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ABSTRACT ARTICLE INFO

Odor, one of our senses, is an important sense of life. Tn some cases, smell can  groyp05ds:

be vitally important. A smell can also help in the correct recognition of a substance.  (qor detection

Odor is composed of gas molecules. In this study, 8 simple semiconductor gas  gemiconductor gas sensor,
sensors were used to detect the odor of various substances. A gas sensor fusion setup  pecision trees (DT),

was created with gas sensors and a candidate data set was created by collecting sensor
data with the help of Arduino Mega embedded system. With the help of this data set,
the odor of 7 different cleaning agents and similar substances was detected with the
help of Decision Trees (DT). The results obtained from the decision tree (DT)  Received: 2024-11-11
classifier using the data set obtained from the fusion setup (95.44%) are close to the ~ Accepted: 2024-11-20

state-of-the-art results. As a result of the study, the feasibility of an embedded odor i)sgll\l lzﬂégiéi(;ijfphc fum.1582917

Embedded system,
Classification

detection device has been demonstrated.

1. Introduction [4]. In particular, the amygdala and hippocampus limbic

system play a role in establishing a strong link between

The effect caused by one or more chemical gas odor and memories [5]. People have genetic differences in

molecules is called odor. The chemical gas molecules their ability to smell. These genetic differences can cause

interact with the odor receptors in the nose and are people to perceive certain odors more or less strongly [6].

processed in the brain and olfaction takes place. Many
studies have been conducted on odor in the fields of Related Works

chemistry, biology, and neuroscience. Olfaction begins Some recent literature studies using gas sensors and

when volatile molecules that can be mixed into the air bind gas sensor assemblies for odor detection are given in Table

to receptors sensitive to different odors in the olfactory 1. Table 1 shows that a gas sensor array is generally used

epithelium in our nose. In humans, approximately 400 for odor detection. From the data obtained from these

different odor receptor genes detect different odor sensors, feature extraction was performed with algorithms

molecules. These receptors interact with specific such as Principle Component Analysis (PCA), Relief, and

molecules, discriminate odor molecules, and transmit the Linear Regression. Deep Learning based classifiers (MLP,
odor signal to the brain. This transmission is described by BiLSTM, CNN) were frequently used as classifiers.
the lock-and-key model [1], [2]. The sense of smell is

directly related to memory and emotional responses [3],

Table 1 Literature on odor detection using gas sensors
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Reference, Year Aim of Study Method Performance Metrics
Kim E. et al. [7], Improving the sensitivity of gas Neural-Genetic Accuracy (Acc): 95%
2012 sensor assemblies Classification ~ Algorithm

(NGCA), ANN (Artificial
Neural Network) and GA
(Genetic Algorithm)

Yang, Z. et al. [8], Developing a robot with a high-

LSPR

with gas-  Distance: less than 2 cm

2018 speed gas sensor module based on

localized surface plasmon resonance  sensitive substrate

(LSPR)
Chanonsirivorakul ~ Investigating odor perception in  Sensor reading method %0,0025 ammonia
and Nimsuk [9], humans with the response of an concentration
2020 ammonia gas sensor for the

standardization of odor measurement
Yatabe, R. et al. Developing an odor sensor  Machine Learning Acc: 97.9%
[10],2021 system with multi-channel data

output
Zhang, W. et al. Qualitative and quantitative artificial Deep Learning, WCCNN- R”* 97,12% (Average for 4
[11],2021 sense of smell detection of gas BiLSTM- many-to-many gases)

GRU

Al Isyrofie et al.
[12],2022

Determining the freshness of meat

PCA, Deep Learning

Acc: 98.70%

Dobrzyniewski et Odor Air Quality Index (OAQI) OAQI, PCA (Principle R* 98%
al. [13], 2022 Determination of Odor Annoyance Component Analysis), RMSE: 4.22
Multiple Linear
Regression (MLR)
Aleixandre, M. et Improved online active odor Online learning active p=0.023 (RRMSE)
al. [14], 2022 detection procedure sensing loop,  Blend
odor, Measure odor
Wen, J. et al. [15], Detecting whether the fruits are ReliefF Algorithm, Multi- ReliefF + MLP Acc: 100%

