
chemical property of chlorophyll, the chlorophyll composition
of blend oils equals to the sum of chlorophyll composition of
individual oils. Partial least squares regression (PLSR) is ap-
plied in the identification adulteration of EVOO with peanut
oil and rapeseed oil. In the classification experiments, artificial
neural network and support vector machine are employed to
classify 280 sets of data to four groups (including olive, rape-
seed, peanut, and blend oils).

PCA is used to make data set have some independence
characteristics and remove noise from data (Cabanac et al.
2002). SVM is an important learning method of statistical
learning theory and is also a powerful tool for pattern recog-
nition. SVM constructs an optimal hyper-plane utilizing a
small set of vectors near boundary and extracts the features.
According to extracted features, one SVM is constructed for
one pattern for identification (Mu et al. 2013). ANN is also a
classification method which is usually used in material iden-
tification (Szymczyk and Szymczyk 2015). PLSR is a novel
multivariate analysis method. It is shown that PLSR method
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Fig. 2 The spectra of oils, including olive, peanut, and rapeseed oil
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Fig. 3 PCA of four types of oils,
including olive oils (4), peanut 1.0
oils (B), rapeseed oils (C), blend
oils (D)
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was applicable to the regression modeling analysis, especially
when there are highly correlate relations between the vari-
ables. In addition, PLAR can be effectively applied in the

situation when samples are less than variables (Gao and Li
2015).

Results and Discussion

Identification of Adulteration of EVOO In this study, first-
ly, three types of individual edible oils are analyzed by LIF.
The distinct spectra can be utilized to distinguish them from
each other. The spectra of three individual oils (olive, peanut,
and rapeseed oils) are shown in Fig. 2. The peaks at ~675 nm
are due to chlorophyll groups which indicate that olive oils
contain more chlorophyll groups than other vegetables oils.
The difference in chlorophyll content is used to identify the
adulteration of EVOO in this research.

Then PCA is used to reduce the dimensionality of the data
before classification by finding attributes. It is demonstrated
that PCA has been successfully applied to classify these sam-
ples (Fig. 3). It is shown that the first three factors of Z scores
explained 93.14 % of the total variance (87.14, 4.92, and
1.08 %). Then, artificial neural network (ANN) and support
vector machine (SVM) are used to classify individual and
blend oils. Training set consists of 210 sets of data (30 sets
for each individual oils and 120 sets for blend oils), and test set
consists of 70 sets of data (10 sets for each individual oils and
40 sets for blend oils). The classification accuracy 100 % is
obtained for the testing sample which demonstrates the sensi-
tivity and effectivivity of LIF in oil classification.

Quantitative Analysis of Adulteration
Concentration Adulteration concentration analysis of blend
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Fig. 4 EVOO blend with peanut oil range from 2.5 to 50 %. LIF of

samples of different adulteration concentration (a); the calculated
concentration obtained from PLSR model vs actual concentration (b)
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Fig. 5 EVOO blend with rapeseed oil range from 2.5 to 50 %. LIF of

samples of different adulteration concentration (a); the calculated
concentration obtained from PLSR model vs actual concentration (b)

oils is another important task in this study. The EVOO is adul-
terated with peanut oil or rapeseed oil range from 2.5 to 50 %.

The various LIF spectra appear when the blend samples
excited by 473-nm laser. It is shown that the relative fluores-
cence intensity around ~675 nm, mainly emitted by chloro-
phyll, increases with the decreasing of adulteration concentra-
tion (Figs. 4a and 5a). For the purpose of display clearly, only
blend concentration from 0 to 45 % at an increment 5 % is
shown in Figs. 4a and 5a. EVOO contain more chlorophyll
than other vegetable oils, and then, adulteration decreases the
content of chlorophyll which generates the various fluores-
cence spectra (Mu et al. 2013, 2014; Christodouleas et al.
2012; Sikorska and Romaniuk 2004).

The blend concentration from 2.5 to 47.5 % at an increment
5 % is served as test set (Figs. 4b and 5b). Applying
chemometrics to the LIF spectral data, very good calibration
and prediction statistics are obtained for blend oils. It notes that
linearity R* values greater than 0.997 are obtained when EVOO
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is blended with peanut and rapeseed oil with a mean square
error less than 2 % (Figs. 4b and 5b). The calculated results are
excellent agreement with the actual value, which verifies the
feasibility of this method in quantification of adulteration.

Conclusions

In conclusion, with the help of ANN and SVM, the classifi-
cation accuracy 100 % is obtained by 473-nm LIF. In addition,
the prediction of the adulteration concentration range from 2.5
to 50 % with prediction errors lower than 2 % is achieved. It is
demonstrated that adulteration of EVOO with peanut and
rapeseed oils can be successfully detected by 473-nm LIF
combined with multivariate analysis. Due to non-destructive
and requiring no sample pre-treatment characteristic, this
method can be effectively employed for portable detection
and quantification of oils adulteration.
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