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INTELLIGENT MODEL FOR PREDICTING METHANE CONCENTRATION IN
INDUSTRIAL ENVIRONMENTS BASED ON INTERNET OF THINGS GAS
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Abstract: Ensuring industrial safety at enterprises that use combustible and toxic gases
requires continuous monitoring of the gas environment and timely identification of potentially
hazardous situations. One of the most serious threats in the mining and industrial sectors is the
accumulation of methane, which has a high explosion hazard and can lead to technogenic
accidents. Traditional monitoring systems based on threshold alarm algorithms allow detection of
exceedances of permissible gas concentrations; however, they do not provide the capability to
forecast the development of hazardous situations.

This paper proposes an intelligent model for predicting methane concentration based on
data obtained from I[oT gas analyzers of the SENSOR - Mine 4GN series. The monitoring system
integrates a distributed network of gas sensors, wireless data transmission, and machine learning
algorithms for time-series analysis of gas concentration measurements.

Experimental data were obtained under laboratory conditions over a ten-day period using
certified calibration gas mixtures simulating methane release events under different temperature
conditions. For time-series analysis, a hybrid machine learning model was applied, combining a
Long Short-Term Memory (LSTM) recurrent neural network and the ensemble algorithm
XGBoost.

The obtained results demonstrate that the proposed model improves the accuracy of
methane concentration dynamics prediction and enables early detection of hazardous trends in the
gas environment. The use of predictive analytics methods combined with Internet of Things (IoT)
gas analyzers significantly increases the effectiveness of industrial safety systems and reduces the
risk of accidents at industrial facilities. The proposed methodology can be applied as a foundation
for the development of intelligent predictive monitoring systems for mining, energy, and other
hazardous industrial environments.

Keywords: Methane monitoring, Internet of Things, sensors, gas analyzer, predictive
analytics, machine learning, Long Short-Term Memory (LSTM), XGBoost, industrial safety, gas
environment monitoring.

Introduction

Ensuring safe working conditions at industrial enterprises remains one of the key
challenges of modern industry. According to the International Labour Organization, more than 2.3
million fatal incidents related to occupational risks are recorded worldwide each year, along with
over 300 million cases of work-related injuries and occupational diseases [1]. A significant
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proportion of these incidents is associated with exposure to hazardous and toxic gases in the
industrial atmosphere.

Particularly high risks of emergency situations are observed in the mining industry, where
technological processes are accompanied by the release of various gases, including methane (CHa4),
carbon monoxide (CO), hydrogen sulfide (H-S), and nitrogen oxides [2]. In underground workings
and environments with limited ventilation, the concentrations of such gases can rapidly increase,
posing a serious threat to workers’ health and the stability of technological processes.

Methane is one of the most hazardous gases in the mining sector. When its concentration
in air reaches the range of 5% to 15%, an explosive mixture is formed, capable of causing
destructive explosions and fires [3]. Even relatively small methane leaks can lead to the formation
of localized zones with elevated gas concentrations, significantly increasing the risk of accidents.

Traditional gas monitoring systems used at industrial facilities are typically based on
stationary sensors and threshold alarm algorithms. Such systems are capable of detecting
exceedances of maximum permissible concentrations (MPC); however, they do not provide the
capability to forecast the development of hazardous situations [4]. In most cases, alarm systems
are triggered only after the gas concentration reaches a dangerous level, which significantly limits
the ability to prevent accidents.

The development of Internet of Things (IoT) technologies has significantly expanded the
capabilities of gas environment monitoring. Internet of Things sensors can generate continuous
time series of gas concentration measurements and transmit data in real time to centralized data
processing systems [5]. The use of wireless communication technologies, such as LoRaWAN,
enables monitoring of large industrial areas while maintaining low power consumption of sensing
devices [6].

In recent years, considerable attention has been paid to the application of machine learning
methods for analyzing data obtained from sensor systems. Machine learning algorithms enable the
identification of hidden patterns in data, detection of anomalies, and prediction of the development
of potentially hazardous situations [7]. Of particular interest are recurrent neural networks,
especially the Long Short-Term Memory (LSTM) architecture, which is widely used for time-
series analysis and forecasting the dynamics of system parameters [8].

In addition to neural networks, ensemble machine learning methods are widely applied in
the analysis of industrial data. One of the most effective algorithms in this class is XGBoost, which
is based on gradient boosting of decision trees [9]. This algorithm demonstrates high accuracy
when dealing with nonlinear relationships and noisy data typical of sensor measurements.

Despite the rapid development of intelligent monitoring technologies, most existing studies
focus either on the development of sensor systems or on data analysis separately. Only a limited
number of works address the integration of monitoring hardware with predictive analytics
algorithms within a unified industrial safety system.

In this study, an intelligent model for predicting methane concentration based on data
obtained from «SENSOR - Mine 4GN» gas analyzers is proposed. The system integrates [oT gas
analyzers, a centralized data storage infrastructure, and machine learning algorithms for the
analysis of gas concentration time series.

The main objective of this research is to develop and experimentally validate a methane
concentration prediction model based on the hybrid application of LSTM and XGBoost
algorithms, enabling the detection of hazardous trends in the gas environment and providing early
warning of potential industrial accidents.

Literature Review

The development of digital technologies and data analysis methods has led to the
widespread adoption of intelligent monitoring systems in industrial environments. One of the most
promising directions is the use of distributed Internet of Things (IoT) sensor networks for
monitoring environmental parameters at industrial facilities. Such systems enable real-time
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acquisition of gas concentration data and support rapid response to hazardous changes in air quality
parameters [5, 10].

