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ABSTRACT Recently, the issue of food authentication has gained attention, especially halal authentication,
because of cases of pork adulteration in beef. Many studies have developed rapid detection for adulterated
meat. However, these studies are not yet practical and economical methods and instruments and a faster
analysis process. In this context, this paper proposes the Optimized Electronic Nose System (OENS) for
more accurately detecting pork adulteration in beef. OENS has advantages such as proper noise filtering,
an optimized sensor array, and optimized support vector machine (SVM) parameters. Noise filtering
is carried out by cross-validation with different mother wavelets, i.e., Haar, dmey, coiflet, symlet, and
Daubechies. The sensor array was optimized by dimension reduction using principal component analysis
(PCA). An algorithm is proposed for the optimization of the SVM parameters. An experiment was conducted
by analyzing seven classes of meat, comprising seven different mixtures of beef and pork. The first and
seventh classes were 100% beef and 100% pork, respectively, while the second, third, fourth, fifth, and sixth
classes contained 10%, 25%, 50%, 75%, and 90% of beef in a sample of 100 grams, respectively. Sample
testing was carried out for 15 minutes for each sample. The classification test results to detect beef and
pork had an accuracy of 98.10% using the optimized support vector machine. Thus, OENS has a favorable

performance to detect pork adulteration in beef for halal authentication.

INDEX TERMS Electronic nose, beef, pork, adulteration, halal authentication, optimized SVM.

I. INTRODUCTION

The issue of food authentication has recently attracted the
attention of consumers because of religious or lifestyle rea-
sons [1]-[4]. Especially for Muslims, food authentication
regarding halal food is essential [5]. Pork is food that Muslims
cannot eat (The Holy Quran, 1:173; 5:3; 6:145; 16:115).
However, pork adulteration in beef has been discovered in
the market [3], [6]. The practice of mixing beef with pork
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is sometimes done for economic reasons [7], [8]; the seller
adulterates pork in beef because pork is cheaper than beef [9].

Recent research has discussed meat authentication using
visual detection. The procedure includes DNA isolation
from fresh meat samples, amplification of specific DNA
sequences, and detection using lateral flow assays. This
research can authenticate horse meat and pork meat with high
selectivity and reproducibility values. However, this process
still takes quite a long time, namely, 25-30 minutes [10].
Another recent study used lateral flow sensing (LFS) and
polymerase chain reaction (PCR) for the rapid visual detec-
tion of adulterated meat [11]. The samples used in this study
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were the adulterated beef samples prepared by mixing with
duck meat in a series of proportions of 0%, 0.01%, 0.05%,
0.1%, 0.5%, 1%, 5%, 10%, 50%, and 100%. This research
took less than 2 hours to process. Various scientific methods
have been developed to identify mixed meats, including gas
chromatography (GC) and mass spectrometry (MS) [12],
high-performance liquid chromatography (HPLC), nuclear
magnetic resonance (NMR) spectroscopy [13], and Fourier
transform infrared (FTIR) spectroscopy [14]. However, sev-
eral things have to be considered when using these tools, such
as cost, time, and experience [15], [16]. The price of GC-MS
instrument is around USD 120,000 in 2017 [17], while the
cost of testing a sample is about USD 50. In addition, the
testing process of one sample can take about 1 to 2 days,
depending on the complexity of the gases. Another consid-
eration is the assistance of a person who has experience with
operating the GC-MS instruments.

A solution is needed to meet these considerations using
more practical and economical methods and instruments, and
a faster analysis process with reliable results. This paper
proposes the Optimized Electronic Nose System (OENS).
An electronic nose (e-nose) is the main instrument in OENS.
E-noses are devices with several advantages over other tech-
niques for analyzing food smell, for example, the small
amount of sample required, fast performance, simple usage,
high sensitivity, and good correlation between the data from
sensor analysis. The e-nose features offer five main cate-
gories of food analysis that can be used: monitoring, expiry
checking, freshness evaluation, purity testing, and other food
quality control investigations. Hence, the motivation for this

study can be formulated as follows:
1. Several types of research have used an e-nose to iden-

tify pork adulteration in beef for food quality control.
However, most of them were focused on the differen-
tiation and classification of species of meat. Only a
few researchers have tried to determine different gas
contents, which can be used for halal authentication in
food.

2. Inthe existing studies, e-nose systems have been devel-
oped for halal authentication. They show the poten-
tial of e-nose for halal authentication, even though
their experiments were quietly limited without per-
forming classification or regression tasks. For exam-
ple, e-nose with PCA was used to differentiate pure
lard, pure chicken fats, beef fats, mutton fats, and
adulterated samples [18]. Moreover, e-nose with PCA
was employed to discriminate four meat samples and
three types of sausage [12]. Furthermore, another study
attempted to perform binary classification to differen-
tiate beef and pork using Naive Bayes classifier [19].

According to these motivations, the main contribution of

this study is to propose OENS for performing multiclass
classification to differentiate seven mixtures of beef and pork.
Therefore, this study makes the e-nose implementation for the
practical application of halal authentication closer. In addi-
tion, e-nose produces signals that are sent to a computer for
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processing and analyzing. The proposed OENS can prevent
the distortion of e-nose signal analysis by: (i) proper noise
filtering, (i) optimizing the sensor array, and (iii) optimizing
the support vector machine (SVM) parameters.

The rest of this paper is organized as follows. Section 2 dis-
cusses previous works related to the topic of this study.
Section 3 explains the details of OENS, including a specifica-
tion of the materials and methods used in the experiment, such
as the classification method and the discrete wavelet trans-
form for signal processing. Section 4 describes the results of
the experiment. Section 5 is the conclusion.

Il. RELATED WORKS

E-nose can be used for food authentication and adulteration
assessment, as summarized in TABLE 1. Research to detect
meat adulteration using an electronic nose has developed and
is being studied. The latest research can detect a mixture
of minced mutton in pork [20]. The study made six mixed
combinations, namely mixing minced pork at 0%, 20%,
40%, 60%, 80%, and 100% by weight with minced mutton.
To build the predictive model, these studies using multiple
linear regression (MLR), partial least square analysis (PLS),
and backpropagation neural network (BPNN). The predictive
R2 result for the six classes is 0.97.

TABLE 1. Application of electronic noses for food assessment in the last
five years.

Sample Application Data Processing Ref

Pork Adulteration pork in [20]
minced mutton MLW, PLS, BPNN

Tomato Adulteration levels [21]

juice in tomato juices Spectral clustering

Coffee and Afiulteratlon coffee [22]

bell pepper with  bell pepper
powder Unfolded CA

Wine Authenticity [23]
assessment of wine PCA, SLDA, CA

Mutton Adulteration pork in [24]

minced mutton PCA, SLDA, CDA
Acronyms used: Metal oxide semiconductor, MOS; Principal
component analysis, PCA; Stepwise linear discriminant analysis,

SLDA; Cluster analysis, CA; Critical discourse analysis, CDA.