2022 spoiled or not by odor Layer Perception (MLP)
Qian, J. et al. [16], Multisensor Odor Detection System Chebyshev  polynomial- Acc: 96.52%
2023 for Odor Classification based weighted

discriminant

Motivation and Contributions
Semiconductor gas sensors developed today are made by
mimicking the odor receptors of living organisms. Each
sensor is more sensitive to different molecules. Therefore,
it is possible to detect different odors more accurately by
using sensors sensitive to different odors. Gas sensors can
be used alone but can only recognize a small range of
odors. By using a gas sensor array, the odor range is
expanded and a large number of odors can be recognized.
Therefore, gas sensor arrays with different sensitivities
should be used. Studies in the literature are mainly focused
on detecting fresh air, classifying the odor of meat and
other foods, and detecting spoilage [17]. Single-sensor
studies have also been carried out for precise gas
measurement [18]. In this study, Decision Trees (DT) are
used for the classification of cleaning and similar items by
using only data normalization without using feature
extractors. As a result of the study, the following
contributions are expected to be obtained:
(1) Adding odor data set for cleaning agents to the
literature
(2) Effective

extractors and deep learning

classification without using feature
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(3) Demonstrating that decision trees are effective in
classifying odor data

(4) Demonstrating the feasibility of an embedded odor
detection

2. Experimental Setup and Collection of Data Set

There have been studies in the literature for basic
odor detection using low-cost sensors. Low-cost gas
sensors are generally used for the detection of carbon
dioxide, smoke, alcohol, metal gas, LPG, propane,
isobutane, hydrogen, carbon monoxide, and similar
predatory gases. In this study, a fission dataset was created
using low-cost MQ gas sensors. Within the scope of the
study, an experimental setup was created using a total of 8
different MQ gas sensors. Semiconductor gas sensors used
in the data set collection and their specifications are
summarized in Table 2 [19].

In this study, 8 different Semiconductor gas
sensors were used for odor detection. The models of
these gas sensors, their application areas, and detection
rates are presented. These sensors can detect limited gas
types on their own. Within the scope of the study, a
sensor fusion was created by combining 8 different gas
sensors. Thus, it is aimed to detect different odors for
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each sensor. The electronic setup for sensor fusion is
given in Figure 1.

Table 2 Semiconductor gas sensors used for data set
collection and their specifications

Sensor Sensor

No Model Application Rate’
- Ammonia (NHs)
- Carbon Dioxide (CO2)
- Benzene (CsHe) 10 -
1 MQI135 -  Alcohol  (ethanol - 1000
C:HsOH) ppm
- Smoke
- - Air quality
- Alcohol (ethanol-
C:HsOH) 0.05 -
2 MQ3 - Benzene (CsHe) 10
- Methanol (CHsOH) mg/L
- Propane (C;Hs)
- Carbon Monoxide (CO)
- Methane (CH4) 200 -
3 MQ4 - Natural Gas 10000
- Propane (CsHs) ppm
- Natural gas (CHa) 200 -
- LPG (propane, CsHs;
4 MQ5 butane, CsHio) 10000
- H,(Hydrogen) ppm
- LPG (propane, CsHs;
butane, CsHio) 200 -
5 MQ6 ’ 10000
- Alcohol (ethanol) ppm
- Carbon Monoxide (CO)
- Carbon Monoxide (CO) 20 -
6 MQ7 - Hydrogen (Hz) 2000
ppm
- Hydrogen (H) 100 -
7 MQS8 10000
ppm
- Carbon Monoxide (CO) 10 -
8 MQ9 - Flammable Gases (LPG, 1000
methane - CHa) ppm

