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Abstract. In order to accurately determine and evaluate the
odour of rice, it is necessary to identify the substances that affect
that odour and to develop methods to determine their amounts.
For more than three decades, researchers have been studying the
factors that produce and influence the aroma of rice. An electronic
nose can be used to detect the volatile compounds of rice, while
an olfactory machine is capable of classifying and detecting the
variety, origin, and storage time of rice with a high degree of effi-
ciency. This study aimed to investigate the efficacy of electronic
noses and other chemometric methods such as principal com-
ponent analysis, linear discriminant analysis, and the Artificial
Neural Network as a cost-effective, rapid, and non-destructive
method for the detection of pure and adulterated rice varieties.
Therefore, an electronic nose equipped with nine metal oxide
semiconductor sensors with low power consumption was used.
The results showed that the amount of variance accounted for by
PC1 and PC4 was 98% for the samples used. Also, the classifi-
cation accuracy of the linear discriminant analysis and Artificial
Neural Network methods were 100%, respectively. The Support
Vector Machines method (including Nu-SVM and C-SVM) was
also used, which, in all its functions except the polynomial func-
tion, produced 100% accuracy in terms of training and validation.
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INTRODUCTION

Rice (Oryza sativa L.), which belongs to the family
Oryzeae, is an annual plant which is herbaceous, erect,
superficially rooted, strong, and white (Xu et al., 2014;
Rasooli Sharabiani and Khorramifar, 2022; Yinian et al.,
2022). Rice is a staple food for about 2.5 billion people
around the world and provides nearly 20% of the required
energy and 15% of the protein requirements of these peo-
ple (Qamar ef al., 2013; Li et al., 2022). In general terms,
tropical and subtropical countries such as Burma, Thailand,
Vietnam, Laos, Indonesia, the Philippines, Pakistan, India,
the United States, Japan, Italy, Egypt, China, Brazil, Cuba,
Mexico, and Australia are the largest rice producers in the
world. The Sadri, Tarom and Hashemi varieties may be
considered to be the best indigenous varieties of Iran. In
addition, the high-yielding varieties of Iran are Caspian,
Speedroad, Sahel, Kadous, Shafaq, Darfak, Gohar, and
Neda (Rice Research Institute of Iran website).

In order to accurately determine and evaluate the odour
of rice, it is critical to identify the compounds responsible
for the odour as well as developing methods to determine
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their amounts. The first studies concerning the factors that
produce and influence rice aroma were conducted more
than three decades ago. Several studies have been con-
ducted to identify the volatile components of rice and to
determine the main causes of odour production using more
efficient and rapid methods. There are more than 100 known
compounds in rice, but only a few of them are essential for
aroma formation (Crowhurst and Creed, 2001; Grimm et
al., 2001; Fukai and Tukada, 2006; Ghiasvand et al., 2007,
Gancarz et al., 2022).

