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Abstract: Indonesia, a significant exporter of coffee, faces persistent challenges in accurately identifying and
classifying coffee varieties based on aromatic characteristics, primarily due to the subjective variability of human
sensory evaluation. To address these limitations, an electronic nose (e-nose) system was developed for the classification
of coffee varieties through the analysis of aromatic profiles. The system integrates a DHT-22 sensor and four gas
sensors (MQ-5, MQ-4, MQ-3, and MQ-135) to measure humidity, temperature, and gas concentrations from coffee
vapor. Data acquisition was facilitated by the Arduino Uno platform, while classification was conducted using the
Naive Bayes Classifier (NBC) algorithm. The e-nose achieved a classification accuracy of 82.2%, as validated through
a confusion matrix and performance metrics, including precision, recall, and F1-score. Among the gas sensors
employed, the MQ-4 sensor, which detects methane, demonstrated the highest response sensitivity, whereas the MQ-3
sensor, designed to detect alcohol, exhibited the lowest. This system significantly mitigates the inherent subjectivity
associated with traditional aroma assessment methods and offers considerable potential for enhancing quality control
protocols in coffee production processes. Future work will focus on integrating advanced machine-learning algorithms,
optimizing sensor array performance, and expanding the dataset to include a broader diversity of coffee samples.
These advancements are expected to further refine the system’s classification capabilities and contribute to more
robust quality assurance in the coffee industry.

Keywords: Coffee; Aroma; Electronic nose; Naive Bayes Classifier; Gas sensor; Quality control; Aroma classification;
Sensor technology

1 Introduction

Coffee is a drink obtained from processing coffee beans (Coffea sp.), which are of various types and have
distinctive flavors and aromas. Coffee plays a significant role as one of Indonesia’s leading export commodities,
contributing substantially to the national economy and providing livelihoods for millions of farmers. The continuous
development of coffee-related industries underscores its importance to the country’s economic growth and cultural
identity [1-3]. The aroma of coffee is one of its defining characteristics, playing a crucial role in differentiating
between various coffee types and influencing consumer preferences. This distinct feature is primarily attributed to the
complex mixture of volatile compounds present in coffee [4]. However, relying solely on human olfactory senses
for coffee aroma classification poses significant challenges. Sensory perceptions can be influenced by factors such

https://doi.org/10.56578/jisc030305
186


https://www.acadlore.com/journals/JISC
https://crossmark.crossref.org/dialog/?doi=10.56578/jisc030305&domain=pdf
https://orcid.org/0000-0002-8259-8012
https://orcid.org/0009-0004-2459-2132
https://orcid.org/0009-0004-2520-8710
https://orcid.org/0000-0002-8085-4190
https://orcid.org/0009-0002-9522-9205
https://orcid.org/0000-0003-4397-5089
https://orcid.org/0009-0004-8426-6611
https://orcid.org/0000-0001-5391-5819
https://doi.org/10.56578/jisc030305
https://doi.org/10.56578/jisc030305

as fatigue, environmental conditions, or individual psychological states, leading to variability and inconsistency in
results [4—6]. In this context, e-nose systems have emerged as a promising alternative. By mimicking the human sense
of smell, e-noses can detect and analyze volatile compounds in coffee aroma patterns with excellent stability and
reproducibility. Leveraging advanced algorithms, these systems provide a practical, efficient, and objective method
for classifying coffee aroma, addressing traditional approaches’ shortcomings [7].

Several studies have classified coffee types through recognition and classification of branded coffee powder using
an e-nose based on Artificial Neural Network (ANN) [8]. In this study, the e-nose utilizes the TGS 2602 and TGS
822 gas sensors as input for classification data to be processed by the ATMega 16 microcontroller, and the results
show that the system can perform recognition and classification well [7, 8]. In the study of identifying types of coffee
powder by applying the learning method carried out by Rabersyah et al. [9], the e-nose device uses five gas sensors,
including TGS 2610, TGS 2611, TGS 2602, TGS 2620, and TGS 822. The data pattern was taken from the change in
resistance on each sensor when detecting the aroma of coffee; the pattern was processed using a backpropagation
ANN so that it can distinguish Arabica and Robusta coffee with a success rate of 40% on Arabica Coftee, 100% on
Robusta Coffee and 100% in free air (without coffee) [6, 7, 10].

In the study by Wilson [11], nine commercial coffee samples with varying levels of aroma intensity were tested.
Two ANN-based machine learning models were developed: the first model was used to classify samples based on
low, medium, and high intensity, and the second model was used to predict the relative abundance of 45 different
aroma types. The results showed that the coffee aroma intensity could be classified with high accuracy (98% in the
first model). In addition, the second model successfully predicted certain aromas with a high correlation coefficient
(R = 0.99) without overfitting or underfitting. The proposed method is fast, accurate, non-destructive, and reliable,
effectively evaluating volatile compounds in coffee. This system has the potential to be applied at various stages of the
production process, allowing early detection of undesirable characteristics and ensuring high-quality products [12].

In this study, the e-nose implements the DHT-22 sensor and four gas sensors, including MQ-5, MQ-4, MQ-3,
and MQ-135, which were arranged to form a sensor array to read humidity, temperature, and gas levels from coffee
steam [6, 10]. From the reading of the DHT-22 gas sensor, which includes MQ-5, MQ-4, MQ-3, and MQ-135, the
data was processed using Arduino Uno and then was forwarded to the computer via a USB cable to be classified using
the NBC method [13]. The NBC method is considered competitive and reliable in performance in classifying because
the assumption of autonomous attributes owned by data is very appropriate to real-world applications [13, 14]. With
the development of e-nose technology, it is expected that this system will become a reliable tool in identifying various
types of superior Indonesian coffee, such as Aceh Gayo Wine Coffee, Lintong Coffee, and Toraja Coffee, based on
their distinctive aroma [15]. In addition to supporting the increase in added value of coffee products, this system also
has the potential to support further research in aroma analysis [16, 17].

