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AbstractCO2 and SO2 gases are utilized in various industrial applications and are subjects of environmental research. However, these gasesare considered toxic and pose dangers at certain concentrations. Therefore, it is crucial to monitor and control the exposure tothese gases in the environment to prevent reaching hazardous levels that could endanger both humans and the environment. Anon-contact detection and monitoring system is essential to minimize the adverse effects of direct gas exposure. In this research, anon-contact detection system for CO2, SO2, and mixed gases was developed using optical imaging analysis generated by infraredcameras. The images were captured using the FLIR Vue Pro-R infrared camera, with infrared-absorbing gas sourced from a 50-watttungsten lamp. Visual identification of these gases through optical imaging is challenging; however, this study successfully identifiedthese gases using a Convolutional Neural Network (CNN). The CNN architecture used in this study is DenseNet (Densely ConnectedConvolutional Networks), comprising 169 convolution layers. The CNNmodel was trained and tested on experimental optical imagingdata, categorized into three classes: CO2, SO2, and a mixture of gases. A total of 1030 optical imaging data points were utilized fortraining. Training was conducted using the AdamW optimization function over 28 epochs. The evaluation of results yielded accuracy,precision, recall, and F1-score metrics. The novelty of this study lies in the successful identification of CO2, SO2, and their mixture bythe CNN model with an accuracy of 85%. Precision, recall, and F1-score values are all 0.85. These results indicate that the CNNmodel effectively distinguishes optical imaging of each gas (CO2, SO2, and their mixture) consistently and accurately. Consequently,it can be concluded that the CNNmodel performs well in distinguishing between these gases in optical imaging analysis.
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1. INTRODUCTION

The use of non-volatile CO2 as the focal point of investiga-
tions is widespread across various scientific fields, including
health, mining, and the environment. This gas is emitted by
volcanoes, with the presence often signaling an imminent erup-
tion (Jeffery et al., 2013; Notsu et al., 2006; Jousset et al.,
2012). This phenomenon was observed across case studies of
volcanos in Mount Merapi in Yogyakarta and Mount Kelud
in East Java, Indonesia. In this context, monitoring of CO2
levels is very important to determine or predict the timing of
volcanic eruptions. This knowledge is crucial given that areas
surrounding volcanoes such as Merapi and Kelud are inhabited,
posing a threat to the people and environment. Additionally,
the knowledge is instrumental in introducing timely warnings
to minimize disaster-related casualties.

The current monitoring methods used for volcano activities

include seismic and deformation analyses. However, monitor-
ing of CO2 emissions has proven to be a valuable addition
to predicting eruptions (Cronin et al., 2013; Di Traglia et al.,
2018; Humaida, 2005; Jousset et al., 2012). One challenge
faced in on-site (in-situ) monitoring within volcanoes is the
hazardous nature of toxic gases, indicating the need for non-
contact methods. Several previous studies have indicated the
potential for non-contact gas detection, with one of the meth-
ods involving optical imaging. Non-contact method serves
as a solution for the non-contact method required for toxic
gases such as CO2. However, gas in nature, especially in volca-
noes, does not come out as a single gas, where the gas released
from the volcano is a mixture of several gases. Therefore, the
identification of these gases is a challenge in the development
of non-contact gas detection. In addition, instruments are
needed that are able to capture gas properties into an image
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data. Vollmer and Möllmann (2011) stated that infrared cam-
eras can monitor radiation, which enables the acquisition of
CO2 spectrum images (Battalwar et al., 2015; Vollmer and
Möllmann, 2011). The inherently dynamic nature of gases
poses a significant challenge in the analysis of optical imaging
captured by infrared cameras. Consequently, there is a press-
ing need for tools to aid in gas detection. One particularly
effective method for image data analysis, encompassing tasks
such as classification, segmentation, and object detection, is the
Convolutional Neural Network (CNN).