An electronic nose to detect adulteration levels in tomato
juices is discussed [21]. This research compared six previous
methods with the most recent popular one, spectral clustering
using three methods of evaluating the clustering performance,
i.e., mutual information criteria (MI), precision, and rand
index (RI) which give statistical significance result (alpha =
0.05), thus outperformed the other methods. Rodriguez [22]
studied two food adulteration cases (a pure variety of green
coffee beans and pure cayenne adulteration with bell pepper
powder). This work aimed to report improvements achieved
in the differentiation of aroma samples with minimal differ-
ences in odor pattern.

Moreover, wine traceability and authenticity can be used to
prevent outlawed adulteration practices, such as (i) addition
ethanol, coloring and flavoring compounds; (ii) diluting wine
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FIGURE 1. Schematic of the e-nose experiment for OENS.

with water; and (iii) replacing with cheaper wine. Therefore,
the combination between e-nose and multivariate statistical
methods improved the traceability and the classification of
grapes and wine (especially the varieties and the geograph-
ical origin of grape) [23]. E-nose was also succeeded in
detecting adulteration of mutton, which led into developing
a model capable of detecting and estimating the adulter-
ation of minced mutton with pork [24]. The volatile com-
pounds occurring in the samples were collected by utilizing
MOS-based e-nose. Later, an optimal data matrix is obtained
using feature extraction methods, PCA, loading analysis,
and SLDA.

Most of the studies on using e-noses only distinguished
between 2 products or more and did not consider possible
noise contamination of the gas sensor signals from the e-nose.
However, in certain conditions, noise can affect the raw
signal by 20% [25]. The noise influences the classification
performance. While being sent to the computer, the signals
can be interrupted and mixed with unwanted signals, which
creates noise [26]-[28]. These noises may interfere with the
authenticity of the information, for example, caused by air
that is contaminated by certain substances or smells. This
noise should be removed to prevent the distortion of the anal-
ysis and the classification process. Several researchers have
used the discrete wavelet transformation (DWT) to reduce
noise in data signals [29]-[35]. However, these studies only
focused on the use of the DWT method without involving the
use of suitable parameters, such as mother wavelet and level
decomposition, although these parameters could improve the
performance based on the noise-filtered signal [36]-[38].
Apart from that, the number of sensors has also not been
considered, even though using more sensors than necessary
incurs extra costs. Based on the analytics, some of the sensors
provide no significant information on the samples, hence
the costs can be decreased by eliminating unnecessary sen-
sors. Several works also perform sensor array optimization
to reduce data dimensions, electrical consumption, produc-
tion cost, computational and traffic overhead, etc [39]-[41].
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For interested readers, recent development and challenges for
e-nose signal processing are summarized here [42].

Ill. MATERIALS AND METHOD

A. MATERIALS

In this study, an e-nose was built using nine MQ series
gas sensors from Zhengzhou Winsen Electronics Technology
Co., Ltd. The gas sensors were also used to detect different
types of gases, as in our previous study [19]. The list of gas
sensors is given in TABLE 2. These gas sensors were assem-
bled to an Arduino microcontroller. For data communication,
a universal serial bus (USB) interface was used to transfer
the signals from the microcontroller to the computer. The gas
sensors were placed in a sample chamber made of transparent
glass. FIGURE 1 depicts the component of the e-nose system.

TABLE 2. Gas sensors in the sensor array.

No  Sensor Initial Selectivity
1 MQ2 S1 LPG, i-butane, propane, methane,
alcohol, Hydrogen, smoke
2 MQ4 S2 Methane (CH,), Natural gas
3 MQ6 S3 LPG, iso-butane, propane
4 MQ9 S4 Methane, Propane, and CO
S5 NH; (Ammonia), NOy, alcohol,
3 MQI35 Benzene, smoke, CO,
6 MQ136 S6 Hydrogen Sulfide (H,S)
7 MQ 137 S7 Ammonia
8 MQ 138 S8 Toluene, acetone, ethanol
9 DHT22 S9 Temperature & Humidity

The samples used were ground beef and ground pork
bought in fresh condition from the same store on the same
date. In the experiment, samples of seven combinations of
beef and pork were used. Both ground beef and pork were
used in samples with a weight of 100 gr each with various
compositions, which were divided into seven classes: the
first and seventh classes were 100% beef and 100% pork,
respectively. The second, third, fourth, fifth, and sixth classes
contained 10%, 25%, 50%, 75%, and 90% of beef from a
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TABLE 3. Composition of samples.

Labels Initial Beef Pork The amount
(grams)  (grams) of data
Class 1 S000 100 0 60
Class2  S010 90 10 60
Class3  S025 75 25 60
Class 4 S050 50 50 60
Class 5 S075 25 75 60
Class6  S090 10 90 60

total sample of 100 grams, respectively. A scale was used
to ensure that the weight of the mixture was appropriate.
The compositions of the respective samples can be seen in
TABLE 3. The following steps were used to collect the data
samples:

1) the e-nose was turned on, and the sensors were warmed
up for 15 minutes;

2) the sample was placed in the sample chamber with the
gas sensors;

3) the processes of data retrieval and transfer to the com-
puter using the USB interface took 15 to 20 minutes for
each sample;

4) the sample chamber was cleaned using a flashing fan
for 5 minutes after every sampling, so the next sam-
pling was not affected by gas residue from the previous
sampling.

As mentioned previously, the data were divided into seven
classes, with 60 data for each class. Therefore, the total
number of recorded data was 420. Each data had 10 digital
outputs, i.e., S1, S2, S3, S4, S5, S6, S7, S8, S9 for temper-
ature, and another S9 for humidity. In this paper, the digital
output is called the raw signal. The data of all 7 classes are
shown in TABLE 3. For interested readers, our dataset has
also been uploaded here [43], [44].

Signal Preprocessing
with proper noise
filtering

| Statistical Parameter
Extraction

Y

Classification with . .
|, Dimenssional

optimal par:ameters of € Reduction with PCA
classifier

FIGURE 2. Signal analysis steps for OENS.

B. PROPOSED METHODS

After the dataset had been generated, the raw signals were
analyzed through several steps, as shown in FIGURE 2. The
first step is signal pre-processing, which cleans up the noise
and produces output in the form of a reconstructed data signal.
The next step is statistical parameter extraction, which uti-
lizes the reconstructed data signal and extracts it to obtain the
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characteristics of the signal. The third step is the dimensional
reduction, where the signal obtained is analyzed to select only
the sensors that have the largest impact on pork adulteration
detection. The final step is constructing the classification
model from the 7 classes. The data obtained from the previous
processes are divided into testing data (30%) and training data
(70%) to be evaluated by the classification model. The data
acquired from the e-nose are processed using a computer with
scikit-learn by Python-based machine-learning software [45].