The electronic nose can only detect the volatile com-
pounds in rice, these have been used in extensive studies to
identify and classify food and agricultural products. Zheng
et al. (2009) used an electronic nose to identify four vari-
eties of polished rice: Mahatma Brown, Riceland Milled,
Thailand Jasmine, and Zatarain’s Parboiled. In their study,
they found that the rice could be identified and recognized
using their electronic nose, but they reported that the prin-
cipal component analysis (PCA) failed to distinguish the
Zatarain’s Parboiled variety from the other three varieties.
Furthermore, Hu et al. (2011) used electronic noses and
PCA to identify volatile gas components, non-aromatic and
aromatic rice varieties. They considered the PCA method
to be acceptable. In addition, Huichun ez al. (2012) used an
electronic nose to identify four rice varieties and reported
that Fengliangyou 4 and Zajiao 838 overlapped in the PCA
method. Khorramifar ef al. (2021) investigated the poten-
tial of the olfactory machine to identify potato varieties.
According to their study, potato varieties may be recognized
with a high degree of accuracy using an electronic nose and
PCA (Khorramifar et al., 2021). They also reported that
potato varieties can be identified with 100% accuracy using
an electronic nose, linear discriminant analysis (LDA) and
Artificial Neural Network (ANNs). Cevoli et al. (2011)
used an olfactory machine to classify cheeses at different
stages of storage and reported that classification accuracy
was 100% using an ANN. Some studies have investigated
the use of an electronic nose to evaluate aromas, for exam-
ple: sunflower and corn oils were detected with a 95%
accuracy using electronic noses (Mildner-Szkudlarz and
Jelen, 2008). Other applications of the olfactory device
include making a quality determination after the comple-
tion of the cucumber harvest using an electronic nose (Yin
et al., 2017), and determining the quality of honey (Zhang
et al., 2012), the amount and degree of mould growing
on corn (Arendse ef al., 2021), identification and classi-
fication of different grape cultivars (Afkari-Sayyah et al.,
2021), identification of the chemical compounds of pota-
toes (Khorramifar and Rasekh, 2022) and examining the
quality indicators and the degree of ripening of peaches
(Karoui and Blecker, 2011). By using an electronic nose
and GC-MS experiments, Zhou et al. (2019) identified
Chinese Maca at the macroscopic and microscopic levels
and concluded that the odour of Maca may be directly cor-
related with its chemical composition.
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Therefore, an olfactory machine may be highly effec-
tive in terms of classifying and recognizing cultivars, their
origin and storage time. Olfactory machines are unique in
that they have a different structure and approach than other
methods (image processing, neural networks, etc.), they are
flexible, and are compatible with most agricultural prod-
ucts based on their odours (Karami et al., 2020b; 2020c).
Various researches have been attempting to distinguish
between fraud and authenticity in agricultural and horticul-
tural products. Other methods used for this purpose include
vibration spectroscopy, infrared spectroscopy, Raman
spectroscopy, fluorescence spectroscopy and hyperspectral
imaging (Arendse et al., 2021; Karoui and Blecker, 2011).
For example, in a study by Korifi et al. (2011) using NIR
spectroscopy and the PLS-DA method, virgin olive oil
fraud was detected with a 92.3% accuracy (Korifi ef al.,
2011). Furthermore, Xie ef al. (2008) were able to detect
bayberry juice fraud with a 97.62% accuracy using NIR
spectroscopy and an artificial neural network (Xie et al.,
2008). In another study, a combination of Fourier transform
infrared (FT-IR) spectroscopy and PCA was used to detect
counterfeit pomegranate juice concentrate through the
addition of different concentrations of grape juice concen-
trate and a 99% accuracy was reported (Vardin et al., 2008).
In another study, olive oil fraud was studied using Raman
spectroscopy and chemometrics methods, and the research-
ers were able to detect product fraud with an accuracy and
error R* = 0.505-0.982, RMSEP = 0.0485-0.176 (Li et al.,
2018). In a study that focused on discrimination between
Shaoxing wines and other Chinese rice wines using NIR
and chemometric methods, the accuracy of the PCA meth-
od was reported to be about 93% (Shen et al., 2012).

In addition, various techniques are used to detect volatile
organic compounds (VOC), including: a) non-separative
mass spectrometry (Casas-Ferreira et al., 2019; Zytek et
al., 2023), b) chromatographic separation (Frigerio et al.,
2019), c¢) micro gas chromatograph (Wang et al., 2019),
d) solid-phase microextraction (Kong et al., 2020; Rusinek
etal., 2022).

The aroma of the “Pandan” rice leaves is a distinctive
feature and is used to distinguish the quality of the rice.
The quality determines whether it has a certain degree of
cleanliness and purity (Cheaupun et al., 2003).

Most consumers prefer aromatic rice because of its good
quality, including its tenderness, shape, colour, aroma, and
taste (Choudhury et al., 2001). Due to its popularity and
quality, aromatic rice is used for celebrations and special
occasions. Several factors affect the quality of aromatic
rice, including the location of its cultivation, climatic con-
ditions, genetics, and postharvest treatment (Champagne,
2008). The quality of the rice is influenced by posthar-
vest practices such as storage conditions and duration,
the drying method used, the enrichment process, and the
packaging material. If the influencing factors such as stor-
age conditions and duration, as well as the temperature and
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humidity are controlled, the potentially harmful effects of
these factors on rice quality such as taste and odour can be
minimized (Wongpornchai ez al., 2004). In the rice indus-
try, quality control, mislabelling, sorting, and adulteration
are major issues in different rice varieties. Therefore, the
rice industry uses standard grades based on market crite-
ria to identify the rice grain. The most common means of
evaluating the quality of aromatic rice are human expert
panels who distinguish the rice based on its aromatic char-
acteristics (Fitzgerald ef al., 2009). However, this method
has drawbacks, such as the many years of training required
and the potential fatigue of panel members as the number
of samples increases causing less accurate results (Karami
et al., 2020d; Noorsal, 2005). An analysis using GC-MS
can also be used to evaluate the quality of the aromatic
rice samples, but this is a complex and expensive method
(Abdullah et al., 2015; Karami et al., 2020a).