2 State of the Art

Coffee aroma research has progressed significantly, as shown in Table 1, with various methodologies and focuses
featuring different approaches to understanding and classifying coffee aromas. TGS sensors have been used to measure
volatile compounds in other types of coffee, achieving high accuracy in distinguishing aromas. Hierarchical clustering
and machine learning frameworks have been used to improve the coffee industry’s aroma profiling and quality control
mechanisms. An ANN-based model has been developed to classify aroma intensity, with a remarkable accuracy
of 98% and high correlation in compound prediction. MQ and DHT-22 sensors have been used for environmental
sensing, demonstrating the reliability of the NBC in real-world scenarios. Volatile organic compounds (VOCs)
emitted from coffee have been identified, showing the sensor’s sensitivity and potential application in coffee aroma
analysis. Overall, cutting-edge coffee aroma research reflects a blend of traditional and innovative methodologies,
improving people’s understanding of coffee quality and flavor profiles.

This study introduces a novel approach by combining advanced machine learning techniques and environmental
sensing tools, addressing gaps identified in previous research. While previous studies have focused on classification
and aroma profiling, the current work enhances the robustness of aroma analysis by integrating multiple sensor types
and leveraging deep learning models for more accurate predictions of both aroma intensity and compound presence.
Additionally, this research explores the practical application of real-world sensing scenarios, where integrating
environmental factors such as humidity and temperature could lead to more reliable coffee aroma profiling [18].

Moreover, this study directly addresses the need for comprehensive data on VOCs specific to coffee varieties,
providing a more detailed and accurate understanding of the chemical profile of coffee aromas. By filling these gaps,
the proposed methodology offers a more holistic and reliable approach to coffee aroma analysis, improving quality
control and enhancing flavor profiling in the coffee industry [19].
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Table 1. State of the art

Number of

Reference Focus Stages Design Methodology Scope/Sample/Validation
Dmg:)%zzhmg U“gz;l%Tgi fegzgrg)(tzfoz’ Validated with 70 coffee
[18] powders Single stage  measure volatile compounds; acﬁ?;ilﬂeshfiorhejsfu?;ge’in
(Arabica, analyzed output voltages for aromag & ﬂgerentiationy
Robusta, etc.) gas concentration in ppm. ’
Coffee aroma Implemented hierarchical A dataset of 415 coffee
cofilin agglomerative clustering aroma samples was analyzed
profiiing (HAC) and machine learnin, for six odor classes (floral,
[19] using Three stages &
hierarchical frameworks (TensorFlow, roasted, earthy, etc.) and
clusterin Keras) supported by GC-MS enhanced quality control
& validation. mechanisms.
Classifying Developed ANN'-baseq Achieved 98% classification
coffee aroma models for aroma intensity aceuracy- hieh correlation
[18, 19] intensity and Two models classification (low, medium, (R = Oy(:)Q)gin cedictin
compound high) and prediction of 45 a;orr;a com poun ds &
prediction aroma compounds. P ’
Mach'lne Tntegrated MQ sensors (c.g., Successfully identified
learning- MQ-5. MQ-3, MQ-135) coffee types (e.g., Aceh
based coffee . L i Gayo, Toraja); NBC
[18] . . Single stage with DHT-22 for e
classification temperature/humidit demonstrated reliability in
using MQ mp Y real-world aroma
sensing; NBC for analysis. .
sensors applications.
o Measured VOCs and gases D(?r%l({nstrated high
Identifying (e.2.. hydrogen sulfide sensitivity to VOCs for
volatile gases . -8, IyQrog ’ coffee quality analysis;
[19] . Single stage alcohol) using TGS sensors; .
in coffee . highlighted sensor
correlated gas concentration .
aroma performance for specific

changes with conductivity.

gases (e.g., TGS 2620).

3 Research Methodology

This study classifies the aroma of Aceh Gayo Wine Coffee, Lintong Coffee, and Toraja Coffee by implementing an
e-nose system that utilizes a sensor array. The sensor array includes DHT-22 sensors and various gas sensors, such as
MQ-5, MQ-4, MQ-3, and MQ-135 [20, 21]. These sensors were chosen based on their sensitivity to the VOCs present
in the coffee aromas, contributing to the unique characteristics of each coffee variety. The gas sensors were used to
detect alcohols, aldehydes, methane, and other VOCs, while the DHT-22 sensor was used to monitor temperature
and humidity levels, providing essential environmental data. The system was designed to interface with an Arduino
Uno, where the analog signals from the gas sensors were converted into digital signals using the Analog-to-Digital
Converter (ADC) integrated into the Arduino Uno. This setup allows for accurately classifying the coffee aroma
profiles by capturing the complex mix of compounds specific to Aceh Gayo Wine Coftee, Lintong Coffee, and Toraja
Coftee [22].

The specific coffee varieties of Aceh Gayo Wine Coffee, Lintong Coffee, and Toraja Coffee were selected based on
their distinctive regional profiles and unique flavor characteristics, making them ideal candidates for studying aroma
classification. Aceh Gayo Wine Coffee is known for its fruity, wine-like acidity and floral notes, which help distinguish
different coffee aromas. Lintong Coffee provides a balanced, earthy flavor with hints of spices and chocolate, offering
a different set of volatiles to detect. Toraja Coffee’s rich, smoky flavor and caramel undertones add another layer of
complexity to the studied aroma profiles [23].