Recent studies indicate that the use of [oT-based sensor networks significantly improves
the efficiency of monitoring industrial sites. Several researchers have proposed air quality
monitoring systems based on wireless sensors and cloud-based data processing platforms [5,10].
These systems enable the generation of continuous time-series data and allow detailed analysis of
gas concentration dynamics.

Special attention has been given to wireless data transmission technologies. Several studies
demonstrate that LoRaWAN technology is one of the most effective solutions for industrial sensor
networks due to its long communication range and low energy consumption of devices [11]. The
use of LoORaWAN enables the deployment of scalable monitoring systems capable of covering
large industrial areas, including mines, quarries, and underground facilities.

In recent years, significant progress has been made in the field of intelligent analysis of
data obtained from sensor systems. Machine learning techniques enable the identification of
hidden patterns in datasets and allow prediction of potentially hazardous situations. According to
several studies, the application of machine learning algorithms significantly improves the accuracy
of gas environment analysis and reduces the probability of false alarms in monitoring systems
[12].

One of the most common approaches to analyzing sensor data involves regression methods
and ensemble machine learning models. Algorithms such as Random Forest and Gradient Boosting
have demonstrated high efficiency in processing datasets characterized by nonlinear relationships
and noise [13]. These approaches allow the development of predictive models for gas
concentration levels based on historical measurements.

Particular attention has been given to the XGBoost algorithm, which represents one of the
most efficient implementations of gradient boosting. Studies show that this algorithm provides
high prediction accuracy in tasks involving complex multidimensional datasets [14]. By applying
regularization techniques and optimized decision tree structures, XGBoost effectively handles
large data volumes while reducing the risk of model overfitting.

In addition to ensemble learning methods, neural networks are widely applied in time-
series analysis. In particular, Recurrent Neural Networks (RNN) are commonly used for analyzing
sequential data and predicting the dynamics of system parameters [15]. One of the most effective
architectures within this class is the Long Short-Term Memory (LSTM) network proposed by
Hochreiter and Schmidhuber [16]. This architecture is capable of capturing long-term
dependencies in datasets and has proven highly effective for time-series forecasting tasks.

In recent years, LSTM networks have been widely applied in the analysis of data generated
by IoT sensors. Several studies demonstrate that the application of LSTM significantly improves
the accuracy of predicting concentrations of various gases in industrial and environmental
monitoring systems [17]. These neural networks can detect complex temporal patterns and forecast
future values of system parameters based on historical data.

Some studies propose hybrid approaches that combine neural networks with ensemble
machine learning methods. Such hybrid models allow the advantages of different algorithms to be
leveraged simultaneously, resulting in improved prediction accuracy [18]. For example, the
combination of LSTM networks with gradient boosting methods enables effective analysis of both
temporal dependencies and complex nonlinear relationships between system parameters.

Despite the significant progress achieved in intelligent monitoring technologies, many
existing studies focus either on the development of sensor hardware or on data analysis
independently, without addressing the integration of hardware and software components within a
unified industrial safety system. Furthermore, a considerable portion of research is oriented toward
environmental monitoring and urban air quality control, whereas industrial safety applications
require consideration of specific operational conditions and constraints.



DOI: 10.37943/APTT7109
© Anuar Kussainov, Gulnaz Zhomartkyzy, 1 8 5
Rajermani Thinakaran.

Therefore, an important research challenge is the development of integrated gas
environment monitoring systems that combine [oT gas analyzers, data storage infrastructures, and
predictive analytics algorithms. Such systems enable not only the detection of gas concentration
exceedances but also the forecasting of hazardous situations at early stages.

In this study, an approach for predicting methane concentration based on data obtained
from «SENSOR - Mine 4GN» IoT gas analyzers is proposed. The approach employs a hybrid
machine learning model combining the LSTM recurrent neural network and the XGBoost
algorithm. The proposed method aims to improve the accuracy of predicting gas environment
dynamics and reduce the risk of accidents at industrial facilities.

Methods and Materials

Architecture of the Gas Environment Monitoring System: Modern industrial safety systems
require continuous monitoring of gas environment parameters and rapid detection of potentially
hazardous situations. To address this challenge, distributed monitoring systems are used that
integrate sensor devices, wireless data transmission channels, and software-based intelligent data
analysis methods.

In this study, a gas environment monitoring system was developed based on IoT gas
analyzers of the SENSOR - Mine 4GN series and predictive analytics algorithms. The main
objective of the system is continuous monitoring of gas concentrations and forecasting hazardous
changes in air environment parameters at industrial facilities.

The overall architecture of the proposed gas monitoring and predictive analytics system is
presented in Figure 1. The system integrates loT-based gas sensing devices, wireless
communication technologies, centralized data storage, and machine learning modules for real-time
methane concentration forecasting and industrial safety monitoring.

Sensor Layer

SENSOR — Mine 4GN
CH4/CO / H2S8 / O2 sensors

LoRaWAN { Wi-Fi
]

Data Transmission Layer Data Storage Layer Predictive Analytics Layer Visualization Layer
Wireless communication [ 1 REST APl Server |~ > LSTM + XGBoost > Web Dashboard
LoRaWAN Gateway SQL Server Database Hybrid Forecast Model Real-Time Monitoring
MQTT / HTTP Protocols Time-Series Data Storage Methane Prediction Alarm Notification
Alarm Generation

Figure 1. Architecture of the proposed loT-based gas monitoring and predictive analytics system.

