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Abstract—Many studies have used an electronic nose (Enose) to detect several types of coffee. To the best of our
knowledge, none of the studies have tried to detect odors
from a mixture of several types of coffee. Therefore, this
research proposes E-nose which can be used to recognize
original Arabica civet coffee. The mixture of Arabica civet
coffee and Robusta coffee (non-civet coffee) is used as the
object of this research. Nine combinations of mixture are
prepared in this study. Those combinations are referred to
as classes. After collecting the data, a statistical calculation
would be determined to obtain parameter statistics.
Moreover, the classification method used in this study is to
recognize original Arabica civet coffee and original Robusta
coffee. Several classifications had been compared, namely
Logistic Regression (LR), Linear Discriminant Analysis
(LDA), and K-Nearest Neighbors (KNN). The best result is
the KNN method with an accuracy value of 97.7% for nine
classes.
Keywords—E-nose, Classification,
Coffee, Robusta Coffee, Civet Coffee.
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I. INTRODUCTION
Traditionally, the aroma of coffee has been used to
differentiate the originality of coffee. The aroma of coffee
contains gas which is obtained by determining the gas
content. During the roasting, temperature increases, and
the biological process occurs. Then, coffee releases a
robust aroma [1]. New compounds formed by physical
and chemical reactions evaporate. E-nose has the ability
to simulate the work of the human sense of smell. An
electronic nose is made to catch the gas and recognize
odors by using sensors [2]. The database of aroma
produced by coffee is a pattern of odor, one of which
functions to develop the system that can recognize a
pattern, so it can be classified and be inspected [3].
In 2016, a study was conducted to classify coffee
using a backpropagation neural network. The result
showed that backpropagation neural network is capable
of determining the differences [4] between Arabica and
Robusta with a success rate of 40%.
Another E-nose study attained an accuracy of 71% for
the Support Vector Machine (SVM) method and 57% for
the Perceptron method. The study tried to classify the
aroma of Arabica coffee and the aroma of Robusta coffee.
The SVM method could recognize Arabica coffee and

Robusta coffee with better results than the Perceptron
method [5]. However, the research had a weakness in the
classification method. The result of the classification has
a lesser percentage of accuracy. Moreover, there was not
any statistical calculation that could be used for
preprocessing before classifying the data.
Therefore, this study aims to improve the weaknesses
of the previous studies. E-nose used in this study has
different characteristics to identify the odor and aroma of
the gas because it consists of various types of sensors [6].
Then, the preprocessing stage using statistical
calculations can obtain the characteristics from each
signal response. This study has three values from a
combination of statistical calculations; there are the
values of average and standard deviation, the values
between the minimum and maximum, and the values
between average, standard deviation, and minimum and
maximum values. After preprocessing stage, the
calculation continues with the classification phase.
Confusion matrix [7] is used in this study to evaluate the
classification method.
Besides, we try to use other classification methods, so
the results can be compared. Other classification methods
that we use in this study are Logistic Regression (LR),
Linear Discriminant Analysis (LDA) [8], and K-Nearest
Neighbors (KNN). Comparing the result generated from
three classification methods use the confusion matrix, and
the best accuracy is chosen for the purpose of this study.
II. RELATED RESEARCH
A. E-nose using Backpropagation Neural Network
This study uses a system that puts several sets of gas
sensors and receives input signals from TGS 2610, TGS
2611, TGS 2602, TGS 2620, and TGS 822 [4]. The
resistance of the sensor results in a change of voltage
when the sensor detects the presence of gaseous elements
from the aroma of coffee. This signal is operated by a
signal conditioning circuit to be delivered to the analogdigital converter (ADC) circuit and to change over into
digital form. The process continues when the digital
signal transmitted to the Personal Computer (PC) and to
be processed using backpropagation NN (Neural
Network). Backpropagation NN used is built with

architecture 1 input layer 5 nodes (x1-x5), 1 hidden layer 6
nodes, and 1 output layer 2 nodes as shown in Fig. 1.
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Figure 1. Backpropagation Design