1) SIGNAL PRE-PROCESSING

Signal pre-processing is carried out to eliminate noise in
the signals [46]. In this research, the noise was caused by
the internal sensors, changes in ambient conditions such as
humidity and temperature, and changes in electrical condi-
tions such as voltage and current. The signals produced by
an e-nose are usually non-stationary, where the statistical
properties of the signal change with time [46], making the
noise reduction process more complicated. This study used
the discrete wavelet transform (DWT) and then compared
several mother wavelets to determine the best-suited mother
wavelet for noise filtering. This technique identifies the data
from various aspects of signal analysis, trends, breakdown
points, discontinuities, and similarities. The data produced by
the e-nose are then divided into 7 classes. The first step is to
look at the shape of the signals. In the second step, the type of
wavelet, the so-called mother wavelet, is determined; this is
indispensable because it is varied and is grouped based on the
respective basic wavelet functions. The most popular types of
mother wavelets in signal processing are Haar, dmey, coiflet,
symlet, and Daubechies, all of which were compared in our
experiment, with several decomposition levels. The discrete
wavelet transform process for a given signal x(¢) is expressed
in Equation 1.

dwt(m, n) = (x(t), wm,a(1))

L/m x(H)w x (ﬂ)dt 1)
V2 ) 2m

where m, n, w represents scaling parameter, translation
parameter, and mother wavelet, respectively. The explanation
for the wavelet transform process is as follows: the first step
is transforming the data with Equation 2,

1 [*® t—b
T(a,b) = % / x(Hw x <7> dt 2)

where w x (¢) is the conjugation of wavelet complex function
analysis, a is the wavelet dilation parameters, and b is the
location or position of the parameters. The wavelet function
in discrete form is as follows:

o 1 <t — nboaom) 3)
Wma(t) = — o
\/ ao ao

where m, n represent dilatation and wavelet translation con-
trol, respectively. ag is a constant dilatation parameter with a
value of more than one and by is the location parameter, which
should be more than 0. If ag = 2 and by = 2 are substituted
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into Equation 2, the dyadic grid of the wavelet transform is
written as follows:

Omn(t) =27 w27t —n) “4)

By using this discrete wavelet function, the discrete transfor-
mation is obtained:

oo
T = [ xtunatoii )
=0
Tm.n 1s known as the detail wavelet coefficient with index
scale m and location n. The discrete wavelet is related to the
scaling function and its dilatation equation. The use of the
scaling function is meant to smoothen the signal. The result
of the scaling function is convoluted with the signal, which
provides the approximation coefficient. In this experiment,
PyWavelets was used [47].

2) STATISTICAL PARAMETER EXTRACTION

In this step, parameter extraction is performed to extract the
most relevant and informative values to represent the charac-
teristics of the overall sensor response. The pre-processing
values of sensor responses are averaged to get a single
value [48]. In this research, several statistical parameter
extraction methods were carried out (e.g., standard deviation
(ST), mean (M), kurtosis (K), and skewness (SK). This study
also made several combinations of the main parameter extrac-
tion methods such as mean combined with standard deviation
(M + ST), mean with skewness (M + SK), mean with kur-
tosis (M + K), mean with standard deviation and skewness
(M + ST. + SK), mean with standard deviation and kurtosis
(M + ST + K), and mean with all major parameter extractions
(M + ST + SK + K). Statistic parameter extraction using M
parameter, the average of the signals to be reconstructed is
represented by y(¢). To reconstruct the signals using the mean
parameter, Equation 6 is used.

— 20
) = N

(6

where Y y(¢) is the sum of the results of one sensor, and
NN is the total number of data. Meanwhile, if using standard
deviation (ST) as a statistical parameter, Equation 7 is used.

1 —
o= |52 (=0 @)
i=1

where x; is each value from the population. The formula for
reconstructing the signals using skewness («) is represented
by Equation 8.

- _
3 _ L 3
o= iE:I (xi — y(1)) (8

where o is a variance. While using one statistical parameter
method, the resulting features are 10 features. Furthermore,
20 features are generated while using two statistical parame-
ter methods, and so on.
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3) DIMENSIONAL REDUCTION
The features generated can be spread across multiple dimen-
sions; for this reason, dimension reduction is used to
eliminate variables that do not have a significant role in
detecting pork adulteration. Principal component analy-
sis (PCA) is the dimensional reduction method that was used
in this research. The eigenvector is used to consider the
relationship between the variables. From the experimental
results, the digital outputs are considered as PCA variables.
The steps to perform principal component analysis are as
follows:
a) calculate the covariance (Cov) using Equation 9, where
x is the signal and y is the class target from the signal.

X =
wmw=§%—mw ©
b) calculate the eigenvalue using Equation 10.
A—-AD=(0) (10)

where A, A, I are square matrices of size n X n, scalar
numbers, and identities, respectively.
c¢) calculate the eigenvector using Equation 11.

[A — AI][X] = [0] (1)

d) determine the new variable (component) by multiply-
ing the natural variable with the eigenvector.

A
L 100% (12)
> i

j=1

pl =

If the resulting value from one component combined with
another component is 0, then the correlation is considered
low and can be interpreted as no relationship [49]. The
variables that have O value are removed. After the number
of dimensions has been reduced, the results are standardized
so that the values are not too large or too small. The method
used for the standardization process is Standard Scaler. This
method gives a threshold according to the existing data.

Algorithm 1 Optimized Parameters of SVM

c_param = [0.001, 0.01, 0.1, 1, 10,
100,200,1000]
gamma_param = [0.001, 0.01, 0.1, 1, 10, 100]

for ¢ in c_param:
for g in gamma_param:
for training, testing dataset:
model = svm_train(training, c, 9)
score = svm_predict (test, model)
cv_list.insert (score)
scores_list.insert (mean(cv_list),c,qg)
print max (scores_list)

4) OPTIMIZING THE CLASSIFICATION PARAMETERS

Classification is a process of dividing the variables into
classes. The division of the classes should match the real con-
dition, i.e., if the meat sample is beef, then the sample should
be classified into the beef class by OENS. In this research,
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FIGURE 3. Graphic of the raw signal before preprocessing.

OENS used the optimized support vector machine (SVM)
as the classification method since this method is capable of
learning the data and generating the classification classes by
itself [S0]. SVM is based on the use of a hyperplane that sep-
arates objects based on different classes. SVM has two main
parameters, which are C and gamma (y) [50]. Adjustment of
these parameters can produce satisfactory performance [51].