The gas sensors used in this study, i.e., MQ-5, MQ-4, MQ-3, and MQ-135, were selected for their ability to
detect the critical compounds found in coffee’s aroma. The MQ-5 is sensitive to methane, carbon monoxide, and
alcohol, while the MQ-4 and MQ-3 are particularly sensitive to ethanol, a crucial volatile compound in coffee. The
MQ-135 sensor is sensitive to gases like ammonia, benzene, and aldehydes, comprehensively detecting the broad
spectrum of VOC:s in coffee aromas. These sensors, in combination, enable the e-nose system to accurately classify
and differentiate between the coffee types based on their aroma profiles, offering a cost-effective, practical solution for
quality control and consumer preference studies in coffee production and processing [24].
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In this study, each coffee variety was tested 15 to 16 times under controlled environmental conditions, with a
temperature of approximately 30°C and humidity levels ranging from 80% to 90%. This experimental setup ensured
that the aroma profiles of each coffee variety could be accurately captured and analyzed, providing reliable data for
the classification of coffee aromas using the e-nose system [25, 26].

3.1 Hardware Design

Figure 1 shows the e-nose hardware design used to classify Aceh Gayo Wine Coffee, Lein Coffee, and Toraja
Coffee types based on their aroma. In Table 2, the sensors used include MQ-5, MQ-4, MQ-3, and MQ-135 gas
sensors, which were arranged to form a sensor array as input to the Arduino Uno, as well as DHT-22 sensor. Liquid
Crystal Display (LCD) is a device that can display numeric characters, letters, and other symbol characters [27, 28].
In this coffee-type classification system, LCD data from sensor readings was used.
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Figure 1. E-nose hardware design

The DHT-22, or AM2302, sensor was used to detect temperature and humidity. This sensor has an output in the
form of a digital signal and converts and calculates it using an integrated eight-bit Microcontroller Unit (MCU) [29].
The DHT-22 sensor was used to read the temperature and humidity of the coffee steam. The DHT-22 was accurately
calibrated by adjusting the room temperature compensation with the coefficient value stored in the integrated One-Time
Programmable (OTP) memory.

The MQ-5 sensor is a semiconductor sensor used to measure gas [30]. MQ-5 is capable of detecting gases such
as butane (C4H;), propane (C3Hsg), ethanol (CH3CH;OH), methane (CHy), carbon monoxide (CO), hydrogen
(Hs), and other hydrocarbon gases. The output of MQ-5 is in the form of analog resistance. When MQ-5 detects gas,
the sensor conductivity and the increasing gas concentration increase.

The MQ-4 sensor is an electronic device used to measure the levels of compressed natural gas (CNG), primarily
methane gas (CHy), and is the simplest form of hydrocarbon [31]. The material of MQ-4 is SnO2. Conductivity
increases proportionately to the increase in gas concentration detected by the MQ4 sensor.

The MQ-3 sensor is a sensor that can detect the presence of alcohol gas at a lower price than other types of gas
sensor series, with almost the same level of sensor sensitivity. However, the MQ-3 sensor consumes quite a lot of
power when compared to other types of gas sensors, which is around 750 mW [32]. The MQ-3 sensor was used to
respond to the alcohol gas content in coffee steam.

MQ-135 is an air sensor that is useful for measuring levels of sulfur gas/sulfur-hydroxide (Hs S), carbon dioxide
(COy3), benzene (CgHg), alcohol/ethanol (CoH; OH), sodium-(di)oxide (NOy), ammonia (NHj), and other gases.
MQ 135 outputs air quality measurement results in changes in analog resistance values on its output pin. MQ-135
operates at a voltage of 5 volts, and the output signal is analog [33, 34]. Table 2 shows these sensors.

Figure 1 shows the working system. The analog signals from the gas sensors, such as the MQ-5, MQ-4, MQ-3, and
MQ-135, are calibrated and converted into meaningful concentration values through a well-established process. Each
sensor measures changes in resistance when exposed to specific gases. Since this relationship is typically nonlinear,
the sensors are calibrated by exposing them to known concentrations of gases like methane, ethanol, and ammonia.
The sensor resistance, which varies with gas concentration, is measured by the Arduino Uno. The readings are then
processed and adjusted based on environmental factors, such as temperature and humidity, which are monitored by
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the DHT-22 sensor. These adjustments are crucial for ensuring that the data accurately reflects the gas concentration,
allowing for precise classification of coffee aromas based on their unique volatile compounds. By considering these
variables, the system ensures that the gas concentration data derived from the sensors is reliable for differentiating
between the coffee types.