As shown in Figure 1, gas concentration measurements are collected by the SENSOR—
Mine 4GN gas analyzer equipped with CHa4, CO, HzS, O, temperature, and humidity sensors. The
acquired measurements are processed by the embedded ESP32 controller and transmitted through
LoRaWAN or Wi-Fi communication channels using MQTT or HTTP protocols. The collected
data are received by a REST API server and stored in a centralized SQL Server database for long-
term time-series data management.

The predictive analytics module applies machine learning algorithms, including LSTM and
XGBoost, to analyze temporal patterns and forecast methane concentration dynamics. Forecasting
results, alarm notifications, and real-time measurements are displayed through a web-based
monitoring dashboard, supporting early warning and decision-making processes in industrial
safety systems.

Sensor Layer of the System: The sensor layer of the system is represented by SENSOR -
Mine 4GN gas analyzers, designed for monitoring gas concentrations in industrial atmospheres.

Each gas analyzer includes the following components: gas sensors, signal processing
microcontroller, wireless data transmission module, alarm and notification system.

The sensing unit is implemented as a multi-component gas sensor module capable of
simultaneously measuring the concentrations of several gases. The performance of gas sensor
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modules depends on calibration quality, environmental conditions, and sensor drift; therefore,
proper sensor selection and calibration are essential for reliable industrial gas monitoring [19]. The
module contains four sensors designed to measure the concentrations of: methane (CHa4), carbon
monoxide (CO), hydrogen sulfide (H-S), oxygen (Oz).

The sensor module performs real-time gas concentration measurements and transmits the
data through a digital serial interface. The main technical characteristics of the sensor module are
presented in Table 1.

Table 1. Technical characteristics of the gas analyzer sensor module

Parameter CH.4 CcOo H-S 0:
Measurement range 0-100% LEL | 0-1000 ppm | 0-100ppm | 0-30%
Resolution 1 % LEL 1 ppm 1 ppm 0.1 %
Response time <30 s <30s <30 s <30 s
Operating temperature —20...50 °C
Relative humidity 15-90 % RH

The use of a multi-component sensor module allows simultaneous monitoring of several
gas environment parameters, which is an important factor in the analysis of complex industrial
processes.

Data Transmission Layer: The transmission of data from gas analyzers to the monitoring
server is carried out using wireless communication channels.

The system employs two main communication technologies: LoORaWAN for long-distance
data transmission and Wi-Fi for local device connection and configuration.

The use of LoORaWAN technology enables the creation of distributed monitoring networks
capable of covering large industrial areas. The main advantages of this technology include: low
power consumption of devices, long communication range, high resistance to electromagnetic
interference.

When an exceedance of permissible gas concentration levels is detected, the device
automatically transmits an alarm signal to the monitoring system server.

Data Storage Layer: All measured gas concentration values are transmitted to the
monitoring system server and stored in a database. Each database record contains information
about the measurement parameters and the state of the gas environment. The structure of the stored
data is presented in Table 2.

Table 2. Structure of gas environment monitoring data

Parameter Description
Sensor ID Unique identifier of the gas analyzer
Gas_type Type of measured gas
Concentration Gas concentration value
Timestamp Measurement time
Temperature Ambient temperature
Humidity Relative humidity
Status System status (normal, warning, alarm)

The records generated in the database form time series of gas concentration measurements.
Formally, the measurement stream can be represented as a time series:

X; = (CH,,CO,H,S,0,,T,H) (1)
where CH, - methane concentration, CO - carbon monoxide concentration, H,S -
hydrogen sulfide concentration, O, - oxygen concentration, T - ambient temperature, H -

relative humidity.
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The resulting time-series data are used for further analysis and prediction of the dynamics
of gas environment parameters.

Intelligent Data Analysis Layer: To analyze time-series measurement data, a predictive
analytics system based on machine learning algorithms is applied. In this study, a hybrid prediction
model is used, combining the following approaches: Long Short-Term Memory (LSTM) recurrent
neural network, XGBoost ensemble learning algorithm.

The use of LSTM enables the model to capture temporal dependencies in the data and
predict future values of gas concentrations. This architecture is particularly effective for analyzing
sequential sensor measurements and identifying patterns in time-series data.

The XGBoost algorithm is applied to detect complex nonlinear relationships between
system parameters. Due to its gradient boosting framework and efficient handling of structured
data, XGBoost demonstrates high predictive performance when processing sensor measurements
that may contain noise and nonlinear dependencies.

The combined application of these algorithms improves the accuracy of methane
concentration prediction and enables early detection of hazardous changes in the gas environment.

Mathematical Model for Methane Concentration Prediction. Sensor-based gas
environment monitoring systems generate continuous data streams representing time series of gas
concentration measurements. To analyze such data, time-series processing methods and machine
learning algorithms are applied, enabling the identification of hidden patterns in the dynamics of
system parameters.

In this study, the task of predicting methane concentration is considered based on data
obtained from IoT gas analyzers.

Problem Formalization: Let the monitoring system generate a sequence of gas
concentration measurements over time. The measurement vector at time ttt can be represented as:

X, = (CHE, COt, H,St, 0%, Tt HY) )

where CH. - methane concentration, CO* - carbon monoxide concentration, H,S? -
hydrogen sulfide concentration, O5 - oxygen concentration, T - ambient temperature, H® -
relative humidity.

The prediction task consists of estimating the future value of methane concentration based
on previous measurements:

CH£+At — f(Xt:Xt—l' ---'Xt—n) 3)

where CHLAt - predicted methane concentration value at time.