C is regularization parameter in the SVM algorithm.
It trades off maximization of decision margin against correct
classification of training data to prevent overfitting. In addi-
tion, gamma parameter is a part of kernelized SVM using
radial basis function (RBF). It refers to the influence of a sin-
gle training data. These parameters can increase the accuracy
as well as the performance of the algorithm.

Unfortunately, there are no exact parameter values for use
in the classification process. Several researchers have tried
several different value combinations for the parameters, but
it takes a long time to execute this process [52]. Hence, this
research developed an algorithm to find the best parameters,
which can be seen in Algorithm 1. The values were deter-
mined based on an experiment with the value of C, ranging
from 0.01 to 1000 and y ranging from 0.001 to 100.

IV. RESULTS AND DISCUSSION

A sensor test was done to find out the response of the e-nose
when executing sample testing [21]. The response generated
by the e-nose sensors can be seen in FIGURE 3. Each class is
indicated in different colors. Classes 1, 2, 3, 4, 5, 6, and 7 are
shown in blue, green, red, cyan, magenta, yellow and black,
respectively. The sensor response can be seen for each sensor.
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(h) Raw signal from Sensor 8

The different combination of beef and pork leads to different
response of gas sensor. It is influenced by the gas emitted
from a meat sample. The different compositions of protein
and lipid can produce different gas. The different drawing
order of different classes indicates the different response
values of each gas sensor. It can be good sign of capability
to detect beef adulteration. For example, FIGURE 3(a) is a
graph of the signals generated by Sensor 1 for the 7 classes.
In total 420 signals were recorded, which were stacked
against each class. These stacks would be difficult to identify
through the images. For example, the grouping will be incor-
rect when the data from Class 1 are close to those of Class 2.
There was also some interference in each signal caused by
noise, as can be seen in FIGURE 3(b), 3(c), and 3(h). The
severe noise can be found in sensor 8.

This sensor has selectivity to detect toluene, acetone, and
ethanol. The volatility of the three compounds can cause the
unstable responses. Furthermore, the raw signal has to be
optimized by OENS to ensure that the result is appropriate.

A. RESULTS OF PROPER NOISE FILTERING

This research used the discrete wavelet transform for noise
reduction, using cross-validation to find the best param-
eter through mother wavelet and level decomposition.
TABLE 4 shows that the db6 wavelet was compatible with
the aims of this research based on a comparison with the
mother wavelet. The result from 20 experimental runs was
level 1 of decomposition; db6 gave a satisfactory result.
Furthermore, this research also calculated the accuracy of
the raw data signal. The result was 87.61%, which means
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FIGURE 4. Graphic of the raw signal after processing.

TABLE 4. Wavelet decomposition level of eleven gas sensors.

Mother Wavelet Decog}\)/ziition Accuracy (%)
Haar 1 87.00
Dmey 1 87.20
Coiflet 3 73.34
Svmlet 2 65.19
Daubechies (dbl) 1 88.00
Daubechies (db6) 1 88.76

that the accuracy was increased by 1% by employing proper
noise filtering using DWT with wavelet db6. The prepro-
cessing result is shown in FIGURE 4. The signal looks
smoother and the noise is lowered or smoothed. As depicted
in FIGURE 3(h), the original signal shows significant noise;
it has been reduced after finishing signal reconstruction by
DWT with db6, as can be seen in FIGURE 4(h). After the
signal was reconstructed, the signal results were extracted
by statistical parameter extraction. This research has made
10 combinations of statistical parameter extraction. These
statistical parameters will be used as features, as has been
done in previous research [53]. Dimensional reduction is used
in this study to see which features or variables affect the
detection of the mixture of pigs in beef.

B. OPTIMIZED SENSOR ARRAY

The dimensional reduction is used in this study for dimen-
sional reduction; other than that, it is used as an optimization
sensor array. From these experiments, the gas sensor produces
ten digital outputs considered as variables in PCA. However,
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before entering PCA, 10 digital outputs were extracted using
several parameter statistical methods. In this manuscript,
an example is presented using the Mean (M) as the statistical
parameter extraction. Because the extraction parameter is
only one, the resulting feature is only 10 features. These ten
features will be used as input into the PCA formula.

TABLE 5. Result of eigenvalue calculation.

Proportion of

Component  Eigenvalue variance (%) Cumulative
PC1 14155.24 0.57 0.57
PC?2 4679.99 0.19 0.76
PC3 4679.99 0.12 0.88
PC4 14155.24 0.05 0.93
PC5 14155.24 0.03 0.96
PC6 14155.24 0.02 0.98
PC7 349.59 0.01 0.99
PC8 246.03 0.01 1.00
PC9 119.20 0.00 1.00
PC 10 119.20 0.00 1.00

This research tried to reduce the number of variables. The
first step is to calculate the covariance to reduce the number of
dimensions or components. TABLE 5 shows the calculation
of the eigenvalue, proportion of variance, and cumulative
variance that contributes to each component. The next step
is choosing the principal component (PC) that will be used.
If a cumulative variance of 50% does not give significant
accumulation, then a cumulative variance of more than 50% is
the best option to get a significant result. From the result, this
research used PC 1, which showed 57% of recent variation.
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TABLE 6. Result of eigenvector calculation.

\F/‘;?I;;% PC 1 PC2 PC3  PC4 PC5 PC6 PC7 PC38
Sl 20.030 0160 0.107  -0.029  -0.323 -0.303 -0.285 0.825
) 0270 0757 -0.281 0443  0.31  0.061 0217  -0.113
S3 0020 0332 0207 -0258  -0319 0759 0.285 0.149
S4 0320 0225 0610  -038 0552 -0.115 20.102  -0.011
S5 20700  -0352 0212  -0.176  -0.172 0273 0441  -0.047
S6 0550 0006 0133  -0.052 0044 026l 20.755  -0.148
s7 0.160  -0.183  0.647 0657  -0268  0.051 0023 -0.122
S8 0.030  -0282 0.112  -0349  -0.607 -0407  -0.062  -0.495

For PC 2, it was 75%, for PC 3 it was 87%, for PC 4 it was
92%, for PC 5 it was 96%, for PC 6 it was 98 %, for PC 7 it was
99%, and PC 8 it was 100%. PC 9 and PC 10 were not selected
because they did not show a significant contribution. The pro-
portion of variance is the percentage after the eigenvalue was
generated, 8§ components had a substantial contribution (PC1,
PC2, PC3, PC4, PC5, PC6, PC7, and PC8). The next step
was calculating the eigenvector, as shown in TABLE 6. The
eigenvector was calculated for each gas sensor based on the
PC that was obtained previously and sorted from the largest
to the smallest. Based on the results of PCA calculations,
the data from e-nose to detect the adulteration of pork in beef
was using 8 most dominant components based on 8 variables
provided. These eight components had a fairly big correlation
with a proportion of variance of 100%, namely the highest
and most dominant factor, MQ 135 factor, with a proportion
of variance of 57%, the MQ 4 factor, with a proportion of
variance of 19%, and the MQ 9 factor, with a proportion
of variance of 12%. The total variance obtained from the
8 variables was 100%.