During the processing of the rice grain, several inspec-
tion steps may be performed to determine the quality and
type of rice seed. Therefore, evaluating the purity of the
seed varieties is more difficult and complicated than evalu-
ating other factors such as aroma, taste, size, colour, and
cleanness. This problem may be overcome by using a non-
destructive and faster method for rice evaluation and easy
handling (Abdullah et al., 2016).

Due to the rapid and outstanding advances in computer
and sensor technology, the application of a bionic electronic
nose, which includes a gas-sensitive semiconductor sensor
and a pattern recognition system, provides a new means for
rapid classification and variety recognition (Karami ef al.,
2021; Rasekh and Karami, 2021a). In addition, electronic
nose technology has provided a non-invasive, rapid method
for the classification and recognition of paddy rice (Hu et
al.,2011; Huichun et al., 2012; Zheng et al., 2009). Pattern
recognition methods include Neural Networks (NN)
(Llobet et al., 1999; Rasekh and Karami, 2021b), principal
component analysis (PCA) (Capone et al., 2001; Tatli et al.,
2022), and linear diagnostic analysis (LDA) (Aghili et al.,
2022; Hai and Wang, 2006).

As mentioned earlier, studies have been conducted con-
cerning the detection and differentiation of rice cultivars
using electronic noses, in the particular case of distinguish-
ing pure cultivars from counterfeit ones, it may best stated
that it is generally useful and can be very useful. The aim
of this study was to evaluate the ability and accuracy of
an electronic nose using chemometrics (PCA, LDA and
Support Vector Machines-SVM) and artificial neural net-
works (ANN) to distinguish pure rice cultivar (Hashemi
variety) from 3 gross cultivars (80% pure + 20% non-orig-
inal) so that a safe, rapid and non-destructive method may
be introduced for the benefit of consumers (in order to help
them to choose the right product).

This paper presents an effective approach for the detec-
tion of adulterated and pure rice based on chemometrics
methods using an MOS-based E-nose. The goal was to
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achieve a suitable, accurate and rapid (non-destructive)
method to identify genuine and fake rice using electronic
nose and chemometric techniques and artificial neural net-
works. This study makes the following contributions:

1. Firstly, samples of the original rice and three types
of fake rice were prepared for testing, and the results of
analysing the characteristics of the VOCs were comprehen-
sively and rapidly evaluated using the electronic nose.

2. Then, according to the response of the sensor array of
the electronic nose system, four pattern recognition meth-
ods — PCA, LDA, SVM and ANN-were used to identify
and classify the gas samples.

3. A comprehensive study concerning the detection
of adulterated and pure rice is presented, thereby dem-
onstrating the high degree of accuracy of the proposed
chemometrics methods. It was found that by using these
methods, it is possible to distinguish whether rice is genu-
ine or fake with a high degree of accuracy. The findings of
this study will provide a reference to related research to be
conducted at some future date.

MATERIALS AND METHODS

Firstly, four rice varieties from the Rice Research
Institute of Iran were prepared. The four varieties included
one high-quality variety named Hashemi and three low-
quality varieties named Neda, Khazar, and Sahel. It is
noteworthy that there are two types of Hashemi rice: the
hot and cold types, which are similar in appearance, but
the cold type is superior in terms of ease of cooking and
taste. In this study, the cold type of Hashemi variety was
used. Thus, in the experiments, one original rice variety
(cold Hashemi type) and three non-original or adulterated
varieties were prepared (a mixture of the Khazar, Neda and
Sahel varieties with the Hashemi variety), so that the adul-
terated varieties each contained 80% Hashemi variety and
20% low-quality varieties (The weight amount was equal to
160 grams of the Hashemi variety + 40 g of the low-quality
variety).