Table 2. Specification of sensors

Sensor Figure Parameters of Specification

Model: DHT22

Power supply: 3.3-6 VDC

Output signal: Digital signal via single bus

Sensing element: Polymer capacitor

Operating range: Humidity: 0-100% RH; Temperature: -40~80°C
Accuracy: Humidity: #2% RH (Max £5% RH); Temperature: <+0.5°C

DHT-22 L Resolution or sensitivity: Humidity: 0.1% RH; Temperature: 0.1°C
sensor [20, i ' Repeatability: Humidity: +1% RH; Temperature: +0.2°C
35] HUEE S Humidity hysteresis: +0.3% RH
— i Long-term stability: +0.5% RH/year

sz M2 e Sensing period: Average: 2 s
Interchangeability: Fully interchangeable
Dimensions: Small size: 14*18*5.5 mm; Big size: 22*28*5 mm
Model: MQ-5
Sensor type: Semiconductor
Standard encapsulation: Bakelite, metal cap
Target gas: LPG, CH,
Detection range: 300~10000 ppm (CH,, C3Hg)
Loop voltage: < 24 VDC
Heater voltage: 5.0V = 0.1V AC or DC
Load resistance: Adjustable

MQ-5 - Heater resistance: 262 + 3% (room temp)

Heater consumption: < 950mW

Sensitivity: Rs (in air) / Rs (in 2000 ppm C3Hg) >5

Output voltage: 2.5 V~4.0 V (in 2000 ppm C3Hg)
Concentration slope: < 0.6 (R3000 ppm / R1000 ppm C3Hg)
Temperature, humidity: 20°C 4 2°C; 55% + 5% RH
Standard test circuit: Vc: 5.0 V0.1 V; Vh: 5.0 V0.1V
Preheat time: Not less than 48 hours

O, content: 21% (not less than 18%) O, concentration affects initial
value, sensitivity and repeatability.

Model: MQ-4

Sensor type: Semiconductor

Circuit voltage: 5V + 0.1

Heating voltage: 5V + 0.1

Load resistance: 20 K2

Detection range: Natural gas, methane

Heater resistance: 33 + 5%

Heating consumption: Less than 750 mW

Using temp: -10°C-50°C

Storage temp: 20°C-70°C

Related humidity: Less than 95% RH

Oxygen concentration: 21% (standard condition) oxygen concentration
can affect sensitivity

Sensing resistance: 10 KQ — 60 KQ (1000ppmCHy)
Concentration slope rate: < 0.6

Temperature, humidity: 20°C + 2°C; 65% + 5%RH
Standard test circuit: Vc: 5.0 V£0.1 V; Vh: 5.0 V0.1 V
Preheat time: Over 24 hours

sensor [36]

MQ-4
sensor [37]

Continued on next page
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Continued

Sensor Figure Parameters of Specification

Model: MQ-3

Sensor type: Semiconductor

Standard encapsulation: Bakelite (Black Bakelite)
Detection gas: Alcohol gas

Concentration: 0.04-4 mg/1 alcohol

Loop voltage: < 24 VDC

Heater voltage: 5.0 V 4+ 0.2V AC or DC

Load resistance: Adjustable

Heater resistance: 312 £ 3() (room temp)

Heater consumption: < 900 mW

Sensing resistance: 2 KQ — 20 K (in 0.4 mg/ 1 alcohol)
Sensitivity: Rs (in air ) / Rs (0.4mg/L alcohol ) > 5
Slope: < 0.6 (R300ppm/R100ppm alcohol)

Temperature, humidity: 20°C + 2°C; 65% + 5% RH
Standard test circuit: Vc: 5.0 V£ 0.1 V; Vh: 50 V+0.1V
Preheat time: Over 48 hours

Model: MQ-135

Sensor type: Semiconductor

Standard encapsulation: Bakelite, metal cap

Target gas: Ammonia gas, sulfide, benzene series steam
Detection range: 10~1000 ppm (ammonia gas, toluene, hydrogen,
smoke)

Loop voltage: < 24 V DC

Heater voltage: 5.0 V £ 0.1V AC or DC

Load resistance: Adjustable

Heater resistance: 29¢) + 3() (room temp)

Heater consumption: < 950 mW

Sensitivity: Rs (in air) / Rs (in 2000 ppm Hy > 5

Output voltage: 2.0 V ~ 4.0 V (in 400 ppm Hy )
Concentration slope: < 0.6(R400ppm/R100 ppmHs,)
Temperature, humidity: 20°C + 2°C; 55% + 5% RH
Standard test circuit: Vc: 5.0 V0.1 V; Vh: 5.0 V+0.1V
Preheat time: Not less than 48 hours

MQ-3
sensor [21]

MQ-135
sensor [38]

3.2 Software Design

The software design of the e-nose system to classify coffee types based on their aroma is presented in Figure 2.
In the coffee type identification system based on its aroma by implementing e-nose, the NBC method was used to
classify coffee types by processing data on gas content, humidity, and coffee steam temperature. NBC is a machine
learning method that calculates the probability of class membership [39] in a more straightforward way. NBC is
based on Bayes’ theorem, which has classification capabilities similar to neural networks and decision trees [40]. Eq.
(1) is the general form of the Bayes theorem equation [41].

P (D] Gj) P(Cj)

P(C;| D)= ——p

ey

where, D is data with an unknown class; C; is the hypothesis of data D which is a specific class; P (C; | D) is the
probability of hypothesis C; based on condition D (posterior prob.); P (D | C;) is the probability of D based on that
condition; P (C}) is the probability of Hypothesis C; (prior prob.); and P(D) is the probability of D.

NBC is well-suited for the e-nose system due to its ability to handle multiple features, such as gas content,
humidity, and temperature, which are crucial in classifying coffee types based on aroma. It is computationally efficient,
making it ideal for embedded systems like Arduino, which have limited processing power. Additionally, NBC offers a
probabilistic classification approach, proving effective even in noisy or uncertain sensor data. While NBC assumes
that features are conditionally independent, a simplification that may not hold perfectly in real-world sensor data
generally performs well despite this limitation.