Sensor Data Filtering. Sensor measurements often contain noise caused by temperature
variations, turbulence of air flows, and electrical interference. To reduce the influence of such
noise, a data smoothing method based on the moving average is applied. The moving average is
calculated as follows:

1

MA,(t) = Xe—i 4

AT

=
k 4

L

I
(=]

where k - size of the averaging window. This method makes it possible to reduce short-
term fluctuations in measurements and improve the stability of the resulting time series.

Temperature Compensation of Sensor Measurements. One of the characteristic features of
gas sensors is the dependence of their sensitivity on ambient temperature. Temperature variations
may cause a shift in the baseline signal level and alter the sensor sensitivity coefficient, which
ultimately affects the accuracy of gas concentration measurements.
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To reduce the influence of temperature effects, the monitoring system applies a correction
of measured gas concentration values based on the ambient temperature. The corrected methane
concentration can be expressed as follows:

Ceorr = Cmeas X (1 + a(T — TO)) ®))

where C.orr - temperature-compensated gas concentration, Cpeas - measured gas
concentration value, T - current ambient temperature, T, - reference temperature of the sensor,
o - temperature sensitivity coefficient of the sensor.

The application of temperature compensation reduces systematic measurement errors and
improves the accuracy of gas concentration dynamics analysis. The corrected concentration values
are subsequently used in the formation of time series and in the training of machine learning
models.

LSTM-Based Prediction Model. To analyze time series of gas concentrations, a Long Short-
Term Memory (LSTM) recurrent neural network is employed. An LSTM network consists of a set
of memory cells, each containing several control mechanisms known as gates, which regulate the
flow of information through the network.

The input gate is defined as:

ip = oWixe + UiHi—1 + by) (6)
where x; - input data vector, h;_; - hidden state from the previous time step, W;, U; - weight
matrices.
The forget gate is computed as:
fi = o(WeX¢ + UgHe—4 + by) (7)
The cell state is updated according to the following expression:
Ce = f,Cy +1C, ()
The output of the network is determined by:
h; = o tanh(C,) )
where o; - output gate. The use of the LSTM architecture enables the model to capture
long-term dependencies in time-series data and effectively predict the dynamics of gas
concentration changes.
XGBoost Model. To analyze nonlinear relationships between system parameters, the
Extreme Gradient Boosting (XGBoost) algorithm is employed. The XGBoost model represents an

ensemble of decision trees, where the final prediction is obtained as the sum of predictions from
individual trees:

K
9= filx (10)
k=1

where f - decision tree in the ensemble.
The optimization objective of the model is defined as:
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L= Zil(yi,ﬁ) + Zﬂ(fk) (11)
k

where | - loss function, Q - model regularization term.

The use of regularization reduces the risk of model overfitting and improves the stability
and generalization ability of the predictions.

Hyperparameter Configuration. The predictive performance of machine learning models
strongly depends on the selection of appropriate hyperparameters. In this study, the
hyperparameters of the LSTM and XGBoost models were selected empirically based on
preliminary experiments and validation performance.

For the LSTM model, two hidden layers with 64 units each were used to capture temporal
dependencies in methane concentration dynamics. The Adam optimizer was applied with a
learning rate of 0.001. A dropout rate of 0.2 was introduced to reduce overfitting. The batch size
was set to 32, and the model was trained for 100 epochs using the mean squared error (MSE) loss

function.

For the XGBoost model, the number of trees was set to 500, the maximum tree depth to 6,
and the learning rate to 0.05. Subsample and colsample bytree parameters were both set to 0.8 to

improve model generalization and reduce overfitting.

The selected hyperparameters provided stable convergence during training and achieved

the best predictive performance on the validation dataset.

The main hyperparameters used in the LSTM and XGBoost models are summarized in

Table 3.
Table 3. Hyperparameters of the LSTM and XGBoost models
Model Hyperparameter Value
LSTM Number of hidden layers 2
LSTM Hidden units per layer 64
LSTM Dropout rate 0.2
LSTM Activation function tanh
LSTM Optimizer Adam
LSTM Learning rate 0.001
LSTM Batch size 32
LSTM Epochs 100
LSTM Loss function Mean Squared Error (MSE)
XGBoost | Number of trees (n_estimators) 500
XGBoost | Maximum tree depth (max_depth) 6
XGBoost | Learning rate (eta) 0.05
XGBoost | Subsample ratio 0.8
XGBoost | Column sample ratio (colsample bytree) 0.8
XGBoost | Regularization parameter (lambda) 1.0
XGBoost | Objective function reg:squarederror

The selected hyperparameters were determined based on validation performance and
model stability during the training process. These settings provided the best balance between

forecasting accuracy and generalization capability.

Hybrid Prediction Model. In this study, the hybrid prediction model was implemented as a

two-stage forecasting approach. At the first stage, the LSTM neural network was used to model
temporal dependencies in methane concentration time series. The LSTM model generated the
preliminary prediction of methane concentration for the selected forecast horizon.
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At the second stage, the XGBoost algorithm was used to correct the residual prediction
error of the LSTM model. The residual error was calculated as the difference between the actual
methane concentration and the value predicted by the LSTM model:

ec =y — 9 (12)
where e, is the residual error at time t, y, is the actual methane concentration, and §-5™ i
the methane concentration predicted by the LSTM model.

The XGBoost model was trained using the input features of the gas environment and the
residual errors obtained from the LSTM model. Therefore, the task of XGBoost was not to
independently predict methane concentration, but to estimate the correction term for the LSTM
forecast.

The final prediction of the hybrid model was calculated as follows:

S

g = gpsTM 4 gkoP (13)
where 972" is the final predicted methane concentration, §2S™ is the preliminary LSTM
+XGB

prediction, and §¢° is the correction value predicted by XGBoost.