The conclusion of this study is obtained after several
tests and analyses. It can be concluded that the
identification of Arabica coffee using Backpropagation
NN is able to identify with a success rate of 40% and then
for Robusta coffee of 100%. Besides, the system can also
identify air or without coffee with an accuracy of 100%.
Unfortunately, this study can only distinguish two classes
of coffee, namely Arabica coffee and Robusta coffee.
B. E-nose using SVM and Perceptron
This study uses two methods for classifying the aroma
of Arabica coffee and the aroma of Robusta coffee; they
are the SVM and Perceptron methods. First, the study
reduced data noise using discrete wavelet transforms.
After finishing the process, the data would be passing
through the feature extraction stage. The next step was
using the SVM [5] and Perceptron methods for
classification. The result of both methods showed the
highest accuracy values and the lowest error for the
classification of Arabica coffee and Robusta coffee. At
the end of this study, the researcher would like to show
that after classified using SVM and Perceptron methods
[9], each result would be compared and the best result
would be chosen. So, the conclusion is that the E-nose is
able to identify between Arabica coffee and Robusta
coffee. The best accuracy value is generated by the SVM
method of which accuracy is 71%; however, this result
still needs improvement.
C. Classification using Radial Basis Function
The gas sensors receive the aroma of coffee, change it
into the transmitted signal, and analyze using pattern
recognition. The E-nose used in this study is a sensor
array polymer-coated for classification coffee variant,
such as Arabica Bengkulu, Arabica Sidikalang, Arabica
Papandayan, and Arabica Kerinci planted in different
areas [10]. This study uses Artificial Neural Network
Radial Basis Function to classify the coffees. The features
comprise energy, contrast, correlation, and homogeneity.
These features are trained using the Radial Basis Function
neural network in order to classify coffee into four

classes, namely Arabica Kerinci, Arabica Papandayan,
Arabica Bengkulu, and Arabica Sidikalang.
D. Statistical Data
Statistics are a group of data in the system of numbers
or not numbers relating to certain problems arranged in
the form of tables, lists, diagrams, or others, so statistics
are the result of data processing presented in tables,
graphs, diagrams, etc. The purpose of statistics is to make
it easier to interpret data used for a particular purpose.
Statistics is scientific methods of how to collect, manage,
analyze, interpret, and present data [11]. The purpose of
statistics is to obtain a picture of a set of data that has
been reviewed so that conclusions can be drawn from the
data.
1) Random Data
Random or single data are data that have not yet
been arranged or grouped into interval classes. A single
data example in this study is when the MQ135 gas sensor
receives gas in ppm units with the following results.
2) Group Data
Group data are data that have been arranged or
grouped into interval classes. Group data are arranged in
the form of frequency distributions or frequency tables
using the formula:

We can see the group of data in this study in Table
1. It consists of the values of the group data and the
average of each range of values.
Table 1. Output data of five gas sensors

Data
15-17
49-53
82-95
105-109
174-180

Average
15.86
51.20
87.42
107.20
177.20

The data group in Table 1 is the output data from
five gas sensors used in this study. The values obtained
are different for each sensor. Therefore, we use the mean
statistical calculation or so-called Average (Avg). The
average value is very dependent on the magnitude of each
data, including if there is an extreme value in the data,
which is a very small or very large value and much
different from the data group.

(1)
SD=

(2)

Eq. (1) means the standard deviation (SD) is the root
of the middle of the square of the deviation of the mean
or the square root of the mean squared. Eq. (2) is the
standard deviation/sample deviation symbolized with s.

To determine the standard deviation, the method is to
draw the root of the variance. For a set of data x1, x2, x3,
..., xn (single data), the standard deviation can be
determined i.e. the formula.
The smallest (minimum) and the largest (maximum)
value is often used in calculating statistical data,
including to find out how large the range or the difference
is between the smallest data and the largest data.
Minimum and maximum (Minmax) normalization is a
normalization method by performing a linear
transformation of the original data to produce a balance
of comparative [12] values of data before and after the
process.
III. METHODOLOGY
The implementation of this study began when E-nose
received the signal [13] from the aroma of coffee. Then
the signal was processed by Arduino into data and sent to
the computer. The initial stage of data analysis [14] in
this study was statistical calculation. The combined
values of the statistical calculation with the classification
value determined the best value of each method. The best
method was evaluated by comparing the accuracy [15]
values of the three methods in this study.
A. Data Collection
E-nose is a combination of several gas sensors to form
an instrument that has the same function as the human
sense of smell to detect odors. The gas sensor used is a
gas sensor from the MQ family. It is composed of
electrochemical sensors. Each of the sensors has a
different level of selectivity combined to form a sensor
array. The individual sensor patterns may not be
selective, but the collective response of the whole array
can be predicted. The sensor array characteristic pattern
in the presence of a particular gas is tantamount to a
signature which can be effectively learned with sufficient
training data [16]. The list of sensors in this study aiming
to recognize the aroma of coffee can be seen in Table 2.
Table 2. Gas Sensors in This Study