After the varieties were prepared and mixed, the samples
were placed in a closed container (the sample container) for
1 hour in order to saturate the container with the rice odour,
and then the sample containers were used for data collec-
tion with an electronic nose.

In this study, an electronic nose was used, it was manu-
factured in the Department of Biosystems Engineering, in
the University of Mohaghegh Ardabili (Fig. 1).

In this device, nine metal oxide semiconductor (MOS)
sensors with a low power consumption were used, these are
among the most common sensors available. The specifica-
tions of the sensors are given in Table 1.

Data were collected by connecting the sample container
to the electronic nose. Data collection began by passing
clean air through the sensor chamber for 150 s to clear the
sensors of odours and other gasses. The sample odour was
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Fig. 1. Schematic of an artificial olfactory (e-nose) system, the components of this system consist of the following parts (listed in
the order and direction of airflow): (a) air filter (activated charcoal to remove ambient-air VOC hydrocarbons), (b) sample headspace
chamber, (¢) solenoid air valves, (d) diaphragm pump, (¢) e-nose sensor array chamber, (f) data acquisition recorder and wireless trans-
mission card, and (g) personal computer (PC). Adapted from Karami et al. (2020b).

Table 1. Sensor types, the gas detection ranges, and the known
chemical sensitivity of the tin oxide MOS sensors within the elec-
tronic nose sensor array

Row  Sensor name Main applications (Gas detector)
1 MQ9 CO, and combustible gas
2 MQ8 Hydrogen
MQ136 Sulphur dioxide (SO,)
Steam ammonia, benzene
4 MQI35 sulphide , ’
5 TGS2620 Alcohol, steam organic solvents
6 TGS813 CH,, C;Hg, C,H,
7 TGS822 Steam organic solvents
8 MQ4 Urban gases and methane
9 MQ3 Alcohol

then drawn out of the sample chamber by the pump for 150 s
and directed to the sensors. Fresh air was then injected into
the sensor chamber for 150 s to prepare the instrument for
the replication and subsequent experiments (Karami et al.,
2020c). For each sample, 22 replicates were performed.

In these steps, the output voltage of the sensors was
changed by exposure to the gases emitted by the sample
(rice aroma) and the odour responses were recorded on
data acquisition cards. The sensor signals were recorded
and stored at 1-second intervals. The baseline correction
method was a fractional one in which noise and possible
deviations were eliminated, then, the sensor responses were
normalized and made dimensionless based on following

equation (Capone et al., 2001):
Ys(t) — Xs(t)_Xs(O)
X,(0)

where: Y (?) is the normalized response, X(0) is the base-
line and X5 () is the sensor response.

Chemometrics and principal component analysis (PCA)
were used to determine the outputs of the sensors and
reduce the data dimension. In the next step, the LDA and
ANN methods were used to classify the four rice varieties.

Principal component analysis is one of the simplest
multivariate methods and is usually used unsupervised to
cluster data by group. It usually reduces the dimension of
the data, and the best results are obtained when the data are
negatively or positively significantly correlated. Noorsal
(2005) reported that this technique has been widely used in
processing electronic nose data. Another advantage of PCA
is that this technique reduces the size of the multidimen-
sional data by removing additions without losing important
information.

The most commonly supervised technique for classify-
ing samples into predetermined classes is linear detection
analysis (LDA). This technique selects independent data
variables to recognize the sample that follows a normal
distribution. Based on classification functions (van Ek
and Trim, 1998), the LDA is the line at which the variance
between the groups is maximized, while the variance with-
in the groups is minimized.

The SVM method was first introduced by Vapnik (2000)
has been further developed in recent years. Various studies
have been reported which indicate that an SVM is usually
more effective than other classification algorithms. In the
last decade, this method has been used as an important
learning technique to solve classification and regression
problems in various fields.