This hybrid structure allows the model to combine the advantages of both approaches:
LSTM captures temporal dependencies in sequential sensor data, while XGBoost corrects
nonlinear residual errors associated with temperature, humidity, and multicomponent gas
concentration changes. As shown in Algorithm 1, the proposed hybrid model first generates a
preliminary methane concentration forecast using the LSTM network. The residual prediction
error is then modeled using XGBoost and applied as a correction term to improve the final
forecasting accuracy.

Algorithm 1. Hybrid LSTM—-XGBoost Methane Concentration Prediction

Input: X = {CHa4, CO, H:S, O., Temperature, Humidity}
Output: Predicted methane concentration
1. Data preprocessing

- Remove outliers

- Handle missing values

- Apply moving-average filtering
2. Data normalization
3. Formation of time-series sequences
4. Train LSTM model
5. Generate preliminary forecast
6. Compute residual error
7
8
9
1

. Train XGBoost model on residuals
. Calculate residual correction

. Generate final hybrid forecast

0. Evaluate MAE, RMSE and R?

The workflow of the proposed hybrid prediction model is illustrated in Figure 2. The model
combines the temporal sequence learning capability of LSTM networks with the residual error
correction mechanism of XGBoost. First, the LSTM model generates a preliminary forecast of
methane concentration. Then, the residual prediction error is estimated and used as the target
variable for the XGBoost model. Finally, the residual correction is added to the LSTM forecast to
obtain the final hybrid prediction.
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IoT Gas Analyzer Dataset
CHa, CO, H:S, Oz, Temperature, Humidity

Data Preprocessing

« Outlier Removal
» Missing Value Handling
* Moving Average Filtering

Time-Series Sequence Generation

LSTM Network
Temporal Dependency Learning

\’

Preliminary Prediction
gLsT™

Actual CH4 Value Residual Error

y e=y— 5™

XGBoost
Residual Error Learning

Residual Correction

5XGB
Yt

Final Prediction

~Hybrid _  ~LSTM ~XGB
Ve =Vt + Vi

Evaluation Metrics
MAE. RMSE. R?

Figure 2. Architecture of the proposed Hybrid LSTM—XGBoost model for methane
concentration prediction.

Experimental Study and Dataset Formation. To evaluate the effectiveness of the proposed
methane concentration prediction model, experimental studies were conducted under laboratory
conditions. The primary objective of the experiment was to generate time-series measurements of
gas concentrations under various environmental conditions, including controlled methane releases
and temperature variations.

The experiment was carried out using SENSOR - Mine 4GN gas analyzers, designed for
monitoring gas environment parameters in industrial conditions. These gas analyzers provide
continuous measurement of multiple gas concentrations and transmit data to the monitoring system
server.

The devices were placed inside a transparent sealed module designed to simulate gas
environment conditions in a confined space.
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The transparent module functioned as an experimental chamber, structurally similar to a
laboratory gas reactor and constructed from transparent material. The geometry of the module
allowed visual observation of gas mixture injection and the distribution of gases within the
chamber. The transparent design also enabled monitoring of the gas mixing dynamics during the
experiment.

This experimental chamber was used to simulate conditions typical of underground mining
environments, where methane accumulation may occur in confined spaces with insufficient
ventilation. Such an approach makes it possible to reproduce characteristic processes of gas
concentration changes commonly observed in mines and underground structures.

Gas analyzers were installed at different locations within the experimental chamber,
allowing gas concentration changes to be recorded at multiple measurement points. The use of
multiple devices increased the reliability of measurements and enabled the formation of a more
representative time-series dataset of gas concentrations.

Gas mixtures were introduced into the experimental chamber using certified calibration gas
mixtures containing methane. The gas concentration was regulated to reproduce different scenarios
of gas environment dynamics, including gradual increases in methane concentration as well as
short-term methane release events.

This experimental setup provided controlled experimental conditions and ensured the
reproducibility of the obtained results.

Data transmission from the gas analyzers was carried out via a wireless network with a 15-
second interval, enabling the formation of time-series datasets of gas concentration measurements.
Such a transmission interval is typical for industrial monitoring systems and provides sufficient
measurement resolution while reducing the load on communication channels and data storage
systems.

The experiment was conducted over a 10-day period, resulting in the formation of a
multidimensional time series of gas environment parameters.

Experimental Conditions.During the experiment, the concentrations of several gases were
monitored, including methane (CH4), carbon monoxide (CO), hydrogen sulfide (H2S), and oxygen
(02). Additionally, environmental parameters such as temperature and relative humidity were
recorded.

Data transmission to the server occurred every 15 seconds. Therefore, the number of
measurements collected per day was:

24 x 60 x 60
Naay = =35 = 5760 (14)

The total number of measurements recorded during the entire experimental period was:
Niotar = 5760 X 10 = 57600 (15)
The main parameters of the experimental study are presented in Table 4.

Table 4. Parameters of the experimental study

Parameter Value
Experiment duration 10 days
Measurement interval 15 seconds
Measurements per day 5,760
Total number of measurements 57,600
Measured gases CHa4, CO, H:S, O
Temperature range 10 - 40 °C
Relative humidity 20 -90 %
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Gas leak simulation method Certified calibration gas
mixtures
Gas analyzer used SENSOR - Mine 4GN

Thus, the generated dataset represents a multidimensional time series of gas environment
parameters, including gas concentrations and environmental conditions.

Experimental Gas Injection Scenarios. To increase the variability of methane concentration
measurements, certified methane-air calibration gas mixtures were used throughout the
experimental campaign. Gas mixtures with methane concentrations of 0.20%, 2.10%, and 4.20%
by volume were introduced into the laboratory chamber according to predefined test scenarios.

