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Ensuring safety in the mining industry is a critical concern for a nation's industrial advancement. Industry 4.0, characterized by the
integration of advanced technologies, is at the forefront of efforts to enhance mining practices. Coal seams contain a range of
hydrocarbon gases, predominantly methane, which is released in significant quantities during mining operations. Effectively
mitigating methane emissions is imperative. The inclusion of methane forecasting allows for the early identification of potential
methane emissions, hence results in significance enhancement in mine safety. The research work is focused on real-time remote
monitoring and cloud-based forecasting of methane levels in underground coal mines. An Industrial Internet of Things (IloT) device
is developed for data acquisition in underground coal mines, capturing essential parameters such as methane concentration,
temperature, and humidity. The collected data are utilized to train LSTM based multivariate forecasting model. The trained model is
subsequently deployed in the cloud. The experiment is performed in a mine of Eastern Coalfields Limited, India. After the deployment
of the proposed model, the developed IIoT device transmits real-time data, obtained from the mine, to the cloud. Based on the real
time data, our model conducts methane forecasting and communicates results back to the IIoT device. The device issues immediate
alerts when methane levels surpass predefined thresholds. This ensures enhanced safety in mining operations by providing warnings
for both current and forecasted methane concentrations. The forecasted methane concentrations, along with real-time data, are
accessible through mobile applications and a web-based dashboard. The accuracy of the proposed model is measured by mean
absolute error, mean absolute percentage error and root mean square error, which demonstrate values of 156.95 ppm, 4.23% and
191.53 ppm respectively. A comparative study is performed where our model is evaluated against the multivariate Multilayer
Perceptron (MLP), Vector autoregression (VAR) and Auto-Regressive Integrated Moving Average (ARIMA) models. The comparative

study demonstrates that our developed model outperforms the others, showing superior results.
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1 Introduction

Mining plays a pivotal role in a nation's progress, serving as a cornerstone for development. Among the
diverse array of resources, coal emerges as a crucial asset due to its role as an economical energy source.
Hence, the extraction of coal emerges as a critical undertaking. This process predominantly unfolds
through two approaches: surface mining and underground mining. The latter becomes especially crucial
when coal deposits are situated at greater depths, making underground coal mining the most feasible
choice.

The safety measures in mining are of utmost importance for the protection of the lives and well-being
of the personnel working in these conditions. Additionally, mining accidents can lead to substantial
economic losses for both mining companies and the broader economy, and they also have a significant
impact on the environment. Notably, coal seams have trapped various hydrocarbon gases such as methane,
ethane, and propane since their formation, with methane being the most abundant among them. As a
result, coal mining operations release a substantial amount of methane [1]. Surface mines generally have a
minor impact as methane readily dissipates into the surrounding atmosphere. However, the situation shifts
within underground coal mines [2]. Here, the removal of methane becomes essential, necessitating the
implementation of sophisticated artificial ventilation systems. In this study, we define an artificial
ventilation system as the mechanical process that introduces fresh air into mines and extracts air using a
ventilator. This system, also known as mechanical ventilation, is crucial for removing gases released from
mine strata, as well as other pollutants produced by machinery and human activities within the mines. On
the other hand, natural ventilation is always present in mines. So, in case of the absence of artificial
ventilation, a low amount of air flow is present because of the natural ventilation, that is not sufficient to
remove the methane gas from mines.

This process plays a key role in maintaining safe working conditions for miners and preventing the
build-up of methane, which can pose significant health risks and explosion hazards. Additionally,
increased temperatures caused by heat from the surrounding geological layers and machinery operations
add an additional dimension of risk for methane explosions, impacting the well-being and safety of
underground miners. Because, raising the temperature of a methane-air mixture significantly expands its
explosion range; specifically, it lowers the lower explosive limit (LEL) while raising the upper explosive
limit (UEL) [3].

Smart mining within the context of Industry 4.0 arises from the intersection of cutting-edge information
technologies (IT 4.0) and the mining sector, sparking innovation. The mining industry is experiencing
profound changes, many efforts are underway that apply Industry 4.0 principles to enhance mining safety
[4,5].

To address the safety issue concerning methane explosion, a number of works have been done in [6-8].
In [6], the authors have created a coal mine monitoring system using ZigBee-based wireless sensor nodes,
which are equipped with multiple sensors for monitoring methane concentrations in the mine
environment. In various studies [7, 9], scientists have utilized a range of gas sensors to identify the
presence of hazardous gas leaks in mines, thereby enhancing worker safety.
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The researchers of the study [10] have introduced a cloud-computing framework designed for wearable
devices worn by miners during their underground operations. Through their innovative framework, they
have effectively showcased the importance of such systems by enabling real-time monitoring of the
underground work environment. Additionally, [11] have put forth an automated system aimed at creating
a monitoring and operational management platform for underground mines. This system seamlessly
integrates various technologies, including Wireless Sensor Networks (WSNs) and Geographic Information
Systems (GIS).