In addition, ANN and pattern recognition were used to
identify the similarities and differences between the pure
and adulterated rice varieties. Based on the nine sensors,
nine neurons were considered for the input layer. The hid-
den layer was evaluated according to the optimal number
of neurons, and the four output neurons were evaluated
according to the number of output classes (four rice vari-
eties). The logarithmic sigmoid transfer function and
Lunberg-Marquardt learning method were used to train
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the network. The errors level was also calculated using the
mean square error. All data were randomly selected for
learning (70%), testing (15%), and validation (15%). The
training data was provided to the network during the train-
ing period and the network was adjusted according to their
errors. Validation was used to measure the generalization
of the network and the completion of the training. Testing
the data did not affect training and therefore provided an
independent indication of network performance during and
after training (Bieganowski ef al., 2018).

RESULTS AND DISCUSSION

A spider web graph was used to observe the differences
in patterns (fingerprints) between the rice varieties. The
average output data from the electronic nose sensors during
the 150 s of sample measurement were normalized. They
were then plotted as a spider web graph using equation
(Fig. 2). According to this diagram, it may be seen that two
sensors, MQ135 and TGS813, play a particularly decisive
role in the identification.

Ma9

Ma3

MQ4

Maise

e Hashemi e===1 2 3

Fig. 2. Spider web graph of the VOCs in rice cultivars.
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The graph shows the difference between the response
patterns of the sensors for each rice variety. As may be
observed from Fig. 2, there are significant similarities in
the fingerprints of the different rice varieties, so all varieties
showed the same pattern with different values. The variety
of Hashemi showed the strongest odour among all of the
rice varieties.

According to the scores graph (Fig. 3), the total vari-
ance of the data was equal to PC-1 (98%) and PC-4 (0%),
respectively, and the first two principal components
accounted for 98% of the total variance of the normal-
ized data. When the total variance is greater than 90%, it
means that the first two principal components can explain
the total variance of the data set (Khorramifar ez al., 2021).
As may be observed in this figure, the Hashemi variety (a)
on the left side of the graph is easily distinguished from the
three fake varieties (b, ¢, d) by the PCA method. Hence,
it may be concluded that the e-nose was good at detect-
ing rice fragrances and distinguishing between the pure and
impure varieties, which proves the high degree of preci-
sion of the device in detecting different fragrances. The
results are consistent with those of Xu et al. (2014) who
studied the classification of six rice varieties. According to
their results, the PCA had an accuracy of 99.5% (Xu et al.,
2014). Other researchers also studied potential canola oil
fraud with Fourier transform MIR spectroscopy and were
able to detect it with a 99% accuracy using the PCA method
(Li et al., 2015) the results were consistent with those of
our study. The results of our research were much better than
the results produced by Georgouli ef al. (2017), who, by
applying the PCA method and using Raman spectroscopy
detected the counterfeit canola oil with a 56.6% accuracy.
The results of the PCA method used in the Hun ez al. (2016)
research to detect adulteration in oil were very similar to
the results produced by the PCA method in our research.
They identified adulteration in the oil with hyperspectral
imaging and the results of their research showed that the
accuracy of the PCA method is 99% (Han ef al., 2016).

Scores

0.01

PC-4 (0%)

>

PC-1 (98%)

Fig. 3. Two-dimensional PCA plot used to identify four rice cultivars with data collected using an electronic nose: a) Hashemi,

b) Hashemi + Neda, ¢) Hashemi + Khazar and d) Hashemi + Sahel.
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The correlation loading plot shows the relationships
between all of the variables. The loading plot (Fig. 4)
illustrates the relative contribution of the sensors to each
principal component. The inner and outer ellipses represent
50 and 100% of the total variance of the data, respectively.
The higher the loading coefficient of a sensor, the greater
the role of that sensor in terms of identification and classi-
fication. Thus, the sensor results located in the outer ellipse
more significantly affected the classification of the data
(Khorramifar et al., 2021). It may be observed from the
figure that all of the sensors played an important role in the
identification of rice varieties.

The TGS822 sensor (used to detect Steam organic
solvent gases), MQ9 (used to detect carbon dioxide and
flammable gases) and MQ3 (used to detect alcohol, meth-
ane, and natural gases) played minor roles as compared to
the other sensors. It is possible to reduce expenditure and
save costs by removing these two sensors from the odour
device for detecting original and adulterated rice. Also, the
sensor of MQ135, MQS8 and TGS813 have the most roles
compared to the other sensors.