TABLE 7. Result of feature selection with PCA.

n_Component Initial  Factor  Eigenvalue > 0.600 (+/-)

PC1 S5 MQ 135 0.700
PC2 S2 MQ 4 0.757
PC3 S4 MQ9 0.610

S7 MQ 137 0.647
PC 4 S7 MQ 137 0.657
PC5 S8 MQ 138 0.607
PC6 S3 MQ 6 0.759
PC7 S6 MQ 136 0.755
PC8 S1 MQ2 0.825

Besides that, from the eight components that have been
selected, this study determines which n_component sensor
has the most dominant factor. TABLE 7 shows that in the
first component, the dominant factor is S5 or MQ 135.
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The most significant factor in all components is S1 or MQ 2,
which is in component 8. TABLE 8 shows the dimensional
reduction results of the ten statistical parameter extraction
combinations. Some components from the results of several
feature extraction methods can be reduced, such as using
the M parameter statistical method. It can reduce the dimen-
sions from 10 to 8 components using the SVM classifier.
The M + ST parameter statistical method can reduce the
dimensions to 15 from 20. While the M parameter statis-
tical method + SK using four classifiers does not reduce
dimensions, 20 components are still being used. The sta-
tistical parameter method that produces the most features
is M + ST + SK + K with 40 features, which can be
reduced using the ANN classifier. FIGURE 5 shows the
data after dimensional reduction using PCA. FIGURE 5 a
and b denote the data before and after feature scaling using
Standard Scaler (Z-score) normalization, respectively. The
standardization was used for collecting the distributed data.
It can be inferred from FIGURE 5 that the data from the
first class became more clustered compared to the other
classes.

C. OPTIMIZED SUPPORT VECTOR MACHINE (SVM)
PARAMETERS

The algorithm to find optimal SVM parameters from the
420 data required 16 seconds of execution time. The data is
divided into two, namely, training data and testing data using
cross-validation. This study compared three cross-validation
types to get fair results, namely 3-fold, 5-fold, and 10-fold.
The optimal values found for parameters C and y were
100 and 0.1, respectively, using 10-fold cross-validation,
as shown in TABLE 9. The tests were run 20 times to optimize
the parameters. The final step was the classification using
SVM. In FIGURE 6, all of the data from Classes 1, 6, and
7 were correctly predicted.

Meanwhile, for Class 2, 59 data were predicted correctly,
and 1 data was predicted incorrectly; for Class 3, 58 data
were predicted correctly, and 2 data were predicted incor-
rectly; 4 data were predicted incorrectly for Class 4, and
1 data was predicted incorrectly for Class 7, and 3 data were
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TABLE 8. Comparison of the accuracy of the reduced features and parameter optimization.

Statistical Parameter Method

Classifier Results
ST SK K M M+ST M+SK M+K M+ST+SK  M+ST+K  M+ST+SK+K
ANN n component 10 10 10 10 17 20 20 25 27 40
Accuracy without PCA (%)  70.48 50.00 42.86 94.52 9548 93.10 92.14 94.76 93.57 93.57
Accuracy optimization (%)  70.71 5095 46.90 9690 96.42 94.52  96.19 96.42 95.71 95.95
LDA n component 10 10 10 9 17 20 20 23 30 17
Accuracy without PCA (%) 6690 36.19 38.57 89.29 92.86 89.29  90.00 93.10 90.71 93.10
Accuracy optimization (%)  70.24  47.62 47.62 96.67 93.81 87.38  90.24 88.10 90.00 86.67
SVM n component 10 10 10 8 17 20 20 27 30 35
Accuracy without PCA (%)  66.90 47.86 40.71 9524  96.19 90.24  89.52 93.10 87.86 91.90
Accuracy optimization (%)  76.19 4929 48.10 98.10 97.14 93.10  94.05 96.43 96.43 96.67
KNN n component 10 10 10 9 15 20 20 30 29 40
Accuracy without PCA (%) 6548 4429 38.10 9452  91.90 84.76  86.90 87.38 89.05 84.29
Accuracy optimization (%)  66.90 36.19 36.19 89.29  92.86 89.29  90.00 92.38 93.10 93.10
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FIGURE 5. Plot diagram of the dimensional reduction result using PCA: (a) the data before normalization; (b) the data after normalization

using Standard Scaler.

predicted incorrectly for Class 3. Lastly, for Class 5, 59 data
were predicted correctly and 1 data was predicted incorrectly.
In addition, TABLE 10 denotes the results of evaluation SVM
with optimal parameters.

Furthermore, this research also compared several classifi-
cation methods, i.e., artificial neural network (ANN) [54],
linear discriminant analysis (LDA), K-nearest neighbors
(KNN), and SVM, without using the parameter optimization
algorithm 89%, 54%, 87%, and 91%, respectively. SVM
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with parameters optimization algorithms, which are C and y,
were 100 and 0.1, respectively, and yielded the best result
(98.10%). In comparison, ANN with parameter optimization
algorithm relu as activation generated 95.48%, KNN with
parameter optimization algorithm neighbors = 1 and distance
as the weight generated 93.10%, and LDA with parame-
ter optimization algorithm generated 92.86%. These results
show that the optimized SVM has superior performance than
others. The optimization of hyperparameter settings makes
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TABLE 9. Comparison of evaluation results using cross-validation of the classification method.

3 -fold cross-validation

5 -fold cross-

10-fold cross-validation

Classifier validation
assihe Train Test Train Test Train Test
280 data 140 data 336 data 84 data 378 data 42 data
SVM 80.48% 93.31% 98.10%
LDA 75.95% 82.85% 96.67%
KNN 77.14% 88.57% 93.10%
ANN 73.33% 86.42% 95.48%

S000| 60 0 0 0 0 0 0

True label

S090| 0 0 0 0 0 60 0

stoo| 0 0 0 0 0 0 60

S000 SO10 S025 S050 S075 S090 S100
Predicted label

FIGURE 6. Confusion matrix from SVM classification with optimal
parameters.

TABLE 10. Results of evaluation SVM with optimal parameters.

Class Precision Recall FI1-Score l;igfea Ac?l‘llr%icy
1 1.00 1.00 1.00 97.78 98.10%
2 1.00 1.00 1.00
3 0.98 0.98 0.98
4 0.92 0.97 0.94
5 1.00 0.98 0.99
6 1.00 1.00 1.00
7 0.97 0.93 0,95

the best decision boundary to classify seven classes of beef
and pork mixtures.