Controlled gas injection events were performed during different stages of the 10-day
monitoring period to reproduce realistic fluctuations in methane concentration. The experimental
protocol included background monitoring, short-duration gas injections, gradual concentration
increases, and subsequent ventilation periods. These scenarios enabled the collection of
representative methane concentration dynamics under controlled laboratory conditions.

All experiments were conducted under safe operating conditions, and methane
concentrations remained below explosive limits within the laboratory environment. The resulting
dataset included both stable operating periods and transient concentration changes required for
machine learning model development and evaluation.

Simulation of Methane Releases. To construct the experimental dataset, certified
calibration gas mixtures containing methane were introduced into the experimental chamber at
specific time intervals. This approach enabled the reproduction of various gas environment
scenarios, including potentially hazardous gas concentration levels.

Methane is one of the most hazardous gases in the mining industry. The lower explosive
limit (LEL) of methane is approximately 5% by volume in air, which corresponds to 100% LEL.
In industrial practice, gas concentrations are commonly expressed as a percentage of the lower
explosive limit (%LEL), allowing the degree of proximity to explosive conditions to be evaluated.

The relationship between volumetric gas concentration and concentration expressed as a
percentage of the lower explosive limit can be represented as follows:

CLEL
C,,; = ——XLEL
vol ™ 100 (16)
where Cy, - volumetric gas concentration, Cyg;, - gas concentration expressed as a

percentage of the lower explosive limit, LEL - lower explosive limit of the gas.

For methane, the lower explosive limit is 5% by volume. During the experiment, several
methane concentration scenarios were simulated, including normal operating conditions, gradual
increases in concentration, and emergency gas release events.

The simulated methane release scenarios are presented in Table 5.

Table 5. Scenarios of simulated methane releases

Day of CH.4 concentration CH. volume fraction Event type
experiment (%LEL) (%)
2 5 %LEL 0.25 % Minor increase
4 10 %LEL 0.50 % Warning level
6 15 %LEL 0.75 % Hazardous
concentration
8 25 %LEL 1.25 % Emergency situation

The use of controlled gas release scenarios made it possible to construct a dataset
containing both normal operating conditions and potentially hazardous changes in gas
environment parameters.
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Data Preparation for Machine Learning. Before applying machine learning algorithms,
preprocessing of the time-series measurement data was performed. This step was necessary to
improve data quality and ensure the reliability of the prediction models.

The data preparation procedure included the following stages: removal of incorrect
measurements and outliers, filtering of noise in sensor data, normalization of parameters,
formation of training sequences from time-series data.

For model training, sequences of measurements with a fixed time window length were
used. Each sequence served as input for predicting the future value of methane concentration.

A sliding-window approach was applied to transform the continuous time-series data into
supervised learning samples. In this study, the input sequence length was set to 120 consecutive
measurements. Since gas concentration measurements were collected every 15 seconds, each input
sequence represented 30 minutes of monitoring history. The target variable was defined as the
methane concentration 120 measurements ahead, which corresponds to a 30-minute forecasting
horizon.

Thus, each training sample included historical values of methane concentration, carbon
monoxide concentration, hydrogen sulfide concentration, oxygen concentration, temperature, and
relative humidity over the previous 30 minutes, while the model output corresponded to the
predicted methane concentration after the next 30 minutes. This configuration was selected to
provide sufficient temporal context for identifying methane concentration trends and to support
early warning in industrial safety applications.

Formally, the training dataset can be represented as:

(Xt—ant—n+1f ""Xt) - CH4-t+1 (17)

where X; - vector of gas environment parameters at time t.

The dataset was divided into three subsets: 70% for training, 15% for validation, and 15%
for testing. The training dataset was used to fit the machine learning models, the validation dataset
was used for hyperparameter tuning and model selection, and the testing dataset was reserved for
the final evaluation of predictive performance.

To preserve the temporal structure of the measurements, the dataset was split
chronologically rather than randomly. This approach prevents information leakage from future
observations and provides a more realistic assessment of forecasting performance under industrial
monitoring conditions.

The resulting dataset was subsequently used to train and validate the proposed hybrid
methane concentration prediction model combining the LSTM recurrent neural network and the
XGBoost algorithm.

Results

To evaluate the effectiveness of the proposed methane concentration prediction model, an
analysis of the experimental dataset generated during the laboratory study was conducted. The
primary objective of the analysis was to assess the ability of machine learning algorithms to predict
changes in methane concentration based on time-series measurements of gas environment
parameters.

The input data consisted of time-series measurements of gas concentrations and
environmental parameters obtained from SENSOR - Mine 4GN gas analyzers. Prior to model
training, the data underwent preprocessing, including noise filtering, parameter normalization, and
the formation of training sequences.

To analyze the prediction performance, several machine learning algorithms were
evaluated: Linear Regression, Random Forest, XGBoost, Long Short-Term Memory (LSTM)
recurrent neural network.

The comparison of these models makes it possible to evaluate the advantages of neural
networks and ensemble learning methods in analyzing time-series data of gas concentrations.
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Methane Concentration Dynamics. During the experiment, time-series data of methane
concentration were collected over a continuous 10-day monitoring period. Methane-air calibration
gas mixtures were introduced into the experimental chamber according to predefined test
scenarios, while methane concentration measurements were recorded every 15 seconds throughout
the entire 10-day monitoring period. For visualization purposes, the methane concentration
dynamics presented in Figure 3 were aggregated and displayed using 30-minute intervals in order
to improve graph readability and highlight long-term concentration trends. The experimental
protocol included both background monitoring periods and controlled gas injection events using
certified methane-air calibration gas mixtures with methane concentrations of 0.20%, 2.10%, and
4.20% by volume.