The training process for NBC involves collecting sensor data for each coffee type, extracting relevant features,
and estimating prior probabilities and likelihoods for each class. Once trained, the classifier calculates the posterior
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probability for each coffee type based on new sensor data, selecting the class with the highest probability. This
straightforward yet powerful method enables the system to classify different coffee types based on their aroma
efficiently.

3.3 Classifier Evaluation

According to Figure 2, several data preprocessing steps were applied before feature extraction and classification to
ensure the quality and consistency of the data collected by the e-nose system. First, sensor calibration is crucial to
correct any inaccuracies or drift in the sensors, ensuring that the readings from the MQ-5, MQ-4, MQ-3, MQ-135,
and DHT-22 sensors are accurate. Noise filtering was also applied to smooth out any fluctuations in sensor data,
which are common in gas sensor readings due to environmental factors. This can be achieved using smoothing filters,
such as moving averages or low-pass filters. Additionally, any missing data was handled through imputation methods,
such as replacing missing values with the mean or median or removing the affected data points altogether [42].

Gas content, humidity,
temperature and coffee steam

¢ Sensor Type: DHT-22,
Sensor - MQ-5, MQ-4, MQ-3,
MQ-135
Y
ADC Conversion | Send data to
t Computer
Y
Coffee Gas, Humidity,
Temperature and Steam Data Coffee Gas.
Data Humidity, Temperature
and Steam Content
Ardumo L 4
l Classification with Naive Bayes
Display Data to
LCD .
Coffee Aroma

Classification Results

k4

End

Figure 2. E-nose flowchart for coffee aroma classification

To ensure that all features contribute equally to the classification process, scaling or normalization techniques
were used to adjust the sensor data into a standard range or standardize the values to have zero mean and unit variance.
Outlier detection is also essential, as extreme values in the data, such as unusually high or low readings, can negatively
impact model performance. By identifying and handling these outliers, the model is less likely to be influenced by
erroneous data points [43].

Feature engineering plays a role in enhancing the dataset by extracting additional meaningful features or aggregating
sensor data over time to capture trends. Feature selection is another step where irrelevant or redundant features are
removed, ensuring that only the most relevant data is used for classification. In some cases, data transformation
techniques, such as logarithmic or exponential scaling, may be applied to make the data more suitable for classification.
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Finally, if the dataset is small or unbalanced, data augmentation methods, such as adding noise or synthesizing new
samples, can be used to improve the classifier’s generalization ability [7].

Once these preprocessing steps are completed, the clean and transformed data is ready for classification with the
Naive Bayes algorithm, which can classify the coffee aroma based on the prepared features. These preprocessing steps
ensure that the raw sensor data is optimized, improving the accuracy and reliability of the classification process [13].

4 Results and Discussion
4.1 Tool Design Result

The system designed in Figure 3 aims to read the aroma of coffee through the steam produced from brewed coffee.
The main components in this design include an LCD screen, a sensor array, an Arduino, and a battery. The LCD
screen displays the results of sensor readings in real time, making it easier for users to monitor data. The sensor array,
consisting of MQ-5, MQ-4, MQ-3, MQ-135, and DHT-22, was placed on the top of the device to capture coffee steam
because steam tends to move upwards optimally. Arduino functions as the central data processor, reading sensor
signals, processing them, and displaying the results on the screen. A battery was used to power this system. Therefore,
it is portable and can be used in various locations, supporting the flexibility of testing in multiple places.

LCD Display ————

Sensor

Arduino

Figure 3. Tool design

Each sensor has a specific function to detect certain chemicals in coffee steam. The MQ-3 sensor detects alcohol
and organic compounds, such as ethanol, which are relevant for measuring aromatic components in coffee steam.
The MQ-4 is used to detect methane, which can appear due to the organic decomposition process during brewing.
The MQ-5 sensor can detect methane and Liquefied Petroleum Gas (LPG), expanding the detection scope to include
hydrocarbon gases. At the same time, the MQ-135 is designed to detect ammonia, carbon dioxide, and other organic
compounds, providing the ability to analyze volatile gases in coffee steam. In addition, the DHT-22 sensor measures
temperature and humidity, ensuring that measurements are carried out in controlled environmental conditions, making
the results more accurate.

This system works by capturing coffee steam through an array of sensors. Arduino then processes the data from
each sensor to calculate the concentration of substances such as ethanol, methane, alcohol, and ammonia. The
information is displayed directly on the LCD screen so that users can monitor the analysis results quickly and in real
time. By combining the functions of various sensors, this system can provide an in-depth analysis of the chemical
content in coffee steam, helping to distinguish the quality or type of coffee based on the aromatic compounds produced.

The main advantages of this design are its portability powered by a battery, the broad detection capability of the
sensor combination, and the ease of monitoring the results. The system also has the potential to be further developed,
for example, by adding a WiFi or Bluetooth module for wireless data transmission to other devices. The collected
data can be further analyzed using the NBC method to identify aroma patterns or even classify coffee based on the
chemical profile of its steam. This approach provides a more comprehensive picture of the aroma characteristics of
coffee, which can support further research and development in this area.