V. CONCLUSION

In this study, an OENS was developed, employing 9 gas
sensors and producing 10 digital outputs. The noise of the
signals was reduced by reconstructing the signals using DWT
with mother wavelet db6, which could increase classifi-
cation accuracy by 1%. By using mean as the statistical
parameter method, generates 10 features and is spread into
10 dimensions. PCA successfully reduced the number of
components/dimensions from 10 to 8 components. These
8 components had a fairly big correlation with a proportion
of variance of 100%, namely the highest and most dominant
factor, MQ 135 factor, with a proportion of variance of 57%,
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the MQ 4 factor, with a proportion of variance of 19%, and the
MQ 9 factor, with a proportion of variance of 12%. The total
variance obtained from the 8 variables was 100%. Thus, the
optimization algorithm supported the efficiency of the SVM
classification process in obtaining the best solution, which
was 98.10% on average. This result indicates that OENS
is potentially developed for halal authentication and brings
closer to practical applications.

For future work, the fingerprint of pork adulteration in
smaller portions of beef will be developed.

REFERENCES

[1] I H. Boyact, H. T. Temiz, R. S. Uysal, H. M. Velioglu, R. J. Yadegari, and
M. M. Rishkan, “A novel method for discrimination of beef and horsemeat
using Raman spectroscopy,” Food Chem., vol. 148, pp. 37-41, Apr. 2014.

[2] G. P. Danezis, A. S. Tsagkaris, F. Camin, V. Brusic, and C. A. Georgiou,
“Food authentication: Techniques, trends & emerging approaches,” TrAC
Trends Anal. Chem., vol. 85, pp. 123—132, Dec. 2016.

[3] B.Kuswandi, A. A. Gani, and M. Ahmad, “Immuno strip test for detection
of pork adulteration in cooked meatballs,” Food Biosci., vol. 19, pp. 1-6,
Sep. 2017.

[4] H. N. Lubis, N. F. Mohd-Naim, N. N. Alizul, and M. U. Ahmed, “From
market to food plate: Current trusted technology and innovations in halal
food analysis,” Trends Food Sci. Technol., vol. 58, pp. 55-68, Dec. 2016.

[5] J. M. Soon, M. Chandia, and J. M. Regenstein, ‘‘Halal integrity in the food
supply chain,” Brit. Food J., vol. 119, no. 1, pp. 39-51, Jan. 2017.

[6] J. Ha, S. Kim, J. Lee, S. Lee, H. Lee, Y. Choi, H. Oh, and Y. Yoon,
“Identification of pork adulteration in processed meat products using
the developed mitochondrial DNA-based primers,” Korean J. Food Sci.
Animal Resour., vol. 37, no. 3, pp. 464-468, Jun. 2017.

[7] L. Yang, T. Wu, Y. Liu, J. Zou, Y. Huang, S. Babu V., and L. Lin,
“Rapid identification of pork adulterated in the beef and mutton by infrared
spectroscopy,” J. Spectrosc., vol. 2018, pp. 1-10, Feb. 2018.

[8] M. T. Mannaa, “Halal food in the tourist destination and its impor-
tance for Muslim travellers,” Current Issues Tourism, vol. 23, no. 17,
pp. 2195-2206, 2019.

[9] A. Guntarti, M. Ahda, and N. Sunengsih, “Identification of lard on grilled
beef sausage product and steamed beef sausage product using Fourier
transform infrared (FTIR) spectroscopy with chemometric combination,”
Potravinarstvo Slovak J. Food Sci., vol. 13, no. 1, pp. 767-772, Oct. 2019.

[10] M. Magiati, V. M. Myridaki, T. K. Christopoulos, and D. P. Kalogianni,
“Lateral flow test for meat authentication with visual detection,” Food
Chem., vol. 274, pp. 803-807, Feb. 2019.

[11] P.Qin, D. Qiao, J. Xu, Q. Song, L. Yao, J. Lu, and W. Chen, “‘Rapid visual
sensing and quantitative identification of duck meat in adulterated beef
with a lateral flow strip platform,” Food Chem., vol. 294, pp. 224-230,
Oct. 2019.

[12] M. Nurjuliana, Y. B. Che Man, D. Mat Hashim, and A. K. S. Mohamed,
“Rapid identification of pork for halal authentication using the electronic
nose and gas chromatography mass spectrometer with headspace ana-
lyzer,” Meat Sci., vol. 88, no. 4, pp. 638-644, Aug. 2011.

[13] I. K. Straadt, M. D. Aaslyng, and H. C. Bertram, “Assessment of meat
quality by NMR—An investigation of pork products originating from
different breeds,” Magn. Reson. Chem., vol. 49, pp. S71-S78, Dec. 2011.

221709



IEEE Access

R. Sarno et al.: Detecting Pork Adulteration in Beef for Halal Authentication Using an Optimized Electronic Nose System

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

O. Papadopoulou, E. Z. Panagou, C. C. Tassou, and G.-J.-E. Nychas,
“Contribution of Fourier transform infrared (FTIR) spectroscopy data on
the quantitative determination of minced pork meat spoilage,” Food Res.
Int., vol. 44, no. 10, pp. 3264-3271, Dec. 2011.

C. Kamrath, M. F. Hartmann, and S. A. Wudy, “Quantitative targeted GC-
MS-based urinary steroid metabolome analysis for treatment monitoring
of adolescents and young adults with autoimmune primary adrenal insuf-
ficiency,” Steroids, vol. 150, Oct. 2019, Art. no. 108426.

M. K. WozZniak, L. Banaszkiewicz, M. Wiergowski, E. Tomczak, M. Kata,
B. Szpiech, J. Namiesnik, and M. Biziuk, “Development and validation
of a GC-MS/MS method for the determination of 11 amphetamines and
34 synthetic cathinones in whole blood,” Forensic Toxicol., vol. 38, no. 1,
pp. 42-58, Jan. 2020.

P. B. Kyle, “Toxicology: GCMS,” in Mass Spectrometry for the Clinical
Laboratory. New York, NY, USA: Academic, Jan. 2017, pp. 131-163.

M. Nurjuliana, Y. B. Che Man, and D. Mat Hashim, “Analysis of Lard’s
aroma by an electronic nose for rapid halal authentication,” J. Amer. Oil
Chemists’ Soc., vol. 88, no. 1, pp. 75-82, Jan. 2011.

D. R. Wijaya, R. Sarno, and A. F. Daiva, “Electronic nose for classifying
beef and pork using Naive Bayes,” in Proc. Int. Seminar Sensor, Instrum.,
Meas. Metrol. (ISSIMM), Surabaya, Indonesia, 2017.

