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Copyright © 2014 Hong Men et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

For the problem of the waste of the edible-oil in the food processing, on the premise of food security, they often need to add new
edible-oil to the old frying oil which had been used in food processing to control the cost of the production. Due to the fact that
the different additive proportion of the oil has different material and different volatile gases, we use fusion technology based on
the electronic nose and electronic tongue to detect the blending ratio of the old frying oil and the new edible-oil in this paper.
Principal component analysis (PCA) is used to distinguish the different proportion of the old frying oil and new edible-oil; on the
other hand we use partial least squares (PLS) to predict the blending ratio of the old frying oil and new edible-oil. Two conclusions
were proposed: data fusion of electronic nose and electronic tongue can be used to detect the blending ratio of the old frying oil
and new edible-oil; in contrast to single used electronic nose or single used electronic tongue, the detection effect has increased by
using data fusion of electronic nose and electronic tongue.

1. Introduction

In the process of fried food manufacturing [1–4], the con-
sumption of the edible-oil [5–7] is very large. If they replace
all the old frying oil with the new edible-oil after the
production every time, the oil will be wasted and the cost of
productionwill be increased.On the premise of food security,
a process of the production is to take some old frying oil out
and then add appreciable proportion of the new edible-oil
to solve the problem. This can improve the utilization rate
of the edible-oil and reduce the cost of the production. But
when the concentration of the old frying oil is too high, the
oil contacts with the oxygen in the air and creates reactions
such as hydrolysis, oxidation, and polymerization which will
lead to the increase of oil viscosity, peroxide value increase,
and a series of harmful carcinogens [8]. So it is very important
to detect the blending ratio of the old frying oil and the new
edible-oil accurately.

Traditionalmethods of oil detection include conventional
physical and chemical index analysis [9, 10], cholesterol
assays [11], conductivity testing [12–16], and headspace gas
chromatography coupled to composition testing [17, 18].
Some achievements have been made. Wang et al. analyzed

the edible-oil by detecting the conductivity of the adulterated
edible-oil [19]. Zhang et al. distinguished hogwash oil in
edible vegetable oil by detecting the content of the cholesterol
[20]. Wang et al. detected the phthalates of the edible-oil by
using GC-MS [21]. However, the methods above are quite
complex, of long time testing, of low sensitivity, and of high
cost. Therefore, it is very important to find a method with a
quick and reliable detection.

In recent years, the electronic nose and the electronic
tongue as two kinds of fast, efficient, nondestructive, and
reliable testing methods were used in the detection of edible-
oil. Hai and Wang [22] detected the camellia oil and sesame
oilmixedwith the soybean oil by using the portable electronic
nose of PEN2 and distinguished different oil. Cosio et al. [23]
analyzed the quality of olivewith the electronic nose. Zhang et
al. [24] realized rapid detection of the camellia seed oil mixed
with palm oil by using the electronic tongue. Hui et al. [25]
realized distinguishing of different kinds of edible-oil with the
electronic tongue.

The different additive proportion of the oil has different
material and different volatile gases. Using electronic nose or
electronic tongue single can only provide partial information
of the samples, which may cause inaccuracy of the detection.
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Figure 1: Block diagram of the fusion system.

Table 1: Characters of sensors.

Number Sensor name Sensitive gas Detection range (mg/L)
1 TGS813 Butane, propane, and methane 500–10000
2 TGS821 Hydrogen 30–1000
3 TGS822 Alcohol 50–5000
4 TGS825 Hydrogen sulfide 5–100
5 TGS826 Ammonia 30–300
6 TGS830 R-113, alcohol, and hydrogen 100–3000
7 TGS831 R-21 and R-22 100–3000
8 TGS832 R-134a 100–3000

Therefore, we use fusion technology based on the electronic
nose and electronic tongue to detect the blending ratio of the
old frying oil and the new edible-oil in this paper. Principal
component analysis (PCA) [26, 27] is used to distinguish the
different proportion of the old frying oil and new edible-oil,
and partial least squares (PLS) method [28, 29] is used to
predict the blending ratio of the old frying oil and new edible-
oil.