4.2 E-Nose Reading Result

The e-nose reading test was carried out 15 times on each type of coffee that had been brewed to produce coffee
steam. The results of the e-nose reading on 15 samples of Aceh Gayo Wine Coffee are presented in Figure 4. Based
on the results of the e-nose reading in Figure 4 (Aceh Gayo Wine Coffee sample), it is known that the MQ-4 sensor
(methane) shows the highest response value with an average ADC of 500.33, indicating that the methane content in
the sample is more dominant than other gases. Conversely, the MQ-3 sensor (alcohol) recorded the lowest response
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value with an average ADC of 150.67, indicating that the alcohol content in the sample was relatively low. The MQ-5
sensor (ethanol) shows a reasonably high response value, indicating the presence of significant ethanol, which may
be related to the fermentation process in making coffee wine. Meanwhile, the MQ-135 sensor (ammonia) recorded
a response value below methane and ethanol but higher than alcohol, indicating the presence of ammonia content,
which may come from nitrogen compounds from fermentation or protein degradation. In addition, although the test
was carried out in various humidity and temperature conditions, the sensor response pattern was relatively stable,
indicating that the gas composition in the coffee sample is not too affected by changes in environmental conditions.
These results show that Aceh Gayo Wine Coffee has a dominant methane gas content, followed by ethanol, with lower
levels of ammonia and alcohol.
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Figure 4. Result of e-nose reading on Aceh Gayo Wine Coffee samples

The results of e-nose readings on 15 Lein Coffee samples are presented in Figure 5. Based on the results of
Figure 5, sensor readings on the aroma of Lein Coffee, the MQ-4 (methane) sensor showed the highest response value
with an average ADC of 494.67, indicating that the methane content in the aroma of Lein coffee is more dominant
than other gases detected. Conversely, the MQ-3 (alcohol) sensor recorded the lowest response value with an average
ADC of 153.4, indicating that the alcohol content in the sample was relatively low. The MQ-5 (ethanol) sensor gave a
reasonably high response, although not as high as methane, indicating the presence of significant ethanol in the aroma
of this coffee. Meanwhile, the MQ-135 (ammonia) sensor recorded a response value below methane and ethanol but
higher than alcohol, indicating the presence of ammonia, which likely came from nitrogen compounds or fermentation
reactions.
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Figure 5. Sensor reading results for Lein Coffee aroma

In addition, the figure shows that the response patterns of the four sensors are relatively consistent across the
various humidity and temperature conditions tested, with values that are not too fluctuating. This indicates stability in
detecting the aroma gas composition of Lein Coffee despite environmental changes. Overall, Lein Coffee has aroma
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characteristics dominated by methane, followed by ethanol, with moderate ammonia and low alcohol levels. These
results reflect the presence of specific chemical processes in the aroma of coffee that are typical of this type of coffee.

The results of e-nose readings on 15 Toraja Coftee samples are presented in Figure 6. The MQ-4 (methane) sensor
showed the highest response value with an average ADC of 518.67, indicating that methane content dominates the
smell of this coffee compared to other gases. Conversely, the MQ-3 (alcohol) sensor recorded the lowest response
value with an average ADC of 156.87, indicating that the alcohol content in the sample is relatively small. The
MQ-5 (ethanol) sensor showed a reasonably high response value, although lower than methane, indicating the
presence of significant ethanol as one of the aroma components. The MQ-135 (ammonia) sensor had a response value
below methane and ethanol but higher than alcohol, indicating the presence of moderate ammonia content, possibly
originating from nitrogen compounds from the fermentation process or organic decomposition.
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Figure 6. Sensor reading results on the aroma of Toraja Coffee

The figure shows that the response pattern of each sensor tends to be stable despite variations in humidity and
temperature. This shows the consistency of e-nose detection of the gas composition in the aroma of Toraja Coffee in
various environmental conditions. Toraja Coffee has an aroma dominated by methane, followed by ethanol, with
moderate ammonia and the lowest alcohol levels. These results reflect the distinctive smell of Toraja Coffee, which
may be related to the processing or fermentation process typical of the region.

4.3 Classification Results Using the Naive Bayes Classifier Method

Table 3 shows the results of classifying types of Aceh Gayo Wine Coffee, Lein Coffee, and Toraja Coffee based on
their aroma using the NBC method and the validation technique used, which is k-fold cross-validation with & = 10.

Table 3 shows the classification results using the NBC method. The average correctness rate of 82.22% indicates
that this method is reliable for classifying Aceh Gayo Wine, Lein, and Toraja coffee aroma. Based on the classification,
Toraja Coffee has the highest correctness rate of 93.33%, Lein Coffee at 80%, and Aceh Gayo Wine Coffee at 73.33%.
The high correctness rate in Toraja Coffee indicates that the aroma of this coffee has a more distinctive and consistent
gas pattern, making it easier for the NBC model to recognize. Conversely, Aceh Gayo Wine Coffee has the lowest
correctness rate, which can be caused by a more complex gas pattern or tends to be similar to other types of coffee.

Table 3. Results of classification using the Naive Bayes Classifier method

Classification Results

No. Types of Coffee Correct Wrong % Truth
1 Aceh Gayo Wine Coffee 11 4 73.33
Lein Coffee 12 3 80
3 Toraja Coffee 14 1 93.33
Average percentage of correctness 82.22

From the sensor reading graph, Toraja Coffee has the highest MQ-4 (methane) sensor response value with an
average ADC of 518.67, followed by Aceh Gayo Wine Coffee (500.33) and Lein Coftee (494.67). The high and stable
methane content in Toraja Coffee is likely a factor that makes it easier to classify. Meanwhile, despite having a high
methane content, Aceh Gayo Wine Coffee shows a more even variation in other gas content (such as ethanol, alcohol,
and ammonia), making it more difficult to distinguish by the model.

