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Abstract

Introduction: Coffee is a common drink which is obtained from the roasted and ground beans of
the coffee plant. Coffee beverages are widely consumed as a stimulant, a property largely attributed
to the presence of caffeine, which is the most active pharmaceutical ingredient consumed
worldwide. When the fruit of the coffee plant ripens, the coffee beans are harvested, processed, and
finally dried. The dried coffee beans are roasted to different degrees and graded depending on the
desired aroma and taste. It is very important to detect natural and unnatural impurities and
adulteration in coffee.

Materials and Methods: An odor machine system based on eight MOS sensors was used to
investigate the effect of bread storage time based on odor characteristics. The designed system
includes a data acquisition system, sensors, sensor shield, sample container, power supply,
connections, electric valves, air pump, and air filter. The sensor array consisted of eight MOS
sensors, including MQ136, TGS822, MQ9, MQ3, TGS813, TG2620, TG2602, and MQ135, each
reacting to specific volatile compounds. These sensors are widely used in olfactory machines
because of their high chemical stability, high durability, low response to moisture, and affordable
prices. They are the most commonly used sensors in electronic nose systems. Sensors are the main
components of an electronic nose system; therefore, it is necessary to select sensors have ability to
detect differences among samples. In this research, the use of electronic nose technology and
artificial intelligence was evaluated to detect common adulteration in Arabica coffee (Medium
Dark). Robusta coffee samples with weight percentages of 10, 20, 30, 40, and 50% were used for
experiments and adulteration. An electronic nose equipped with eight metal oxide sensors was used
to carry out experiments related to odor. The data received from eight sensors was first recorded
and stored as raw data. In this research, the fractional method was used to normalize the data.
Preprocessed data were used as the input matrix for multivariate analytical methods. The
unsupervised multivariate principal component analysis (PCA) method was used to analyze the
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data. The LDA method was used to reduce classification differences and expand the differences
between different groups. The artificial neural networks (ANN) method was used for classification.
All calculations and analyses were done using Excel 2016, Unscrambler x10.4, and MATLAB
software. Model evaluation criteria were used to evaluate the algorithm performance in supervised
learning. To analyze the system's performance, common criteria including Specificity, Recall,
Precision, Accuracy, Area Under the Curve (AUC), and F-score were used.

Results and Discussion: The results of PCA showed that 87% of the total variance of the data was
explained by PC1, and 8% by PC2, and the two main components constituted 95% of the total
variance of the normalized data. Based on the results, pure Robusta coffee (B) was located on the
right side of the PCA diagram and completely separate from other levels of adulteration. Also, pure
Arabica coffee (A) was placed in the vicinity of counterfeit samples, and all counterfeit samples
showed the same behavior as Arabica coffee, which is very difficult to distinguish. The loading
diagram was examined to determine the role of sensors in separating the groups. Based on the
loading diagram for coffee adulteration detection, the sensors that had the highest value on the
principal component were MQ9, TGS822, and MQ136. Other sensors also showed a high
correlation with the samples smell. In the other words, other sensors could be neglected. The ANN
models analysis were evaluated by the correct classification rate (CCR), root mean square error
(RMSE), and coefficient of determination (R?). According to the results obtained for 7 different
coffee groups, the 7-8-8 structure had the best results. This structure has 8 neurons in the input
layer (number of sensors), a hidden layer with 8 neurons, and 7 neurons in the output layer (7
groups). The average values of the class obtained from the ANN model for the parameters of
accuracy, precision, recall, specificity, area under the curve (AUC), and F-score were equal to
0.984, 0.952, 0.943, 0.990, 0.971, and 0.942, respectively. Also, the ANN method showed higher
accuracy than the LDA method.

Conclusion: The electronic nose showed that it is a fast and effective tool for detecting adulteration
substances in coffee.