Sensor
MQ 2
MQ 3
MQ 4
MQ 7
MQ 135

Target
LPG, I-Butane, Propane,
Methane, Alcohol, H2, Smoke
Alcohol, Methane, Benzene,
Hexane, LPG, CO
Methane, Natural gas
CO
Carbon Dioxide

There are sensing elements, sensor base, and sensor
cap that build the sensor. The detector of elements is
divided into two common parts; they are sensing material
and heater that function to heat the sensing element.
Depending on the target of the gas, the detector
reprocesses different gases, such as Alcohol, NH4, and
CO2. The gas contained in the aroma of coffee will be
recognized and captured by each sensor used in this
study. The sensors will send the data through Arduino to
the computer. The E-nose design capturing the aroma of
coffee can be seen in Figure 2.
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Figure 2. E-Nose Design for Recognition

The dataset used is the data in the form of a gas of
coffee aroma. The aroma released by the coffee is the
result of roasting process. The process begins with a
process called the first crack; in which coffee explode due
to gas pressure from the coffee until the flavour is formed
from a coffee due to changes in chemical reactions
within, this is called the second crack [17]. This study
uses a comparison of mixed coffee. This study uses a
comparison of mixed coffee (mixture) between Arabica
Civet coffee and Non-civet coffee [18]. Nine mixes are
used as data which are referred to as classes. The
comparison of Arabica Coffee in Table 3 was carried out
50 times to nine classes.
Table 3. Arabica Civet Coffee and Non-Civet Coffee Classes

Proportion Arabica Civet
Coffee and Non-Civet Coffee
Civet 0% and Non-Civet 100%
Civet 10% and Non-Civet 90%
Civet 20% and Non-Civet 80%
Civet 25% and Non-Civet 75%
Civet 50% and Non-Civet 50%
Civet 75% and Non-Civet 25%
Civet 80% and Non-Civet 20%
Civet 90% and Non-Civet 10%
Civet 100% and Non-Civet 0%

Class
L0-NL100
L10-NL90
L20-NL80
L25-NL75
L50-NL50
L75-NL25
L80-NL20
L90-NL10
L100-NL0

Each data was collected for 15 minutes at room
temperature. During 15 minutes, 300 data were collected.
Each class had 50 tests. Coffee used as the experiment
material is ground coffee with an ideal grinder level, from
coarse to medium size, with coffee weight of each class
being 15 grams. The output of the detection of coffee
aroma produced a digital value derived from each sensor.
B. Preprocessing Data
The next step is to process the data detected by E-nose
on the coffee as seen in Figure 3. This process used
machine learning to estimate the accuracy of the best
model in the invisible data by evaluating the actual data
that is not visible [19]. So, the accuracy was estimated
using statistical methods for data validation purposes. The
first process study is to calculate the Avg and SD value.
The second is to calculate the Minmax value. The last is
to calculate using the Avg, SD, and Minmax statistical
methods.
The first calculation started by collecting data on Avg
values and SD values of nine classes of the mixture
Arabica civet coffee and Non-civet Arabica coffee into
tables and stored in a Microsoft Excel file. Afterward, a

new file was created in Microsoft Excel which contained
the recapitulation result of the nine classes. The amount
of data collected from the recapitulation was 450 data
with a detail of 50 data from each class. The second data
processing is to calculate the Minmax value of the nine
classes of the mixture of Arabica civet coffee and Noncivet Arabica coffee [18].
Input data from E-Nose

Average Calculation
Standard Deviation
Minmax Value

Result

which contains two or more categories. This method
divides data into 2 classes, namely data generated from
the classifier (Predictive Class) and originally known data
(Actual Class). The classification process using CF had
four terms of results used to calculate the performance of
classification, namely TP, TN, FP, and FN. TP is positive
data that were discovered correctly. If the category
generated by the classifier [23] is similar to the existing
data class, the data are recorded in the TP. TN is the
number of negative data that were discovered correctly,
while FP is negative data but detected as positive. On the
other hand, FN is the reverse of TP; it means that the data
are positive, but detected as negative [24].
TP is the data from class 1 classified as class 1. Data
from class 0 that is correctly classified as class 0 in TN.
Then, the opposite of TN is FN meaning the amount of
the data from class 1 incorrectly classified as class 0 [25].
Based on the value of TN, FP, FN, and TP [26], the value
of precision, memory, and accuracy can be obtained. The
precision value describes the amount of data that is
categorized positively, then classified correctly divided by
the total data results in positive classification. Precision
can be seen in Eq. (3).