In addition, the figure shows the stability of the reading patterns of the four sensors (MQ-5 for ethanol, MQ-4 for
methane, MQ-3 for alcohol, and MQ-135 for ammonia) at various humidity and temperatures, both in Aceh Gayo
Wine Coffee, Lein Coffee, and Toraja Coffee. However, the ADC value of the MQ-3 sensor (alcohol) is always the
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lowest in all three types of coffee, indicating minimal alcohol content, which may be less significant in affecting
the classification results. The high ADC value for methane (MQ-4) in Toraja Coffee can provide a more distinctive
pattern, thereby increasing classification accuracy.

There are some additional analyses as follows:

a) Sensor response stability: All four sensors showed high stability across various environmental conditions
(humidity and temperature). This stability supports the reliability of the NBC method in utilizing gas patterns for
classification.

b) Distinctive aroma profile: The high level of truth in Toraja Coffee indicates that the aroma of this coffee has a
more distinctive gas profile, mainly due to the high and relatively consistent methane content. In contrast, the more
complex aroma profile of Aceh Gayo Wine Coffee causes a more significant challenge in its classification.

¢) Improvement opportunities: To improve classification accuracy, especially for Aceh Gayo Wine Coffee, other
features can be added, such as minor gas data that is not detected by the primary sensor or using different classification
algorithms such as Random Forest (RF) or Support Vector Machine (SVM) to address more complex gas patterns.

d) Sensor significance: The MQ-4 (methane) sensor plays a significant role in distinguishing coffee types,
considering that methane content tends to be the dominant marker in all three coffee types. The MQ-3 (alcohol)
sensor has the lowest and most stable value, indicating that alcohol content may be less relevant in influencing aroma
differences.

In addition, the figure shows the stability of the reading patterns of the four sensors. Overall, the average
correctness rate of 82.22% indicates that the NBC method is quite effective in classifying coffee aroma based on gas
patterns, especially for types of coffee with distinctive aroma profiles such as Toraja Coffee. Combining feature and
algorithm improvements can further improve accuracy for types of coffee with more complex aroma patterns, such as
Aceh Gayo Wine Coffee.

4.4 Classifier Evaluation Results Using Confusion Matrix

The results of the NBC evaluation using the confusion matrix table are presented in Table 4.

Table 4. Assessment of classifier performance through confusion matrix analysis

n=45 Classified
Aceh Gayo Wine Coffee Lein Coffee Toraja Coffee
Aceh Gayo Wine Coffee 11 3 1
Original data Lein Coffee 3 12 0
Toraja Coffee 1 0 14

The confusion matrix in Table 4 has the accuracy obtained at 82.2%, indicating quite good performance in
classifying the aroma of Aceh Gayo Wine Coffee, Lein Coffee, and Toraja Coffee. From the confusion matrix, the
following can be observed:

a) Aceh Gayo Wine Coffee was correctly classified in 11 instances, but 3 samples were incorrectly classified as
Lein Coffee, and 1 sample needed to be correctly classified as Toraja coffee.

b) Lein Coffee was accurately classified in 12 instances, but 3 samples were incorrectly classified as Aceh Gayo
Wine Coffee.

c) Toraja Coffee performed the best, with 14 instances correctly classified and only 1 instance incorrectly classified
as Aceh Gayo Wine Coffee.

The accuracy value of 0.822 indicates that, overall, NBC can classify coffee aroma well. However, for metrics
such as precision, recall, and F1-score, it is seen that Toraja Coffee has a better value than other coffees, indicating
that the aroma of this coffee has a more unique and easily recognizable gas profile.

4.5 Comparison with the Results of Previous Research

This study identifies the aromas of coffee (Aceh Gayo Wine, Lein, and Toraja) using the NBC method, achieving
an overall accuracy of 82.22%. Toraja Coffee shows the highest accuracy at 93.33%, while Aceh Gayo Wine Coffee
has the lowest at 73.33%, likely due to its more complex and less distinctive aroma profile. The study also highlights
the significant role of the MQ-4 (methane) sensor in differentiating coffee types, with Toraja Coffee exhibiting the
highest methane levels.

When compared to the referenced studies, there are both similarities and differences. Susanti et al. [18] also used
an NBC model with MQ sensors to demonstrate reliable coffee classification, which is similar to the findings of this
study. In this study, gases like methane (MQ-4) are also crucial for classification. On the other hand, Selvanarayanan
et al. [19] employed HAC and machine learning frameworks, focusing on classifying coffee aromas into odor classes
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like floral and roasted rather than using sensors. The research relies more on clustering techniques, while this study
focuses on using sensor data for classification.

Susanti et al. [18] and Selvanarayanan et al. [19] developed ANN-based models for aroma intensity classification
and compound prediction and achieved higher accuracy (98%) in predicting specific aroma compounds. This differs
from this study, which focuses on overall aroma classification based on sensor responses rather than predicting
individual compounds. Additionally, Susanti et al. [18] identified volatile gases, which also aligns with this study in
measuring VOCs using TGS sensors and correlating gas concentration with conductivity changes.

The critical difference between this study and the referenced ones is the accuracy. Studies using clustering
techniques or ANN-based models report higher accuracy, especially in compound prediction, while this study with
the NBC shows a moderate accuracy of 82.22%. Furthermore, although this study relies on MQ sensors, others focus
more on broader gas detection or compound profiling. Methodologically, while other studies use advanced machine
learning techniques like hierarchical clustering or ANN, this study uses the more straightforward yet effective NBC
model. This indicates room for improving classification accuracy, especially for more complex coffee aromas like
Aceh Gayo Wine Coffee, by adding additional features or experimenting with algorithms like RF or SVM.