As shown in Figure 3, methane concentration remained relatively stable during background
monitoring periods and increased significantly during controlled gas injection events. The highest
methane concentrations were observed during experiments performed using the 4.20% methane-
air calibration gas mixture, while lower concentration peaks corresponded to the 0.20% and 2.10%
methane-air mixtures.

Day 1 Day 2 Day 3 Day4 Day 5 Day 6 Day 7 Day 8 Day 9 Day 10
Background CH, 0.20% Background CH, 2.10% Background CH, 4.20% Background CH, 2.10% Background CH, 0.20%
16  (noinjection) (low level) (no injection) (medium level) (no injection) (high level) (no injection) (medium level) (no injection) (low level)

14 4 —
F— Measured CH, (%LEL)]

Methane concentration (%LEL)

0+ -

T T T T T T T T T T T T T T T T T T
Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7 Day 8 Day 9 Day 10

Figure 3. Methane concentration dynamics during the 10-day experimental period.

The obtained dataset contains both stable operating conditions and transient methane
concentration changes, which are essential for training and evaluating machine learning models
designed for gas concentration forecasting. Such concentration patterns are representative of
industrial gas monitoring systems, where methane levels may change rapidly due to variations in
ventilation conditions or localized gas release events.

The resulting dataset was subsequently used for machine learning model development,
validation, and performance evaluation.

Methane Concentration Prediction. To evaluate the performance of the proposed
forecasting approach, a methane concentration prediction task was carried out using the collected
experimental dataset. The objective of the model was to predict future methane concentration
values based on historical measurements and environmental parameters.

To assess the practical applicability of the proposed forecasting approach for industrial
safety systems, several forecasting horizons were considered. In addition to one-step-ahead
prediction, the model was evaluated for short-term forecasting horizons corresponding to 30
minutes. These forecasting horizons were selected because industrial safety personnel require
sufficient time to assess hazardous situations, initiate warning procedures, and implement
preventive measures before methane concentrations reach critical levels.

The prediction models were trained using methane concentration data together with
auxiliary parameters, including carbon monoxide concentration, hydrogen sulfide concentration,
oxygen concentration, temperature, and relative humidity. The inclusion of multiple
environmental variables allows the model to capture complex nonlinear relationships affecting
methane concentration dynamics.

Figure 4 presents an example comparison between the actual methane concentration values
and the values predicted by the LSTM model.
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Figure 4. Comparison of actual and predicted methane concentration values.

As shown in Figure 4, the LSTM model accurately reproduces the dynamics of methane
concentration changes and successfully captures both rapid concentration increases and
subsequent decreases. The predicted values closely follow the actual methane concentration profile
throughout the observation interval.

The results demonstrate that recurrent neural networks are capable of learning temporal
dependencies in gas concentration measurements and can provide accurate short-term forecasts of
methane concentration dynamics. This capability is particularly important for industrial safety
applications, where early identification of increasing methane concentration may provide
additional time for preventive actions and risk mitigation.

Furthermore, the prediction results confirm the suitability of machine learning methods for
real-time gas monitoring systems and support the transition from traditional threshold-based
monitoring toward predictive analytics and proactive industrial safety management.

Comparison of Machine Learning Models. For a quantitative evaluation of the performance
of different machine learning models, the following metrics were used:

MAE (Mean Absolute Error):

MAE AN Vi 4o
= EZ lyi = %l

i=1
RMSE (Root Mean Square Error):

& (19)

RMSE = |~ (i = 5)?
i=1
R? (Coefficient of Determination):
Pz _ 20— 9 (20)
2y —¥)?

where y; - actual value of the parameter, 7, - mean value of the observations, ¥, -

predicted value. The comparison results of the models are presented in Table 6.

Table 6. Comparison of prediction model accuracy

Model MAE RMSE R?
Linear Regression 0.82 1.05 0.71
Random Forest 0.54 0.76 0.84
XGBoost 0.47 0.69 0.88
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LSTM 0.31 0.48 0.93

Hybrid LSTM—XGBoost 0.19 0.30 0.97

As shown in Table 6, the Hybrid LSTM—-XGBoost model achieved the highest prediction
accuracy among all evaluated approaches, providing the lowest values of MAE and RMSE and
the highest coefficient of determination (R?> = 0.97).

Among the standalone models, the LSTM neural network demonstrated the best
performance, outperforming Linear Regression, Random Forest, and XGBoost. This result
confirms the ability of recurrent neural networks to effectively capture temporal dependencies in
methane concentration dynamics.

The Hybrid LSTM—XGBoost model further improved forecasting performance through
residual error correction. Compared with the standalone LSTM model, the hybrid approach
reduced the Mean Absolute Error from 0.31 to 0.19 and the Root Mean Square Error from 0.48 to
0.30, while increasing the coefficient of determination from 0.93 to 0.97.

The performance improvement can be explained by the complementary strengths of the
two algorithms. The LSTM network captures long-term temporal dependencies in methane
concentration time series, whereas XGBoost learns nonlinear residual patterns associated with
environmental conditions, gas injection scenarios, and sensor response characteristics. As a result,
the hybrid model combines sequential learning and residual error correction within a single
forecasting framework.

The obtained results confirm the suitability of machine learning methods for methane
concentration forecasting and demonstrate the potential of predictive analytics for industrial gas
monitoring systems. Such approaches enable a transition from traditional threshold-based
monitoring toward proactive risk assessment and early warning of hazardous conditions.