2. Fusion System

Two subsystems are included in the fusion system, that is,
the electronic nose system and the electronic tongue system.
Figure 1 shows the block diagram of the fusion system.

2.1. Electronic Nose. In this paper, the electronic nose system
is designed with dynamic headspace sampling method. This
system consists of three main parts: gas supply and transfer
unit; sensor array and the chamber unit; data acquisition and
processing unit [30].

The first unit consists of air purification, headspace of
the vials, and pumps. This unit is divided into two stages:
gas injection and cleaning the system. In the first stage,

the volatiles of sample are transported by the air which
is filtered by the active carbon to obtain zero gas. In this
phase, pump 1 sucks the sample gas compounds to the sensor
chamber to be analyzed by the array of sensors and pump
2 is closed. In the injection phase, both pumps are open. A
common power supply of 12 V is used for both the working
voltage of pump 2 and the voltage applied to the voltage
divider formed by the sensors and the load resistances. A
common power supply of 5V is used for both the working
voltage of pump 1 and the heater voltage of the sensors.
Since the flow rate of pump increases as the working voltage
increases, the flow rate of pump 2 is higher than that of pump
1.The cleaning air flow of pump 2 is used to clean the system.
Due to the higher flow rate of pump 2, the original gas flow
direction at the inlet is inverted.

Eight TGS Figaro gas sensors, TGS8XX (XX = 13, 21, 22,
25, 26, 30, 31, 32) obtained from Figaro Engineering, Inc.,
have been used in this electronic nose. Table 1 lists characters
of all the sensors. They have high sensitivity, high stability,
and long life; they even have higher output signal and simple
conditioning circuit. When the gas concentration increases,
the resistance of the sensor decreases. Considering the mem-
orability of the chamber to the sample, the chamber is made
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of cardboard which is covered by polytetrafluoroethylene
(PTFE). PTFE is a thermoplastic polymer; the melting point
is 327∘C (621∘F), the density is 2.2 g/cm3, and the friction
coefficient is 0.05∼0.10 [31].The adsorption of PTFE for gas is
weak. So polytetrafluoroethylene was chosen as the material
of the chamber to reduce the gas adsorption of the chamber.
In the third unit, we choose IUSBDAQ-U120816 to collect
the data. It can convert the output analog voltage signals into
digital signals and send them to the computer.

2.2. Electronic Tongue

2.2.1. Voltammetric Electronic Tongue System. Electronic
tongue is a new kind of analysis testing instrument, which
is also known as intelligent bionic system of taste. Common
type of electronic tongue contains potentiometric electronic
tongue, electronic tongue based on the impedance spectrum
sensors, and voltammetry electronic tongue. In this paper, we
build a voltammetry electronic tongue system which consists
of sensor array, electrochemical workstation, and computer.
The sensor array is composed of a working electrode, a
reference electrode, and an auxiliary electrode.

Working electrode, which is also called sensing electrode,
can cause the obvious variation of component concentration
which needs to be tested in the testing process. Reference
electrode consists of a constant component phase. The elec-
trode potential of the reference electrode did not change in
the process of measuring. The change of the electromotive
force of cell reflects the variation of electrode potential of
working electrode. The reference electrode and the working
electrode pole constitute the cell, which forms a current
loop.There is a constant voltage system between the working
electrode and the reference electrode to keep the stability of
the voltage in the liquid system. The output of the current
in the circuit would be tested as the signals. In this paper,
we choose a gold disk working electrode, a platinum wire
auxiliary electrode, and a saturated calomel reference elec-
trode. The electrodes are connected with the electrochemical
workstation and then inserted into the sample solutions
when we do the experiment. The CHI660C electrochemical
workstation produces electrical pulses, collects the signal, and
stores the signal to the computer at the same time.