While the previously mentioned studies primarily concentrated on methane monitoring, our current
work goes a step further by aiming to achieve real-time remote monitoring and cloud-based forecasting of
methane levels. The inclusion of methane forecasting allows for the early identification of potential
methane emissions. Consequently, ventilation systems can be promptly adjusted to eliminate excessive
methane from underground mines. In more challenging situations, this forecasting capability enables the
timely withdrawal of personnel from the mines, ultimately contributing to the preservation of human
lives.

Conventional methane forecasting models rely on empirical and numerical approaches [12-15].
However, these models often fall short in delivering high accuracy. In pursuit of enhanced precision, our
current investigation adopts the Long Short-Term Memory (LSTM) algorithm, a deep learning-based
approach. Deep learning widely embraces the LSTM neural network architecture due to its prevalence and
effectiveness [16]. Our findings demonstrate that this approach yields promising results in forecasting
methane levels.

To ensure the proper training of the deep learning-driven LSTM model, a substantial volume of data is
required. In this study, we have developed an Industrial Internet of Things (IloT) device for data
acquisition from an underground coal mine. Our device comprises a wireless microcontroller unit, a
methane sensor, a temperature and humidity sensor. The methane sensor, utilized in this study, represents
an improved iteration of the sensor referenced in [17]. The original sensor, as detailed in [17], exhibited a
drawback wherein it generated air turbulence around the sensing elements, resulting in unstable methane
concentration readings. In our work, the modified version of the sensor effectively addresses and rectifies
this issue. The developed device systematically collects data such as, methane concentration, ambient
temperature and humidity levels. The collected data are subsequently utilized to train the multivariate
forecasting model. The trained model is then deployed to the cloud.

In the concluding phase of our experiment, the device transmits real-time data to the cloud. Within the
cloud infrastructure, our deployed model conducts methane forecasting and subsequently relays the
forecasting results back to the IIoT device. Based on these forecasting results, the device is equipped to
issue a warning alarm if the methane concentration surpasses a predefined threshold level. Furthermore, it
is programmed to trigger an alarm if the real-time methane concentration also exceeds the established
threshold level. The forecasted methane concentration results, along with real-time data, are accessible
through mobile applications and a web-based dashboard provided by a third-party cloud service.
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The rest of the paper is organized as follows. Section 2 describes the background study on the effects of
methane in underground coal mines, sensor and IloT technologies used for methane monitoring and the
classical models used for methane forecasting. The methodologies of the proposed work along with the
materials used are described in Section 3. Section 4 shows the results of the proposed work. Finally, the
conclusion is given in Section 5.

2 Background

The study's background is derived from a broad range of literature, systematically presented and discussed
to offer a thorough comprehension of the research context, as elaborated in the following subsections.

2.1 Effects of Methane in Terms of Safety in Underground Coal Mines

Methane ranks among the prevalent gases found within coal seams. It forms as a result of bacterial and
chemical activity during the coal seam's formation and remains trapped within the coal seam since its
inception, only to be liberated when the coal is broken during mining [1]. After liberation it may also
accumulated within fractures, and less ventilated areas near roof, remains dormant until disturbed by
mining activities. While not inherently toxic, its perilous nature stems from its ability to create explosive
mixtures when combined with air. This propensity for methane explosions in underground coal mines
represents a grave and potentially lethal threat to miners' safety [18]. Methane-related incidents
consistently rank as the leading cause of fatal accidents within coal mines. Statistically, these accidents
comprise roughly 40% of all incidents in coal mines, and the casualties resulting from methane incidents
contribute to over 30% of the total fatalities in such accidents [19].

The article [20] examines methane explosions in Polish mines from 2013 to 2018, comparing them with
global incidents. It outlines explosion prevention and methane control strategies in Polish coal mining,
highlighting the need to harmonize these with other ventilation-related hazards, such as spontaneous coal
combustion. Effective longwall panel design requires integrating predictions of methane emissions and
other potential ventilation issues. The study in [21] explores forecasting daily average methane
concentrations at two points in a Polish mine's longwall roadways: up to 10 meters in front of the wall and
at the roadway's outlet. Using prognostic equations and ventilation data, the study compares methane
levels at these locations. Results show similar accuracy in forecasts, although predictions are slightly less
precise 10 meters from the wall face compared to the roadway outlet.