The use of CNN in gas detection systems has seen signifi-
cant development, particularly with input data obtained from
electronic noses. However, the application of CNN in gas iden-
tification based on optical imaging data remains limited. For
instance, a study conducted by Peng et al. (2018) compared
the accuracy of CNN, SVM, and MLP in gas detection using
input data generated by an electronic nose. The findings of
this research indicated that CNN achieved the highest accu-
racy. Another study with similar input data was reported by
Xiong et al. (2023) , where various gases such as H2S, SO2,
and NH3 were detected based on the characteristic odor com-
ponents, rather than optical imaging. Research on the use of
CNN for optical imaging detection was presented by Zhu et al.
(2023) , where CNN was implemented to detect the concentra-
tion of CS2 and SO2 using data from differential gas absorption
spectrum (MDAS) to address spectrum inconsistency issues.
The study successfully detected CS2 and SO2 gases with mean
absolute errors of 0.51 and 1.12, respectively, although the
spectrum data used was one-dimensional.

In this research, gas identification was conducted using two-
dimensional image data as input. This represents a novelty
compared to previous research. Identification based on two-
dimensional data provides more detailed information by con-
sidering wavelength and light intensity. This allows for more
accurate identification and deeper analysis of complex samples
such as gases. In preceding research, the examination of CO2
and mixed gases through optical imaging, employing grayscale
image mode and histogram analysis, was conducted (Salamah
et al., 2022; Salamah et al., 2023). The outcomes revealed
distinctive histogram patterns generated by each gas. However,
the study faced limitations in identifying the specific gas type,
as the resulting optical images exhibited nearly identical color
distribution in the R-G-B mode, making visual differentiation
challenging. To address this limitation, the present study in-
troduces a novel approach for identifying CO2, SO2, and gas
mixtures using Convolutional Neural Network (CNN). The
qualitative data derived from the investigation were further
utilized for gas classification through CNN, a state-of-the-art
image processing method (Chu et al., 2021; Frei and Kruis,
2021; Malamousi et al., 2022; Nie et al., 2022; Wei et al.,
2019). Meanwhile, the dataset employed in this study is unique,
consisting of experimental results that contribute novelty to the
research.

2. EXPERIMENTAL SECTION

2.1 Materials
In this study, an investigation was conducted employing a vac-
uum chamber to introduce CO2 gas (99.7%), SO2 and a mixture
of both gases. The gas source is genuine gas, often utilized in
industries, stored in a cylinder equipped with a regulator and a
flow meter, as demonstrated in Figure 1a. The gas flow, set at
a rate of 5 L/min, was directed into the chamber for varying
durations, and the characteristics were examined through in-
frared (IR) imaging captured by the FLIR camera. To establish
references, individual tests were conducted for pure CO2 and
SO2 before combining the gases. The experimental configu-
ration for detecting CO2 gas using a thermal imaging camera
with R-G-B mode employed a vacuum tube. Throughout the
experiment, the camera was positioned directly to the right of
the gas-filled chamber. The experimental setup is illustrated in
Figure 1b.

When CO2 gas interacts with infrared radiation, it exhibits
the ability to absorb such radiation. The energy from infrared
radiation induces molecular vibrations, particularly in CO2 gas,
through its four vibrational modes, with three of them being re-
sponsive to infrared radiation energy (specifically, asymmetric
stretching vibrations and two bending vibrations). The distinc-
tive and specific nature of the infrared absorption band allows
for the identification of compounds, as each type of chemical
bond or functional group possesses a unique signature. In the
infrared (IR) spectrum, CO2 gas demonstrates peak absorp-
tion at wavelengths ranging from 2.5 to 2.6 𝜇m, 4.3 to 4.5
𝜇m, as well as at 9.5 𝜇m, 10.5 𝜇m, and 14 𝜇m, respectively,
with additional weak absorption peaks, as illustrated in Figure
2. To achieve non-contact gas detection of CO2, a thermal
imaging camera covering the spectrum from 8 to 14 𝜇m was
employed, given its relatively lower cost in the market. This dis-
tinct peak absorption characteristic provides an advantageous
means of differentiating CO2 gas from other gases present in
the atmosphere

2.2 Methods
As shown in Figure 1, data were collected from three types
of optical imaging clusters of gases namely CO2, SO2, and
a mixture of both. The number of optical imaging data of
each cluster was 330 to 350, respectively, totaling 1030. The
data were used for training and tests which were further ana-
lyzed. Gas that absorbs certain wavelengths is captured with
an infrared camera that produces optical imaging, where the
optical imaging will be analyzed and processed using CNN.
CNN model architecture used in this study was DenseNet,
implemented through Google Colab. This model comprised
169 layers, incorporating typical processes such as convolution,
relu, batch norm, and residual block by adding filters from the
previous layer and combining for the next process. By using
this method, the last layer was used for the linear combination.
This layer resulted from the extraction of CNN DenseNet
features. These features were instrumental in predicting the
number of classes, with each having a distinct probability out-
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Figure 1. a) The Source of Gases and b) The Apparatus Set Up for the Experiment of Gas Detection