(3)

Save the result
Figure 3. Preprocessing Data Flowchart

The result of data processing of this study was saved
in a .csv (Comma Separated Values) format. The process
of changing the file extension from (Microsoft Office
Excel) .xls to .csv was done online by uploading the file,
selecting the convert option, and downloading the result.
The next stage is to run the .csv file using the Visual
Studio Code. Eventually, the accuracy was obtained using
formulation in a python programming language.
C. Data Analysis
The data used in this study were divided into two
parts with the cross-validation method. The process was
followed by the classification phase. Finding an effective
data partition or sampling method is a method used to
minimize errors in estimating accuracy, comparing
methods, and finding the best method [20].
Calculations carried out at the data processing stage
were classified using the Logistic Regression (LR),
Linear Discriminant Analysis (LDA), and K-Nearest
Neighbors (KNN) methods. The aim is to estimate the
accuracy of the statistical calculation when processing
data. On the classification stage, the dataset that had been
stored was divided into two types of data, namely training
data and testing data. The data stored were of nine classes
of the mixture of Arabica civet coffee and Non-civet
Arabica coffee. The data, amounting to 50 data from each
class, were divided into 80% for training data and 20%
for testing data from the total input data.
D. Data Evaluation
The evaluation of the data classified in this study used
the CF (Confusion Matrix) method [21]. CF is one of the
tools commonly used in evaluating machine learning [22]

Meanwhile, recall establishes the percentage of
positive data correctly classified by the system. In binary
classification, recall is also known as sensitivity. The
calculation can be seen in Eq. (5).

(4)
(5)
(6)
The accuracy value describes how precise the system
can classify data correctly [27]. In other words, the value
of accuracy is the comparison between correctly classified
data and all data. The accuracy value can be obtained by
Eq. (6).
Table 4. Confusion Matrix Result in Python
Classes
Precision
Recall
F-1 Score Support
0,90
0,90
0,90
10
L75-NL25
1,00
1,00
1,00
9
L0-NL100
1,00
1,00
1,00
8
L10-NL90
1,00
1,00
1,00
15
L100-NL0
1,00
1,00
1,00
12
L20-NL80
1,00
1,00
1,00
5
L25-NL75
1,00
1,00
1,00
14
L50-NL50
1,00
1,00
1,00
7
L80-NL20
0,86
0,86
0,86
10
L90-NL10

The result of calculating the Confusion Matrix using
the LR classification method to form a classifier model is
presented in Table 4 [28]. This model is a representation
used to predict new data classes that have never existed.
The logic is to let the machine learn from the training set
and be tested using the testing set.

IV. RESULTS AND DISCUSSION
This study was conducted aiming at utilizing E-nose
to detect the aroma of coffee followed by calculating the
statistics included in the initial process (pre-processing).
The data were divided into nine classifications based on
the value of percentages of coffee mixture as presented in
Table 3. First, we attempted to obtain the accuracy of the
average calculation and standard deviation. The accuracy
of the LR method calculated statistically in terms of
average and standard deviation is 91.38%, and of the
LDA method is 91.38%. The highest result of accuracy is
the KNN method of 96.11%. Upon the completion of
calculating the accuracy from average and standard
deviation, the next step is to determine the other accuracy
value from other statistical calculations. The highest
accuracy is obtained by the KNN method of 95.27%. The
process is followed by the statistical calculation of
average-standard deviation-min-max. So, three statistical
calculations are essential to make to classify the
comparison between one method to the others. From the
result, the highest result is the KNN method of which
accuracy is 96.38%. The result of the classification in this
study was compared and selected by statistical methods in
terms of the highest accuracy value.

classification accuracy using CF (Confusion Matrix). The
calculation was also done using ML.