*ppm: parts per million

As seen in Figure 1, signals are received from 8
different sensors through an analog-digital converter using
Arduino Mega. These collected signals are combined to
create a data set. The Arduino-based experimental setup is
fixed in a closed box. Substances of different odors were
placed in this closed box and data was collected from the
sensors for about 2 minutes for each substance. In the
experimental setup, substances such as detergent, cologne,
perfume, wet wipes, vinegar, and adhesive spray were
dropped into the box and their odors were collected. In
addition to these 6 different odors, the experimental setup
was left empty and the odor of normal ambient air was
also obtained. In total, odor values were obtained for 7
different situations. The number of samples collected for
the collected data set is summarized in Table 3.
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Figure 1 Electronic setup for data set collection

Table 3 Characteristics of the collected data set

No Class Number of data
1 Detergent 1264
2 Air 1282
3 Cologne 1272
4 Perfume 1798
5 Wet Wipes 1648
6 Vinegar 1303
7 Adhesive Spray 1227

As seen in Table 3, a minimum of 1227 and a
maximum of 1798 samples were collected for 7 different
odor types. The number of sample data collected for each
odor class is generally close to each other.

3. Proposed Odor Detection Method

In this study, low-cost Semiconductor gas sensors are
used to detect different odors that we encounter in daily
life. The general block diagram of the sensor fusion-based
odor detection method is summarized in Figure 2. As
shown in Figure 2, the proposed method consists of 4 basic
steps. In the first step, analog data from 8 different sensors
were converted into digital data. The data collected for
each sensor is normalized within itself. The normalized
data were combined to obtain features. A total of 9794x8
feature matrices were created for 8 different sensor types.
The features obtained from the sensors of these odor types
are discriminative. The odor data obtained from MQ135
and MQ3 sensors are shown in Figure 3 with a scatter plot
graph.

When the features extracted from the MQI135 and
MQ3 sensors are analyzed in Figure 3, it is seen that each
odor has distinctive features. The same is also seen in the
relationships between the other sensors. The generated
dataset was classified using the decision tree algorithm.
Decision Tree algorithm is an algorithm that can work
faster than other machine learning algorithms. For this
reason, the Decision Tree algorithm is preferred in the
proposed method [20], [21]. The hyperparameters of the
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Decision Tree classifier model used are presented in Table

SERIAL PORT

PC

SENSORS

DATA COLLECTION

DATA NORMALIZATION

MERGING NORMALIZED
SENSOR DATA

Figure 2 General block diagram of sensor fusion-based
odor detection method

Detergent
Air

Cologne

Perfume

Wet Wipes

Vinegar

Adhesive Spray

MmaQ3

Figure 3 Scatter plot of the obtained features

Table 4 Hyperparameters of the proposed DT classifier
model

Value

Fine DT

100

No Parameters

Preset
2  Maximum number of
splits
Gin’s diversity index
Off

3 Split criterion
4 Surrogate decision splits

—

161

4. Experimental Results

The method proposed in this study was developed in
the MATLAB platform. The normalized and merged odor
data were classified by a 10-fold crossover with the
Decision Tree. The confusion matrix obtained with the
proposed method is presented in Figure 4.

Predicted Class

1 2 3 4 5 6 7
1| 1153 23 32 1 47 8 0
2| a4 |118 | 49 0 34 6 3
3| 21 | 19 1784 | o 6 4 4
E
Saf 16 3 17 | 1569 [ 6 29 8
=]
£
5 25 6 28 4 1175 34 0
6| 3 19 4 8 19 |1235 | 15
7 2 0 42 1 1 29 1152

Figure 4 Confusion matrix obtained with the proposed
method

When the neighboring matrix given in Figure 4 is
examined, it is seen that the accuracy value of all classes is
high in general. Using the results in the complexity matrix,
class-based accuracy values for 7 different classes are
calculated as shown in Figure 5.

:Delergent
I air

Bl cologne
-Perfume
[ wet wipes
B vinegar

I Adhesive Spray

91.22%

95.21%

93.89%

94.78%

Figure 5 Class-based accuracy results

When the class-based accuracy rates calculated in
Figure 5 are examined, the highest result is calculated as
97% with cologne odor and the lowest classification result
is detergent odor with 91.22%. It appears that the
classification success is high for all odors. The class-based
ROC curve and AUC values of the proposed method are
presented in Figure 6.