Figure 2. The Percentage of Radiation Absorption by Gases in
the Atmosphere (Takle, 2015)

put. Each class with the highest probability was taken as the
prediction. The DenseNet architecture used in this study is
shown in Figure 3.

CNN DenseNet is a pre-trained model initially trained on
the extensive imageNet dataset (Alzubaidi et al., 2022; He
et al., 2022; Paul and Sabeenian, 2022; Wu et al., 2023). Sub-
sequently, the learned weights/parameters were stored and
further used for fine-tuning specific tasks using the DenseNet
architecture only. For data augmentation in images, several
pre-processing methods were carried out including random
rotation (15 degrees), random resize crop with crop size of
224 × 224 pixels, random horizontal flip, random vertical flip,
brightness (0.7), scale image (0 − 1) and standardization image
scale ((−3) − 3). Meanwhile, for testing data, the methods in-
cluded Rresize crop (224× 224 pixels), scale image (0− 1) and

standardization image scale ((−3) − 3). The hyperparameters
used in the CNN DenseNet training process are shown in Table
1.

Table 1. Hyperparameters of CNN DenseNet

Hyperparameter Values

Number of classes 3
Batch_size 32
Crop_size 224 × 224

Learning_rate 0.0001
Dropout 0.2
Decay 0.01

Optimizer AdamW 𝛽1 = 0.9, 𝛽2 = 0.999
Epoch Infinite

Early Stopping 5
Max Grad Norm 0.8

Analysis and evaluation of gas identification using CNN
using a fusion matrix. Basically the matrix has four cells: True
Positive (TP): Correctly predicted positive cases, True Negative
(TN): Correctly predicted negative cases, False Positive (FP):
False Negative cases incorrectly predicted as positive, False
Negative (FN): False positive cases predicted as negative. An
example of a 3 × 3 fusion matrix is shown in Figure 4.

There are several parameters used for the analysis of the
results of classification based on the fusion matrix, including
accuracy, recall, precision and F1 Score (Yacouby and Axman,
2020) .

a. Accuracy is an evaluation used to determine how often
the CNN model performs the correct classification (TP)
of all data, mathematically accuracy is formulated Equa-
tion 1.

Accuracy =
TP

Total number of data
(1)
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Figure 3. DenseNet Model Architecture for Gas Detection System with 169 Layers

Figure 4. Example of a 3 × 3 Fusion Matrix

b. Recall, also known as sensitivity, is an evaluation metric
that measures how well a classification model is able to
identify all actual positive cases in a dataset. To calculate
recall is formulated as in Equation 2.

Recall =
TP

TP + FN
(2)

c. Precision, an evaluation that measures how much of a
class is predicted as positive by a truly positive model.
In the context of classification, precision describes how
precise the model is in identifying positive cases out of
all cases that have been predicted as positive. Mathemat-
ically, precision is calculated by dividing the number of
True Positives (TP) by the total number of correct posi-
tive predictions (TP + False Positive (FP)), as in Equation
3.

Precission =
TP

TP + FP
(3)

d. The F1 Score is an evaluation that combines precision
and recall, which reflects the balance between precision
and recall, and is useful for evaluating model perfor-
mance in imbalanced classes or when avoiding imbal-
ances between the number of correct positive predictions
(TP) and the number of correct negative predictions
(TN). Mathematically, the F1 score is calculated as the
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Figure 5. Sample of Optical Imaging for a) CO2, b) SO2 and c) CO2 and SO2 Mixture

harmonic mean of precision and recall as in Equation 4.