Figure 5. Accuracy of Classification Using Confusion Matrix

Once the best classification method was determined,
the KNN method was applied to the existing data using a
confusion matrix to prove its accuracy. The result of CF
in finding the best classification method and finding the
best validation method using the statistical method is
KNN of which value is 97.77%. For the data validation
method, the best result is obtained when using more
statistical calculations. In Figure 5, for instance, the best
result is obtained when all statistical calculations were
applied (Avg, SD, minimum and maximum value).
Table 5. Confusion Matrix of KNN for Avg-SD Value
TARGET

Figure 4. Classification Using Statistical Methods

Figure 4 shows that the KNN classification method
obtains the highest accuracy result. The KNN
classification method had passed three statistical
calculations for data validation, namely the calculation of
the minmax value of 95.27%, the calculation of the
average and standard deviation value of 96.11%, and the
calculation of the min, max, average and standard
deviation value of 96.38% [29]. The process is followed
by evaluating the accuracy of the classification using the
confusion matrix in machine learning.
Classification of the three methods was combined
using machine learning calculation and the result showed
that the KNN method obtained the highest value among
the other methods. The classification value with the initial
process using the overall statistical calculation obtained
the highest value of 96.38. The next step is to calculate
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The result of the classification accuracy, using the
confusion matrix of the mixture of Arabica civet coffee
and non-civet Arabica coffee obtained an accuracy of
97.77% from the KNN algorithm and Avg-SD statistical
calculation. From Table 5, the coffee mixture data of the
L75-NL25 prediction class is classified into 10 data in the
target class. The L0NL100 prediction class classifies 9
data in its target class. The L10NL90 prediction class
classifies 8 data in its target class. The L100NL0
prediction class classifies 15 data in its target class. The
L20NL80 prediction class classifies 12 data in its target
class. The L25NL75 prediction class classifies 5 data in
its target class. The L50NL50 prediction class classifies

Table 8. Algorithm Performance of Confusion Matrix
Precision
Recall F1-Score
1.00
1.00
1.00
Mix 75-NL25
1.00
1.00
Mix L0-NL100 1.00
1.00
1.00
Mix L10-NL90 1.00
1.00
1.00
Mix L100-NL0 1.00
1.00
1.00
Mix L20-NL80 1.00
1.00
1.00
Mix L25-NL75 1.00
1.00
0.88
Mix L50-NL50 0.78
1.00
1.00
Mix L80-NL20 1.00
1.00
1.00
Mix L90-NL10 1.00
Accuracy
0.98

14 data in its target class. The L80NL20 prediction class
classifies 7 data in its target class. And, the L90NL10
prediction class classifies 8 data in its target class.
Table 6. Confusion Matrix of KNN for Minmax Value
TARGET
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The accuracy result using confusion matrix in Table 6
of the L90NL10 classification shows that there are 2 data
included in the L80NL20 class target, meaning that the
detection between the aroma of coffee from the 2 types of
mixture indicates similarity when detecting the aroma of
coffee. The similarity in the aroma detection data leads to
the predicted [30] data to a class different from the target
class. So, the result of the classification of the mixture of
Arabica civet coffee and non-civet Arabica coffee obtains
an accuracy of 97.77% from the KNN algorithm and
Minmax statistical calculation.
Table 7. Confusion Matrix of KNN for Avg-SD-Minmax
TARGET
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Similarly, the result of the classification accuracy
using the confusion matrix in Table 7 of a coffee mixture
between Arabica civet coffee and non-civet Arabica
coffee using the KNN algorithm and Avg-SD-Minmax
statistical calculation obtains an accuracy percentage of
97.77%. If seen from the average of all accuracy
generated, the classification of Arabica civet coffee and
non-civet Arabica coffee can be done using data from the
aroma detection result using E-nose. Data classification
highly affects the value of accuracy produced, the more
the attributes used in the classification process, the higher
the accuracy value.

Table 8 shows that the accuracy result of the dataset
classification is significant, as the amount of false
negative data and false positive data produced is highly
similar or of symmetric value.
V. CONCLUSION
This study aims to recognize original Arabica civet
coffee using the Electronic Nose (E-nose) system with the
MQ family of gas sensors, namely MQ2, MQ3, MQ4,
MQ7, and MQ135. Statistical calculation in the
preprocessing stage was used to obtain the characteristics
of each signal which, in turn, indicated a good
enhancement. The highest result of the classification
accuracy using the confusion matrix of the mixture of
Arabica civet coffee and non-civet Arabica coffee was
from the KNN algorithm of which accuracy is 97.77%.
The result of the confusion matrix also showed that the
best method to validate data is to use all of the statistical
calculations. Thus, it is imperative for future studies to
achieve higher accuracy values by adding other
combination statistical calculation methods in the
preprocessing data stage.
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