In Figure 6, the AUC value is calculated for each
class and the highest result is 0.9956 with the adhesive
spray odor and the lowest result is 0.9905 with the
detergent odor. It is clearly seen that the overall AUC
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values for each class are high. Accuracy (%), Precision
(%), Recall (%), Geometric Mean (%), and F- Score (%)
metrics are used to obtain the statistical results of the
proposed method. The proposed Decision Tree classifier
was run for 100 iterations. The maximum, minimum,
mean, and standard deviation statistics of the obtained
results are calculated and listed in Table 5.

0.95 Detergent (AUC = 0.9905) .
Detergent Model Operating Point
Air (AUC = 0.9938)

Air Model Operating Point
Cologne (AUC = 0.9947)
Cologne Model Operating Point
Perfume (AUC = 0.9955)

[ ] Perfume Model Operating Point 4
Wet Wipes (AUC = 0.991)

[ ] Wet Wipes Model Operating Point
Vinegar (AUC = 0.9919)

Vinegar Model Operating Point
Adhesive Spray (AUC = 0.9956)

[ ] Adhesive Spray Model Operating Point

True Positive Rate

0.9

0.85 I I I I
0 0.1 0.2 0.3 0.4 0.5

False Positive Rate

Figure 6 ROC curves and AUC values obtained with the
proposed method

Table 5 100 iteration results using the DT classifier

L. Accuracy  Precision  Recall Fl-
Statistics %) %) %) Score
(%)

Max 95.44 95.71 95.33 95.52
Min 92.27 92.65 91.93 92.29
Mean 93.83 93.99 93.60 93.79
Std 0.602 0.570 0.639 0.599

The descriptions of the performance metrics in Table
5 and the calculation equations (1-4) are provided below.
The performance rates were calculated using five metrics:
accuracy, precision, recall, and Fl-score. These metrics
were calculated using the number of true positives (TP),
false positives (FP), true negatives (TN), and false
negatives (FN). The mathematical notations of the used

performance metrics are shown in Egs. 1-5.

TP+TN
Accuracy = (1)
TP+TN + FP+FN
TP
Precision = ——— (2)
TP + FP

Recall :L 3)
TP+ FN
2TP
Fl1-Score =————— 4)
2TP+ FP+FN

As seen in Table 5, the highest accuracy rate for the
proposed odor classification model was 95.44% and the
lowest accuracy rate was 92.44% after 100 iterations. In
order to test the success of the sensor fusion used in the
proposed method, odor classification results were
calculated using each sensor separately. The calculated

accuracy results are presented in Figure 7.
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Figure 7 Sensor-based classification accuracies

When the sensor-based classification performance
is analyzed in Figure 7, it is seen that the highest accuracy
is calculated with the MQI135 sensor at 81.5% and the
lowest accuracy is calculated with the MQ7 sensor at
68.9%. It is seen that the performance results will be low
if the features obtained from only one or two sensors are
used while collecting the data set. In this case, sensor
fusion was preferred and the collected dataset was able to
distinguish odors with much higher accuracy.

5. Conclusion

In this study, low-cost semiconductor gas sensors
used in the literature were used to classify odors that we
frequently encounter in daily life. The use of low-cost
sensors with high-accuracy results demonstrated the
contribution of this study. In addition, a sensor fusion
dataset was obtained by combining these sensors, which
alone detect odors with low accuracy. The creation of this
fusion dataset is another contribution of this study. As a
result of the preprocessing with the collected dataset,
95.44% accuracy was calculated for 7 different odors
using the Decision Tree classifier. The calculated
precision, recall, geometric mean, and F-score metrics
confirm the success of the proposed method. In future
studies, it is planned to develop an embedded system-
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based real-time method for the detection of at least 20

different odors.
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