2.2.2. Cyclic Voltammetry. Cyclic voltammetry is commonly
used in the electrochemical study. The method controls
the electrode potential with different rates, a triangular
wave scanning once or more with time. Different electrode
potential contributes the electrode to different oxidation and
reduction reaction and records the current-voltage curve. In
this paper, we use cyclic voltammetry for testing.

3. Experiments

3.1. Sample Collection. We choose golden dragon soybean oil
as samples, which were purchased at a local supermarket.
And we choose repeatedly fried potato old oil as old frying
oil. Nine kinds of different concentrations of frying oil were
configured as testing samples. Table 2 lists all of these.

Table 2: Samples for frying oil.

Number Percent of
frying oil (%)

Content of
frying oil
(mL)

Content of
good oil (mL)

1 100 20 0
2 50 10 10
3 25 5 15
4 12.5 2.5 17.5
5 6.25 1.25 18.75
6 3 0.6 19.4
7 2 0.4 19.6
8 1 0.2 19.8
9 0 0 20
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Figure 2: Electronic nose response signal.

3.2. Measurement Using Electronic Nose. The detection of old
frying oil is taken using the dynamic headspace technique.
The laboratory condition for testing is under 20∘C ± 2∘C
and 65 ± 5% relative humidity. Measurements are divided
into three steps. First, a flow of zero gases goes through the
chamber for 30 minutes to get the sensor signal stability;
secondly, we get the mixture oil into the 100mL glassware,
the pump is used to place the gas into the chamber, and the
response time of the sensors was approximately 4 minutes;
thirdly, the chamber is cleaned with the zero gases for
20 minutes. Not until the sensors equilibrated, can a new
measurement be initiated. Each sample was measured for 8
times. After all the tests, 72 groups of data were received. The
2250 point of sample signal is taken as the analysis signal
of the electronic nose system. Figure 2 shows one of the
measurements.

3.3.MeasureUsing the Electronic Tongue. Thedetection of old
frying oil is taken using the voltammetry electronic tongue.
Measures are divided into four steps. First, take 20mL of
the frying oil, dilute with 50mL petroleum ether, mixed
with 40mL distilled water, use ultrasonic stirring, and then
wait for static layers; secondly, three electrodes are immersed
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Figure 3: Electronic tongue response signal.

with alcohol for 6min, cleaned with deionized water, dried
with filter paper, and then fixed with CHI660C; thirdly,
parameters are set after starting CHI660C, and the cyclic
voltammetry is used to test; finally, after testing, clean the
beaker and the electrodes. Each sample is measured for 8
times. Repeat the steps; after all the tests, 72 groups of data
were received. And we choose the currents corresponding to
1.3 V, 1 V, 0.7 V, 0.4 V, 0.1 V, −0.2 V, and −0.5 V, respectively, as
the analysis signal of the electronic tongue system. Figure 3
shows one of the measurements. Two stages of reaction are
represented by the current-voltage curve in Figure 3, which
is also known as the cyclic voltammetry curve. The first stage
is the reduction process of the electroactive substance, and
the current increases when the electrode potential reduces.
The second stage is the oxidation process of the reduction
product, and the current reduceswhen the electrode potential
increases.

4. Data Processing and Analyzing

4.1. Principal Component Analysis. PCA is a dimensionality
reduction method. The aim of PCA is to find a set of vectors
to explain the variance of the data in the data space as far as
possible. The dimension of the original data is reduced by a
special matrix. A set of scattered information is used to form
a few principal components, so as to achieve the purpose of
dimension reduction. Each principal component is a linear
combination of the original variables, mutually orthogonal
relation between main components. When the cumulative
contribution rate of the anterior principal components is
more than 85%, they are used to represent the samples.