X. Tian, J. Wang, Z. Ma, M. Li, and Z. Wei, “Combination of an E-Nose
and an E-Tongue for adulteration detection of minced mutton mixed with
pork,” J. Food Qual., vol. 2019, pp. 1-10, Apr. 2019.

X. Hong, J. Wang, and G. Qi, “Comparison of spectral clustering, K-
clustering and hierarchical clustering on e-nose datasets: Application to
the recognition of material freshness, adulteration levels and pretreatment
approaches for tomato juices,” Chemometric Intell. Lab. Syst., vol. 133,
pp. 17-24, Apr. 2014.

S. D. Rodriguez, D. A. Barletta, T. F. Wilderjans, and D. L. Bernik, “Fast
and efficient food quality control using electronic noses: Adulteration
detection achieved by unfolded cluster analysis coupled with time-window
selection,” Food Anal. Methods, vol. 7, no. 10, pp. 2042-2050, Nov. 2014.
A. Versari, V. F. Laurie, A. Ricci, L. Laghi, and G. P. Parpinello, “Progress
in authentication, typification and traceability of grapes and wines by
chemometric approaches,” Food Res. Int., vol. 60, pp. 2—18, Jun. 2014.
X. Tian, J. Wang, and S. Cui, “Analysis of pork adulteration in minced mut-
ton using electronic nose of metal oxide sensors,” J. Food Eng., vol. 119,
no. 4, pp. 744-749, 2013.

H. Shi, M. Zhang, and B. Adhikari, “Advances of electronic nose and
its application in fresh foods: A review,” Crit. Rev. Food Sci. Nutrition,
vol. 58, no. 16, pp. 1-11, Jun. 2017.

F. Tian, S. Yang, and K. Dong, “Circuit and noise analysis of odorant gas
sensors in an E-Nose,” Sensors, vol. 5, no. 1, pp. 85-96, Feb. 2005.

D. R. Wijaya, R. Sarno, and E. Zulaika, “Electronic nose dataset for
beef quality monitoring in uncontrolled ambient conditions,” Data Brief,
vol. 21, pp. 2414-2420, Dec. 2018.

R. Sarno, S. I. Sabilla, and D. R. Wijaya, “Electronic nose for detecting
multilevel diabetes using optimized deep neural network,” Eng. Lett.,
vol. 28, no. 1, pp. 31-42, 2020.

F. Adamo, G. Andria, F. Attivissimo, A. M. L. Lanzolla, and
M. Spadavecchia, “A comparative study on mother wavelet selection in
ultrasound image denoising,” Measurement, vol. 46, no. 8, pp. 2447-2456,
Oct. 2013.

N. Al-Qazzaz, S. H. B. M. Ali, S. Ahmad, M. Islam, and J. Escud-
ero, “Selection of mother wavelet functions for multi-channel EEG sig-
nal analysis during a working memory task,” Sensors, vol. 15, no. 11,
pp. 29015-29035, Nov. 2015.

Y. Chompusri, K. Dejhan, and S. Yimman, “Mother wavelet selecting
method for selective mapping technique ECG compression,” in Proc.
9th Int. Conf. Electr. Eng./Electron., Comput., Telecommun. Inf. Technol.,
May 2012, pp. 1-4.

S. I. Sabilla and R. Sarno, “Development of wavelet transforms to predict
methane in chili using the electronic nose,” in Proc. Int. Conf. Adv. Mecha-
tronics, Intell. Manuf., Ind. Autom. (ICAMIMIA), Oct. 2017, pp. 271-276.
J. A. Ridoean, R. Sarno, D. Sunaryo, and D. R. Wijaya, “Music mood
classification using audio power and audio harmonicity based on MPEG-7
audio features and Support Vector Machine,” in Proc. 3rd Int. Conf. Sci.
Inf. Technol., Appl. IT Educ., Ind. Soc. Big Data Era (ICSIT), Jan. 2018,
pp. 72-76.

R. Sarno, J. A. Ridoean, D. Sunaryono, and D. R. Wijaya, “Classifica-
tion of music mood using MPEG-7 audio features and SVM with con-
fidence interval,” Int. J. Artif. Intell. Tools, vol. 27, no. 05, Aug. 2018,
Art. no. 1850016.

R. Sarno, D. R. Wijaya, and M. N. Mahardika, “Music fingerprinting based
on bhattacharya distance for song and cover song recognition,” Int. J.
Electr. Comput. Eng., vol. 9, no. 2, pp. 1036-1044, 2019.

221710

(36]

(371

(38]

(39]

[40]

(41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

(49]

(50]

(51]

[52]

(53]

[54]

D. R. Wijaya, R. Sarno, and E. Zulaika, “Information quality ratio as a
novel metric for mother wavelet selection,” Chemometric Intell. Lab. Syst.,
vol. 160, pp. 59-71, Jan. 2017.

D. R. Wijaya, R. Sarno, and E. Zulaika, “Noise filtering framework
for electronic nose signals: An application for beef quality monitoring,”

Comput. Electron. Agricult., vol. 157, pp. 305-321, Feb. 2019.

D. R. Wijaya, R. Sarno, and E. Zulaika, “DWTLSTM for electronic nose
signal processing in beef quality monitoring,” Sens. Actuators B, Chem.,
vol. 326, Jan. 2021, Art. no. 128931.

D.R. Wijayaand F. Afianti, “Stability assessment of feature selection algo-
rithms on homogeneous datasets: A study for sensor array optimization
problem,” IEEE Access, vol. 8, pp. 33944-33953, 2020.

D. R. Wijaya, R. Sarno, and E. Zulaika, ““Sensor array optimization for
mobile electronic nose: Wavelet transform and filter based feature selection
approach,” Int. Rev. Comput. Softw. (IRECOS), vol. 11, no. 8, p. 659,

Aug. 2016.

D. Rahman Wijaya and F. Afianti, “Information-theoretic ensemble fea-
ture selection with multi-stage aggregation for sensor array optimization,”
IEEE Sensors J., vol. 21, no. 1, pp. 476-489, Jan. 2021.

R. Sarno and D. R. Wijaya, “Recent development in electronic nose data
processing for beef quality assessment,” Telecommun. Comput. Electron.
Control, vol. 17, no. 1, p. 337, Feb. 2019.

R. Sarno, D. R. Wijaya, and S. I. Sabilla. The Dataset For Pork Adulteration
From Electronic Nose System. IEEE Dataport. Accessed: 2020. [Online].
Available: https://ieee-dataport.org/documents/dataset-pork-adulteration-
electronic-nose-system

R. Sarno, S. I. Sabilla, D. R. Wijaya, D. Sunaryono, and C. Fatichah,
“Electronic nose dataset for pork adulteration in beef,” Data Brief, vol. 32,
Oct. 2020, Art. no. 106139.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel,
M. Blondel, P. Prettenhofer, R. Weiss, V. Dubourg, and J. Vanderplas,
“Scikit-learn: Machine learning in Python,” J. Mach. Learn. Res., vol. 12,
pp. 2825-2830, Oct. 2011.