Discussion

The results of the experimental study demonstrate that the proposed hybrid model is
capable of identifying upward trends in methane concentration before critical levels are reached.
This capability enables the detection of potentially hazardous situations at early stages and
significantly improves the effectiveness of industrial safety systems.

Therefore, the application of predictive analytics methods combined with IoT-based gas
analyzers provides an opportunity to move beyond traditional threshold-based gas concentration
monitoring toward intelligent monitoring systems capable of forecasting the development of
emergency situations and ensuring a higher level of safety at industrial facilities.

The obtained results are consistent with recent studies demonstrating the effectiveness of
hybrid machine learning models for methane concentration forecasting and industrial gas
monitoring [12,17]. Previous research has shown that recurrent neural networks are capable of
capturing temporal dependencies in gas concentration time series [ 16-17], while recent studies on
underground methane prediction also confirm the effectiveness of deep learning models for mining
applications [20].

Compared with standalone machine learning approaches, the proposed Hybrid LSTM—
XGBoost model achieved superior predictive performance, reducing forecasting errors and
improving the coefficient of determination. This improvement can be attributed to the combination
of temporal sequence learning and residual error correction, allowing the model to better represent
complex gas concentration dynamics.

From a practical perspective, the proposed forecasting approach may support early warning
systems in mining and industrial environments. The ability to predict methane concentration
growth 30 minutes in advance provides additional time for ventilation control, evacuation
planning, and preventive safety actions.

Nevertheless, the present study has several limitations. The experimental dataset was
collected under laboratory conditions using controlled methane release scenarios. Although the
obtained results demonstrated high forecasting accuracy and confirmed the effectiveness of the
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proposed Hybrid LSTM—-XGBoost model, the experiments do not fully reproduce the complexity
of real industrial environments.

Factors such as mine ventilation conditions, equipment operation, geological
characteristics, and irregular methane emissions may influence methane concentration dynamics
in actual underground facilities. Therefore, additional validation of the proposed approach using
real-world industrial datasets collected from operating mining enterprises is required before large-
scale deployment. Future research will focus on long-term field testing and model adaptation to
real industrial monitoring conditions.

Future research will focus on collecting long-term industrial datasets, expanding the model
to multicomponent gas environments, and evaluating advanced deep learning architectures for
real-time incident prediction.

Compared with the standalone LSTM model, the proposed Hybrid LSTM—-XGBoost
approach reduced MAE by 38.7%, RMSE by 37.5%, and increased R? from 0.93 to 0.97.

Another limitation of the present study is that statistical significance testing of the
forecasting performance differences between the evaluated machine learning models was beyond
the scope of the present study. Although the Hybrid LSTM—XGBoost model demonstrated lower
MAE and RMSE values and a higher coefficient of determination compared with the standalone
LSTM and XGBoost models, additional statistical validation using repeated experiments and
cross-validation procedures is required to quantify the significance of these improvements. This
aspect will be addressed in future research.

Conclusion

This study addressed the problem of predicting methane concentration in industrial
atmospheres based on data obtained from IoT gas analyzers. An approach to intelligent gas
environment monitoring was proposed, integrating sensor devices, a data transmission system, and
machine learning algorithms for the analysis of gas concentration time series.

Within the framework of the study, a monitoring system architecture was developed based
on SENSOR - Mine 4GN gas analyzers, which provide continuous measurement of methane,
carbon monoxide, hydrogen sulfide, and oxygen concentrations. Data transmission from the
devices to the monitoring system server is performed at 15-second intervals, enabling the
formation of detailed time-series datasets of gas environment parameters.

To evaluate the effectiveness of the proposed approach, experimental studies were
conducted under laboratory conditions. During the experiment, a 10-day time-series dataset of gas
environment parameters was generated. Certified calibration gas mixtures were used to simulate
emergency scenarios and reproduce controlled methane release events.

For data analysis and methane concentration prediction, a hybrid machine learning model
combining a Long Short-Term Memory (LSTM) recurrent neural network and the XGBoost
algorithm was proposed. The use of this model allows both temporal dependencies in the data and
nonlinear relationships between gas environment parameters to be taken into account.

The modeling results showed that the application of machine learning algorithms
significantly improves methane concentration prediction accuracy compared with traditional data
analysis methods. Among the evaluated approaches, the proposed Hybrid LSTM—XGBoost model
demonstrated the best performance, achieving the lowest prediction errors and the highest
coefficient of determination (R?> = 0.97). The standalone LSTM model showed the strongest
performance among the individual machine learning algorithms, confirming the effectiveness of
recurrent neural networks for methane concentration forecasting.

The use of predictive analytics methods in gas monitoring systems enables the detection of
hazardous trends in gas concentration before critical levels are reached. This creates the foundation
for the development of intelligent industrial safety systems capable of preventing emergency
situations at early stages.

The scientific novelty of this research lies in the development of a methane concentration
prediction model based on time-series data from IoT gas analyzers and the hybrid application of
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LSTM and XGBoost algorithms. The proposed approach improves the accuracy of gas
environment dynamics analysis and can be applied in the development of intelligent monitoring
systems for industrial facilities.

The practical significance of the study lies in the possibility of applying the proposed model
in industrial safety systems for mining and energy sector enterprises. The use of predictive
analytics in combination with IoT gas analyzers can improve the efficiency of gas environment
monitoring and reduce the risk of industrial accidents.

Future research will focus on expanding the experimental dataset and developing
prediction methods for multicomponent gas environments using more advanced deep learning
models.
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