In this paper, PCA is used to deal with the characteristic
data of the electronic nose, the characteristic data of the
electronic tongue, and the fusion data of the two systems.
As for the electronic nose, maximum values are chosen as
the features. There are 8 MOS sensors in the electronic nose
system, so the number of features is 8 in each sample. As for
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Figure 4: PCA plot of electronic nose system.

the electronic tongue, the current values corresponding to
7 voltage values in the cyclic voltammetry curve are chosen
as the features. As for the fusion system, the fusion of
characteristics which is a kind of data fusion is used to
realize the fusion of electronic nose system and the electronic
tongue system. The characteristic vectors of both systems
separately are used to form high dimension data as the
new characteristics of the fusion system. Thanks to the fact
that cumulative contribution rate of the first two principal
components is less than 85%, we choose the first three
principal components as the signals. Figure 4, for the data set
of electronic nose, shows that PC1 can explain 54.13% of the
variance, PC2 can explain 24.64% of the variance, and PC3
can explain 8.24% of the variance. Figure 5, for the data set
of the electronic tongue, shows that PC1 can explain 69.93%
of the variance, PC2 can explain 29.74% of the variance, and
PC3 can explain 0.25% of the variance. Figure 6, for the fused
data sets of two systems, shows that PC1 can explain 61.79%
of the variance, PC2 can explain 18.12% of the variance, and
PC3 can explain 10.29% of the variance.

In Figure 4, we can see that the 50% and 100% contents of
old frying oil are separated well in the electronic nose but the
others cannot be separated well. In Figure 5, we can see that
the 100%, 50%, 25%, and 12.5% contents of old frying oil are
separated well in the electronic tongue but the others cannot
be separated well. In Figure 6, we can see that almost all the
samples can be separated well in the fusion system by using
PCA.
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Figure 6: PCA plot of data fusion system.
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Figure 7: PLS plot of electronic nose system.

4.2. Partial Least Squares. Themethod of partial least squares
regression, which is also called PLS, is a new kind of
multivariate statistics analysis method. It mainly studies the
dependent variable regression modeling to the dependent
variable. PLS is used more effectively when the dependent
variables have higher linear correlation. In addition, PLS is
better to solve the problem which is that the sample number
is less than the number of variables. PLS is one of synthesis
and screening the informationmethods. It is a bilinear model
based on the 𝑋 (independent variables) and 𝑌 (dependent
variable) matrix. It can be seen as the external relationships
and internal relationship. It is used to reflect the relationship
between independent variable and dependent variable.

In this paper, PLS is used to predict the proportion of
the old frying oil. Different proportions of the old frying oil,
such as 100%, 50%, 25%, 6.25%, 3%, 2%, and 1%, are analyzed.
Figure 7 shows the prediction of the old frying oil proportion
with the electronic nose system.The correlation coefficientwe
get is 0.84342, and the request of the correlation coefficient for
PLS model is above 0.8, so the model is effective. The results
show that the error is 12.099%. Figure 8 shows the prediction
of the old frying oil proportion with the electronic tongue
system. The correlation coefficient we get is 0.96289 and the
error is 4.65%. Figure 9 shows the prediction of the old frying
oil proportion with the fused data set of two systems. The
method of data fusion is the same as previously mentioned.
The correlation coefficient we get is 0.9895 and the error is
2.93%. We can say that the prediction effect of the fused data
set of two systems is better than single using of electronic nose
or electronic tongue.

5. Conclusions

Theconcept of data fusionwas applied to detect the content of
the frying oil in this paper. We use the merging system of the
electronic nose system based on dynamic headspace method
and the electronic tongue system. PCA and PLS are used in
the characteristics of the electronic nose, the feature data of
the electronic tongue, and the fused data of two systems. The
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Figure 9: PLS plot of data fusion.

results show that when we use PCA, the effect of detection
using the electronic tongue system is better than the effect
of detection with the electronic nose system, but when we
fuse the data of two systems, the recognition rate improved
significantly. We can see that when we use PLS, the effect of
prediction using the electronic tongue system is better than
the effect of prediction using the electronic tongue and the
prediction error reduced from 12.099% to 4.65%, butwhenwe
fuse the data of two systems, the prediction effect improved
and the prediction error reduced to 2.93%. In summary, we
can use the data fusion of electronic nose and electronic
tongue to detect the content of the frying oil and the method
is more effective than single using of the electronic nose
system and single using of the electronic tongue system.
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