D. R. Wijaya, R. Sarno, and E. Zulaika, “Gas concentration analysis of
resistive gas sensor array,” in Proc. Int. Symp. Electron. Smart Devices
(ISESD), Nov. 2016, pp. 337-342.

G. R. Lee, R. Gommers, F. Wasilewski, K. Wohlfahrt, and A. O’Leary,
“PyWavelets: A Python package for wavelet analysis,” J. Open Source
Softw., vol. 4, no. 36, p. 1237, 2019, doi: 10.21105/joss.01237.

S. Sabilla, R. Sarno, and K. Triyana, “Optimizing threshold using pearson
correlation for selecting features of electronic nose signals,” Int. J. Intell.
Eng. Syst., vol. 12, no. 6, pp. 81-90, Dec. 2019.

G. McVean, “A genealogical interpretation of principal components anal-
ysis,” PLoS Genet., vol. 5, no. 10, Oct. 2009, Art. no. e1000686.

V. Vapnik, The Nature of Statistical Learning Theory. New York, NY, USA:
Springer-Verlag, 2013.

D. R. Wijaya, N. L. P. S. P. Paramita, A. Uluwiyah, M. Rheza,
A. Zahara, and D. R. Puspita, “Estimating city-level poverty rate based on
e-commerce data with machine learning,” Electron. Commerce Res., vol.
21, pp. 1-27, Jun. 2020.

V. Cherkassky and Y. Ma, “Practical selection of SVM parameters and
noise estimation for SVM regression,” Neural Netw., vol. 17, no. 1,
pp. 113-126, Jan. 2004.

S. L. Sabilla, R. Sarno, K. Triyana, and K. Hayashi, “Deep learning in
a sensor array system based on the distribution of volatile compounds
from meat cuts using GC-MS analysis,” Sens. Bio-Sens. Res., vol. 29,
Aug. 2020, Art. no. 100371.

S. I. Sabilla, R. Sarno, and J. Siswantoro, “Estimating gas concentration
using artificial neural network for electronic nose,” Procedia Comput. Sci.,
vol. 124, pp. 181-188, Jan. 2017.

RIYANARTO SARNO (Fellow, IEEE) was born in
Surabaya, in August 1959. He received the M.Sc.
and Ph.D. degrees in computer science from the
University of Brunswick, Canada, in 1988 and
1992, respectively. He is currently a Professor with
the Department of Informatics, Faculty of Intelli-
gent Electrical and Informatics Technology, Insti-
tut Teknologi Sepuluh Nopember (ITS). He is the
author of seven books, more than 200 articles. His
research interests include audit systems, electronic

nose, image processing, signal processing, and management business. He got
first Rank for Scientific Publications Category in the Science and Technology
Index (SINTA) Award in 2019.

VOLUME 8, 2020


http://dx.doi.org/10.21105/joss.01237

R. Sarno et al.: Detecting Pork Adulteration in Beef for Halal Authentication Using an Optimized Electronic Nose System

IEEE Access

KUWAT TRIYANA (Member, IEEE) received the
B.Sc., M.Sc., and Ph.D. degrees in physics and in
applied science for electronics and materials from
Universitas Gadjah Mada, Indonesia, in 1991,
Institut Teknologi Bandung, Indonesia, in 1997,
and Kyushu University, Fukuoka, Japan, in 2005.
He joined the Department of Physics, Faculty of
Mathematics and Natural Sciences, Universitas
Gadjah Mada, Yogyakarta, Indonesia, in 1997,
where he is currently an Associate Professor. He is
currently the Head of the Taste and Odor Research Center (TOR-C), Uni-
versitas Gadjah Mada. He is also Founder of PT. NanoSense Instrument
Indonesia and serves as a member of the Institute of Halal Industry and
System (IHIS), Universitas Gadjah Mada, to develop rapid halal authenti-
cation tools. In professional organization, he is recently a Vice President of
Physical Society of Indonesia (PSI) and also Materials Research Society
of Indonesia (MRS-id). His current researches are QCM based chemical
sensors, electronic nose and tongue systems, and their applications. He is
coauthor of more than 120 publications in indexed international scientific
journals.

SHOFFI IZZA SABILLA was born in Surabaya
in November 1994. She received the bachelor’s
degree in computer engineering, in 2016. She is
currently pursuing the master’s degree in infor-
matics engineering and the Ph.D. degree from the
Department of Informatics, Faculty of Intelligent
Electrical and Informatics Technology, Institut
Teknologi Sepuluh Nopember (ITS). She received
a scholarship from the Ministry of Research, Tech-
nology and Higher Education for the batch 3 in
PMDSU program.

DEDY RAHMAN WIAYA (Member, IEEE)
was born in Tulungagung, Indonesia, in 1984.
He received the bachelor’s degree in informatics
engineering from STT Telkom Bandung, Indone-
sia, in 2006, the M.Eng. degree from the School
of Electrical Engineering and Informatics, Institut
Teknologi Bandung, in 2010, and the Ph.D. degree
in computer science from the ITS, Surabaya,
Indonesia, in 2019. He is currently a Lecturer and
a Researcher with the School of Applied Science,
Telkom University, Bandung. His research interests include cyber-physical
systems, intelligent systems, information systems, signal processing, and
machine learning including their applications.

VOLUME 8, 2020

DWI SUNARYONO was born in Surabaya,
in May 1972. He received the bachelor’s degree
in computer engineering and the master’s degree
in informatics engineering from the Department
of Informatics, Faculty of Intelligent Electrical
and Informatics Technology, Institut Teknologi
Sepuluh Nopember (ITS), in 1995 and 2009,
respectively. He is currently a Lecturer with the
Department of Informatics, Faculty of Intelligent
Electrical and Informatics Technology, Institut
Teknologi Sepuluh Nopember (ITS). His research interests include face
recognition, signal processing, the Internet of Things, intelligent systems,
and management informations.

CHASTINE FATICHAH (Member, IEEE) was
born in Pasuruan in December 1975. She received
the bachelor’s degree in informatics, in 2000,
the master’s degree in computer science in 2008,
and the Ph.D. degree in computational intelli-
gence, in 2012. She is currently a Doctor in the
field of intelligent computation and vision with
the Department of Informatics, Faculty of Intelli-
gent Electrical and Informatics Technology, Insti-
tut Teknologi Sepuluh Nopember (ITS). She was
awarded the Young Researcher Award from Advanced Computational
Intelligence and Intelligent Informatics (JACIII), Fuji Press, Tokyo, Japan,
in 2014.

221711