The LDA and ANN methods have been used to identify
and distinguish the pure and mixed varieties based on the
output response of the sensors. Unlike PCA, the LDA meth-
od may be used to optimize the resolution between classes
based on extracted multisensor information. Therefore, this
method was used to recognize four rice varieties (1 pure

3 Correlation Loadings (X)

0.1

PC-4 (0%)
=]

-0.1

0.7 0.8

PC-1 (98%)

0.9 1

Fig. 4. Loading plot for PCA analysis to identify four rice cultivars.
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and high-quality variety and 3 counterfeit varieties) based
on the output response of the sensors. The recognition rate
of the varieties was 100% (Fig. 5). The results of our study
were similar to the results produced by the study of Shen et
al. (2016). They examined the freshness of the orange juice
using an electronic nose and FT-IR spectroscopy and stated
that the accuracy of the LDA method for detecting fresh-
ness in orange juice using FT- IR spectroscopy is equal to
87.5% and, when using an electronic nose, 91.7% (Shen et
al., 2016). In addition, in another study, researchers using
Raman spectroscopy were able to detect olive oil fraud
using the LDA method with an accuracy of R* = 0.912-
0.994 (Lerma-Garcia et al., 2010) had a method accuracy
that was close to the results of our research. The research-
ers identified the authenticity and counterfeiting of coffee
with 100% accuracy by applying FT-IR spectroscopy using
PCA and LDA methods (Reis et al., 2013), the results of
which were similar to the results produced by our study.
Also, Jana ef al. (2011) used an electronic nose and LDA
to distinguish between aromatic and non-aromatic rice, the
accuracy of their results was equal to 80% which was less
accurate than our research.

The SVM model is based on the theory of statistical
learning and mathematical optimization, this uses the prin-
ciple of minimizing structural error and leads to a generally
optimal solution. In this study, two methods, C-SVM and
Nu-SVM, were used to classify the samples. The parame-
ters of Nu, C and y were validated using trial and error for
minimizing. 70% of the data were used for training and the
remaining 30% were applied as a test dataset. The input
weights for all data were 1. The 4 functions, linear, sigmoi-
dal, radial and polynomial were applied. The results of the
SVM method are summarized in Table 2. According to the
obtained results, all models except for the polynomial ones
had a 100% accuracy for the training and validation sets. In
general, it may be stated that the SVM method offers a high
degree of accuracy using linear, sigmoidal and radial func-
tions. In research conducted by Khorramifar ez al. (2022)
this method was used to identify grape varieties with leaf
smell, which produced good results (with almost a 90%

Discrimination

g - n"-— - -
EE
syl VR
&
o
s,
0
<0y Linear Discriminant Analysis
Accuracy: 100%
sy Categories 4
Method used Linear
¥,
o
4 59 gy R 2, sy gy sy Y0y
ml o2 a3 Hashemi

Fig. 5. LDA analysis was used to identify four rice cultivars.
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Table 2. Results and comparison of the Nu-SVM and C-SVM models subjected to the kernel functions

Kernel C-SVM Nu-SVM

function C Y Train Validation Nu Y Train Validation

Linear 100 1 100 100 0.225 1 100 100

Polynomial 10 10 93.75 93.75 0.01 1 100 97.92

Radial basis 1 10 100 100 0.01 0.01 100 100

function

Sigmoid 1 10 100 100 0.255 0.01 100 100
Nu, C, y — these are the dimensionless parameters of the model.

Hidden Layer Output Layer
Output

]

el gl |

Fig. 6. Diagrams of the two-layer feedforward models with a tan-sigmoidal function in the hidden layer and a Softmax function in the

output layer for electronic nose inputs.
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Fig. 7. ANN result used to identify four rice cultivars.

accuracy) (Khorramifar ez al., 2022). Also, this method was
used to predict the amount of sugar and carbohydrates in
potatoes, the results were very accurate (Khorramifar et al.,
2022). In other research, Kaur and Singh (2013) classified
rice grains with a 90% accuracy using machine vision and
the SVM method. It is clear that in the SVM method, the
accuracy of the electronic nose device is much higher than
that of the machine vision.