FPScore = 2 × Recall × Precission
Recall + Precission

(4)

3. RESULTS AND DISCUSSION

3.1 Data for Optical Imaging Gas Detection
Data collection was carried out through the IR camera used in
the form of optical images. The IR source used was a Tungsten
lamp (4 W), while CO2, SO2, and a mixture of both gases were
placed in a special chamber for sample experiments. The test
gases flowed in a Pyrex vacuum chamber conditioned at 20
mbar (15 Torr or equivalent to 0.02 atm) (Xiao et al., 2008) .
Figure 5 shows an example of optical imaging produced with
three types of gases, namely CO2, SO2, and a mixture of both.

In terms of visualization, the optical imaging look similar,
but they are not. The optical imaging produced is extremely
challenging to differentiate based solely on the color distribu-
tion generated. Therefore, the optical imaging produced is
processed using Convolutional Neural Networks (CNN) to
identify the gas. CNN’s method could distinguish the similar
images into different pattern leads to the specific characteristic
of gas.

3.2 CNN Optical Imaging Training Results
CNN data were further trained using the AdamW Adaptive
Momentum with the Decay optimization function. This choice
was predicated on the fact that AdamW was considered more
effective for determining classification compared to standard
Adam optimization (Parmar et al., 2020) . For this method,
Hyperparameter optimization was set for 𝛽1 = 0.9 and 𝛽2 =

0.999 with a learning rate of 0.001. Visualization of the cost
value (loss value) and score value (accuracy value) is shown in
the graphs of Figures 6a and 6b. Meanwhile, details on the
cost/loss and score/accuracy results in training and testing data
are given in Table 2.

Based on the above image, it can be observed that iterations
yield accuracy (score) and loss (cost) values for both training
and testing data. On the horizontal axis is the value represent-
ing the number of iterations (epochs), while on the vertical axis
is the value representing either cost or score. Accuracy is a

metric used to assess the success rate of the model created. On
the other hand, the value is a measure of the error incurred by
the network, with the aim of minimizing it. Figure 6 shows the
movement of accuracy value (score) and loss value (cost) for
trained data and test data produced by each iteration (epoch).
Based on Figure 6a, the red line represents the movement for
the training data, while the blue line depicts the movement for
the testing data. The top graph illustrates the loss/cost values
for both datasets. It can be observed that the loss values for
the training data continuously decrease until the 28th epoch,
whereas the loss values for the testing data initially decrease,
but then start to rise at a certain point until the 28th epoch. In
Figure 6b, the graph illustrates the accuracy values of both the
training and testing datasets. The image indicates that the iter-
ation results yield a steady increase in accuracy for the training
data until the 28th epoch, while the accuracy for the testing
data fluctuates until the 28th epoch. At the conclusion of the
iterations, the training data achieves an accuracy of 0.8100,
whereas the testing data achieves an accuracy of 0.8476 in the
final epoch.

Based on the result, CNN DenseNet training spanned 28
epochs. At the 23rd epoch (early stopping = 5), the best accuracy
value was obtained, namely 0.8100 in training and 0.8476 in
testing data. The visualization of the cost value is depicted
in Figure 5a, while Figure 5b illustrates the accuracy trends.
The training process using CNN DenseNet model required an
extended time which stopped at 28th epochs. This extended
time resulted in fluctuating turbulent cost and accuracy curves
(up and down significantly).

3.3 Detection Results of CO2, SO2, and a Mixture of Both
Gases

To facilitate further processing of optical imaging, a CNN ar-
chitecture was utilized. In this research, experiments were
conducted on optical imaging of gases categorized into three
types: CO2, SO2, and a mixture of both. This architecture was
designed to recognize specific gas patterns (Fiorentino et al.,
2023; Zeng et al., 2023) including CO2, SO2, and a mixture
of both. In this context, data were collected for 350 (CO2 gas),
330 (SO2 gas), and 350 optical images (CO2 and SO2 mixed
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Figure 6. The results of CNN Denset Process for (a) Process Cost Visualization Graph and (b) Score/Accuracy

gases) to produce a total of 1030 imaging data. The results
were obtained for gas testing through the confusion matrix as
shown in Figure 7 and the classification in Figure 8.