5 Conclusions and Recommendations for Further Research
5.1 Conclusions

a) Sensor response analysis

Measurements using an e-nose based on a series of gas sensors (DHT-22, MQ-5, MQ-4, MQ-3, and MQ-135)
showed the following results:

o The highest gas levels in Aceh Gayo Wine Coffee, Lein Coffee, and Toraja Coffee were detected by the MQ-4
sensor, which is sensitive to methane.

e The MQ-3 sensor, sensitive to alcohol, detected the lowest gas levels. These results indicate differences in the
content of the main volatile compounds in the aroma of coffee that distinguish between the types of coffee tested.

b) NBC performance evaluation

Based on the evaluation results using the confusion matrix, the NBC method performed exceptionally well in
classifying coffee types. The accuracy obtained was 82.2%, with precision and recall indicating the model’s ability
to recognize and distinguish classes well. The F1-score value approaching accuracy suggests a balance between
precision and recall. Therefore, this method is considered adequate for classifying coffee types based on e-nose data.

5.2 Recommendations for Further Research

For testing to produce more accurate and representative data, the following steps need to be taken:

a) Air sterilization in the test box. The test box environment must be free from gas contamination or other volatile
compounds that can affect sensor readings. This can be done by:

e Using an air filtration system (air purifier) to remove particles and residual gases.

o Isolating the test box from external environmental influences.

b) Improvement of coffee aroma extraction techniques. To produce more robust and more consistent aroma vapor,
coffee grounds should be brewed with hot water according to standard parameters (e.g., temperature of 90-95°C and
brewing time of 3-5 minutes). This step allows volatile compounds characteristic of coffee aroma to be optimally
detected by the gas sensor.

¢) Adding sensors to diversify data. Integrating other sensors sensitive to specific volatile compounds, such as
carbon dioxide (CO3) or sulfur dioxide (SO3), can help expand the scope of analysis. This allows for more detailed
classification.

d) Testing under various environmental conditions. Testing under various environmental conditions (e.g., varying
temperature and humidity) can be conducted to ensure the generalizability and reliability of the model in real-world
situations.

These steps are expected to improve measurement accuracy and the classification performance of the NBC method
in distinguishing coffee types.

5.3 Future Research Direction and Integration

The scalability and generalizability of the e-nose system are promising, as it can be easily extended to classify
other coffee varieties or even adapted for different aroma classification tasks. The system’s core principle of detecting
and analyzing volatile compounds in the aroma is versatile, and by adjusting the sensor array or modifying calibration
settings, it can be tailored to accommodate different types of coffee or even other products with distinct aroma profiles,
such as tea, wine, or spices. With sufficient data and proper training, the model could generalize well across various
coffee types and environmental conditions, allowing for broad applications beyond the coffee industry.

Future research directions should focus on enhancing the system’s capability by integrating advanced sensors.
These sensors could be more sensitive to specific volatile compounds, expanding the range of aromas that can be
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detected. For instance, incorporating sensors that detect specific organic compounds, such as aldehydes or esters,
would improve the system’s ability to differentiate between nuanced aroma profiles in coffee. Moreover, exploring
alternative classification algorithms beyond Naive Bayes, such as deep learning models or SVMs, could improve
classification accuracy and robustness, mainly when dealing with complex, high-dimensional data from the e-nose.

Another exciting avenue for future research is developing a portable e-nose device. By miniaturizing the system
and optimizing it for real-time data acquisition, a portable e-nose could be used by producers, roasters, or even
consumers to assess coffee quality on-site, providing immediate feedback. This would allow for quality control in the
field, making the technology more accessible and practical for everyday use. Additionally, the integration of wireless
communication could enable remote monitoring and data collection, further enhancing the versatility and convenience
of the system.

The economic benefits of such technology are significant. For producers, the ability to automatically classify
coffee and assess its quality could reduce labor costs and increase throughput. Additionally, it could provide an
opportunity to differentiate high-quality coffee in the market, potentially leading to higher sales and brand recognition.
Such advancements could also be extended to supply chain management, helping producers and roasters better
understand the properties of their beans as they move through different processing stages. By developing more robust
systems and incorporating additional sensors, the e-nose could also improve sustainability in coffee production by
identifying inefficient practices or subpar quality early in the process, reducing waste, and optimizing resource usage.
Ultimately, future research should focus on refining sensor technologies and expanding the range of compounds
detected, leading to more accurate, real-time monitoring of coffee quality from farm to cup.

Overall, by refining sensor technologies, exploring new classification algorithms, and developing portable
solutions, the e-nose system can revolutionize coffee production and quality control and be adapted for various
applications in aroma-based classification.

5.4 Challenges and Limitations Encountered

Several challenges and limitations were encountered during the development and testing of the e-nose system.
One of the primary challenges was the sensitivity and calibration of the sensors. Environmental variables, such
as temperature and humidity, can influence sensor readings, causing inconsistencies that affect the accuracy of
measurements. Moreover, while the sensors can detect various volatile compounds, the complexity of coffee aroma
made it difficult to distinguish subtle differences between coffee types, especially given the wide variety of compounds
involved. This complexity requires a more refined sensor array to capture all the relevant aroma characteristics. Data
variability also posed a challenge, as differences in coffee samples, such as variations in roast levels, storage conditions,
or geographical origin, could impact the sensor responses, making consistent data collection difficult. Additionally,
integrating e-nose technology into existing coffee production systems presents technical hurdles, including seamless
integration with current machinery and adjusting calibration settings as the system is scaled. These challenges
highlight the need for further refinement of both the sensors and the experimental protocols to enhance the accuracy
and applicability of the e-nose in real-world coffee production environments.
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