Also, in the case of the ANN method, nine neurons were
considered for the input layer (corresponding to the output
data with nine sensors) and four neurons were considered
for the output layer (corresponding to the number of vari-
eties). Topology 9-10-4 produced the highest degree of
accuracy in recognizing rice varieties (Fig. 6), so its value
was 100% (Fig. 7). Karami et al. (2020d) found similar
results in their analysis concerning adulterated fruit juice.
In a study conducted by Shi ef al. (2018), a non-destructive
prediction of the freshness of tilapia fish fillet during stor-
age at different temperatures (0, 4, 7 and 10°C) was made
by integrating the electronic nose and tongue with neural
networks and they were able to detect the freshness rate of
the sample with an error of about 5% (Shi et al., 2018) it

is evident that the results of our study were better than the
results of this study and the reason could be due to the dif-
ferences in odour intensity and aroma in the samples of the
two studies. Also, in the research of Jana et al. (2011), who
used an electronic nose to distinguish between aromatic
and non-aromatic rice, the accuracy of their ANN method
was equal to 93%, which may be said to represent a high
degree of accuracy.

Abdullah et al. (2015) identified and classified 17 rice
samples into four categories using an olfactory machine.
According to their results, the SVM method produced the
highest degree of accuracy (100%) and was the best clas-
sification method for the various varieties, while the KNN
method was second in classifying rice samples. Rahimzadeh
et al. (2022) used the KNN method to recognize three rice
varieties and the accuracy of their results was reported to be
100%. They stated that the KNN method performed better
than the PCA and LDA methods in terms of accuracy.

Similarly, our results showed that the LDA method was
less accurate than other methods such as ANN, KNN, SVM
and PCA.

Lim et al. (2020) used an electronic nose to evaluate the
quality of China commercial moxa floss and classified the
degree of quality using the PCA method with an accuracy
of 94.3%, which is consistent with the results of our study.
In addition, they used the ANN method for classification
with an accuracy of 85% which was actually less accurate
than the same method used in our study (100%).

Liu et al. (2017) used multispectral imaging and che-
mometrics to detect sucrose adulteration in tomato paste.
They reported that the accuracy of the PLS and BPNN
methods (93%) was lower than that of the other two meth-
ods (LS-SVM and PCA). The accuracy of the LS-SVM and
PCA methods was 96 and 98%, respectively. Therefore, the
PCA method performed better than the others.
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In one study, Hidayat et al. (2019) used an electronic
nose with chemometrics methods. They examined the qual-
ity of black tea. They also used the Radial SVM and LDA
models for this purpose, which produced a lower degree of
accuracy than the linear SVM model (Hidayat ez al., 2019).

In another study, Liu et al. (2018) classified various
fragrances in terms of electronic nose responses (devel-
oped by the E.NOSE team in the University of Technology
Sydney) by applying support vector machines and artifi-
cial neural networks (genetic algorithm). They found that
they could achieve the highest degree of accuracy using the
SVM method (86.04%) and that the accuracy of the neu-
ral network and the PCA + SVM methods were 51.37 and
63.47%, respectively (Liu et al., 2018).

CONCLUSIONS

In this study, an electronic nose with nine metal oxide
sensors was used to distinguish between the original and
the mixed rice varieties.

1. Chemometric methods such as principal compo-
nent analysis, linear discriminant analysis, Support Vector
Machines and Artificial Neural Network were used for the
qualitative and quantitative analysis of complex data with
electronic sensor arrays. Principal component analysis was
used to reduce the data and described the variance of the
data set with two principal components PC1 and PC4 (98%)
which provided a preliminary classification. In addition,
linear discriminant analysis, SVM and ANN could be used
to identify and accurately classify the pure and adulterated
rice varieties with an accuracy of 100%, respectively.

2. Using an electronic nose, pure and impure rice
varieties can be identified rapidly and non-destructively.
Consumers, such as restaurants and hall owners, can use
this method to identify rice varieties and select pure and
high-quality varieties.

3. Moreover, the important difference between this
study and previous works is that in the present study, two
methods of chemometrics and artificial neural networks
were used simultaneously to classify the samples.
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