The confusion matrix depicted in Figure 7 is a 3 × 3 ma-
trix that indicates the involvement of 3 classifications in the
identification process. Horizontally, there are the predictions
made, while vertically, there are the actual data obtained from

the experiment. The diagonal fields highlighted in green in-
dicate True Positive (TP), which signifies the count of correct
predictions within the true class. In the prediction of SO2, out
of a total of 330 data points, 298 were correctly identified as
TP. Similarly, in the prediction of CO2, out of a total of 350
data points, 308 were correctly identified as TP. While, in the
prediction of mixed gases, out of a total of 350 data points, 267
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Table 2. CNN DenseNet Training Results

Epoch Train Cost Test Cost Train Score Test Score

1 1,0860 1,2545 0.4049 0.3204
2 1,0540 1,0287 0.4389 0.4874
3 0.9986 0.9758 0.5084 0.5524
4 0.9628 0.9785 0.5256 0.4903
5 0.9291 1,0184 0.5543 0.4748
6 0.9012 1,0047 0.5830 0.5146
7 0.9093 0.8863 0.5721 0.5981
8 0.8949 0.9466 0.5795 0.5087
9 0.8503 0.9284 0.6157 0.5515
10 0.8201 0.8325 0.6276 0.5670
11 0.8076 0.7716 0.6413 0.6718
12 0.7771 0.8171 0.6622 0.6495
13 0.7055 0.7835 0.6928 0.6097
14 0.6306 0.7103 0.7277 0.6175
15 0.6137 0.7546 0.7327 0.7117
16 0.5602 0.7464 0.7629 0.7029
17 0.5641 1,1443 0.7477 0.6709
18 0.5414 0.5191 0.7720 0.7961
19 0.5117 0.7363 0.7895 0.6437
20 0.5151 0.6623 0.7773 0.7466
21 0.4706 0.5925 0.7888 0.7398
22 0.4828 0.6087 0.7982 0.7417
23 0.4425 0.4075 0.8100 0.8476
24 0.4497 0.4429 0.8022 0.8126
25 0.4426 0.6729 0.8097 0.7243
26 0.4131 0.4055 0.8256 0.8408
27 0.4150 0.5978 0.8300 0.7175
28 0.4116 0.6420 0.8297 0.7330

Figure 7. CNN Confusion Matrix on Gas Detection

were correctly identified as TP.
From Figure 8, the obtained values for accuracy, recall,

precision, and F1-score are parameters used in model develop-
ment. The evaluation results in this study yielded an accuracy
of 0.85, an average precision of 0.85, recall of 0.85, and F1-
score of 0.85. Accuracy depicts how often the model predicts

Figure 8. CNN DenseNet Classification Report on Gas
Detection

classes correctly, whether positive or negative. With an accu-
racy value of 85%, and a total dataset of 1030 instances, it can
be inferred that the designed CNN model succeeded in classi-
fication. In general, the accuracy of the gas detection system
using CNN was considered good, surpassing the 80% thresh-
old (Paul and Sabeenian, 2022; Tang et al., 2022; Da Wang
et al., 2021; Yang et al., 2017). Precision, recall, and F1-score
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values are other important indicators of model performance.
Precision quantifies the ratio of correct positive predictions
to the total number of positive predictions generated by the
CNN. A high precision value indicates that the model has the
ability to identify each type of gas without misclassifying each
gas type. For example, if the precision value is high, actual
optical imaging data of CO2 will not be misidentified as SO2
or a mixture of gases in the prediction data. Meanwhile, recall
measures the proportion of true positive instances correctly
identified by the model out of all positive instances in the data.
For example, actual optical imaging data of CO2 is identified as
CO2 in the predictions made. A high recall value indicates that
the model can identify gases without missing the identification
of each gas. F1-score, as a value that balances precision and
recall, provides an overall picture of the model’s performance
in classification. The obtained parameter values affirm the suc-
cess of gas identification using CNN, showcasing the model
consistent and balanced ability to distinguish optical imaging
of each gas (CO2, SO2, and a mixture of both).

4. CONCLUSIONS

Based on the results of experiments and optical imaging pro-
cessing analysis conducted in the research, it was found that
detecting CO2, SO2 and mixed gases with infrared cameras
is very possible. This is evidenced by gas detection systems
based on optical imaging have been successfully implemented
using CNN classification system with a 169-layer DensesNet
architecture. The designed CNN effectively classified CO2,
SO2, and a mixture of both gases with a very good accuracy
of 85%. This study has been able to identify each gas but has
not been able to show the level of concentration. Therefore,
further studies are needed in order to measure the level of gas
concentration.
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