Keywords: Coffee, adulteration, e-nose, artificial intelligence
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Figure (1) E-nose used for the experiments
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Table (1) The sensors used in the electronic nose system and their characteristics
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Figure (2) PCA plot for different levels of Robusta in pure Arabica coffee. Arabica coffee (A), Robusta
coffee (B), 10% Robusta 90% Arabica (C), 20% Robusta 80% Arabica (D), 30% Robusta 70%
Arabica (E), 40% Robusta 60% Arabica (F), 50% Robusta 50% Arabica (G)

(PC-1: First principal component and PC-2: Second principal component)
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Figure (4) Radar chart related to adulteration of Robusta coffee with its different levels in pure Arabica

coffee. Arabica coffee (A), Robusta coffee (B), 10% Robusta 90% Arabica (C), 20% Robusta 80% Arabica
(D), 30% Robusta 70% Arabica (E), 40% Robusta 60% Arabica (F), 50% Robusta 50% Arabica (G)
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Figure (5) LDA classification diagram of Robusta coffee adulterations with different levels in pure Arabica

coffee. Arabica coffee (A), Robusta coffee (B), 10% Robusta 90% Arabica (C), 20% Robusta 80% Arabica
(D), 30% Robusta 70% Arabica (E), 40% Robusta 60% Arabica (F), 50% Robusta 50% Arabica (G)

LDA Juo oo 1 Jol> Szl 5l (V) Jsor
Table (2) The confusion matrix resulting from LDA model analysis

A B C D E F G

A 6 0 1 0 2 0 0
B 0 15 0 0 0 0 0
C 8 0 14 2 2 0 2
D 0 0 0 12 0 1 0
E 1 0 0 1 9 0 0
F 0 0 0 0 2 14 0
G 0 0 0 0 0 0 13

LDA Juw il Jols (50 Shos (Sl ol sl (V) Jooe
Table (3) The functional parameters obtained from the LDA model

Lo s SsTsb 039 olazs - CE“ Fo e

Accuracy Precision Recall Specificity e F Score
AUC

A 0.886 0.667 0.400 0.967 0.817 0.500

B 1.000 1.000 1.000 1.000 1.000 1.000

C 0.857 0.500 0.933 0.844 0.672 0.651

D 0.962 0.923 0.800 0.989 0.956 0.857

E 0.924 0.818 0.600 0.978 0.898 0.692

F 0.971 0.875 0.933 0.978 0.926 0.903

G 0.981 1.000 0.867 1.000 1.000 0.929

oIS Sl
s 0.940 0.826 0.790 0.965 0.896 0.790
Average

per class
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Table (4) The results of artificial neural network

Sidns FisT s ik ¢

QxRS .

Topology Train _ Test g (s

RMSE R RMSE R CCR(%)

8-4-7 0.377 0.858 0.196 0.795 83.8
8-5-7 0.351 0.870 0.188 0.803 84.4
8-6-7 0.212 0.877 0.180 0.811 85.0
8-7-7 0.196 0.899 0.166 0.820 86.9
8-8-7 0.051 0.968 0.078 0.901 94.3
8-9-7 0.067 0.950 0.078 0.899 92.3
8-10-7 0.075 0.938 0.114 0.898 91.1

M
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Figure (6) The confusion matrix resulting from ANN model. Arabica coffee (A), Robusta coffee (B),

10% Robusta 90% Arabica (C), 20% Robusta 80% Arabica (D), 30% Robusta 70% Arabica (E), 40%
Robusta 60% Arabica (F), 50% Robusta 50% Arabica (G)
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Table (5) The functional parameters obtained from the ANN model

Cos oés ol Doy el e ) b Fo e
Accuracy Precision Recall Specificity AUC F Score
A 0.990 1.000 0.933 1.000 1.000 0.966
B 1.000 1.000 1.000 1.000 1.000 1.000
C 0.990 0.938 1.000 0.989 0.963 0.968
D 0.962 1.000 0.733 1.000 1.000 0.846
E 0.962 0.789 1.000 0.956 0.873 0.882
F 0.990 0.938 1.000 0.989 0.963 0.968
G 0.990 1.000 0.933 1.000 1.000 0.966
b o3 e
Average per 0.984 0.952 0.943 0.990 0.971 0.942
class
S 5 4o

i S S o ol S 1 sl
e et ) ylitan 5 1S (o3loans S
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