The liberation of methane due to coal breakage during mining operations raises valid concerns
regarding the adequacy of ventilation systems necessary to ensure safety of underground mining
environment [22-23]. Numerous mining and geological factors have the potential to influence the quantity
of methane emitted from coal. The level of methane emission undergoes dynamic fluctuations in response
to mining and geological activities.

Moreover, the author of [22] enumerates key parameters that exert the most significant influence on
methane release within coal mines. These include the coal seam's level of maturation or rank of coal, its
depth below the surface, the operational speed of face machineries such as conveyors and loaders, as well
as the presence of degasification measures.
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When methane and oxygen combine in specific concentrations, they form a potentially flammable or
explosive mixture. Methane will burn smoothly when its concentration is below 5% when in contact with a
thermal source. However, when the concentration ranges between 5.0% and 15%, methane and air create
an explosive mixture. The most potent explosion occurs when methane is present at a 9% concentration
with oxygen content exceeding 12%. This particular concentration is referred to as stoichiometric. Beyond
a methane concentration of 15%, the mixture becomes flammable. It's worth noting that for any of these
scenarios to occur, an energy impulse is required. The precise boundaries of these explosion conditions are
illustrated in the Coward methane explosion triangle, as shown in Figure 1 [24].
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Figure 1: Relationship Between Quantitative Composition of Methane and Air with Explosibility [24]

The ABC triangle serves as a critical marker, defining the concentration range where methane can form
an explosive mixture: Outside this triangle, mixtures either lack sufficient methane or oxygen to become
explosive. Importantly, it’s not possible to create a methane-air mixture within the area above the
explosion triangle. The composition of the mixture within a particular space can change dynamically. This
transformation can occur due to factors like adjusting air supply to mining areas, modifying the ventilation
system, reorganizing mining processes, or altering exploitation techniques.

Furthermore, it’s crucial to recognize the substantial impact of pressure and temperature on methane’s
combustibility. In terms of pressure, the influence on methane’s explosiveness remains fairly consistent
when operating under reduced pressure conditions. However, at elevated pressures, noteworthy changes
occur. Specifically, the lower explosive limit (LEL) decreases, meaning that less methane is required for
ignition, while the upper explosive limit (UEL) significantly widens, necessitating a higher concentration
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of methane for potential explosion. Regarding temperature, its effect on methane’s explosiveness is more
moderate. At extremely low temperatures, like -110°C, the LEL stands at 5.6% CH4, meaning that a
relatively higher concentration of methane is needed to trigger an explosion. Conversely, at a relatively
higher temperature, such as +100°C, the LEL is slightly lower at 4.8% CH4, signifying a somewhat lower
methane concentration required for potential ignition [1].

In the pursuit of averting methane explosions within coal mines, a series of crucial precautions must be
implemented. First and foremost is the imperative to prevent the accumulation of methane in the vicinity
of the shearer drum, a task achievable through the enhancement of ventilation systems. Another essential
measure involves the installation of water spray systems at each cutter or drilling bit. This strategic
placement serves to cool the metal components when they come into contact with rock, thus effectively
curbing the potential for frictional ignitions. Furthermore, proper planning of ventilation is essential to
eliminate any zones of air recirculation in underground environments. This step ensures that fresh air
continuously flows through the mine, preventing the build-up of methane concentrations. Also, an
indispensable action involves optimizing the placement of methane detectors at the working face. By
positioning these detectors in the most strategic locations, miners can promptly identify and respond to
any methane presence, thereby bolstering safety measures within the coal mine.

According to the Coal Mines Regulations 2017 (CMR 2017) in India, there’s a strict ceiling on methane
concentration within any section of an underground coal mine, set at a maximum of 1.25%. If this limit is
exceeded, immediate action is mandated. Electric power supply to all cables and equipment must be
promptly shut off, and individuals not directly involved in ventilation operations must be swiftly
evacuated from the area.

2.2 Sensor and lloT Technologies used for Methane Monitoring in Coal Mines

The safety of coal mining relies heavily on the careful monitoring and measurement of methane
concentrations. In the current landscape, several types of sensors are utilized for this crucial task,
including catalytic combustion type sensors [25, 26], optical interference-based sensors [27], and spectral
absorption-based sensors [28, 29]. Sensors employing optical interference methods present a significant
advantage in their expansive measurement range and overall stability. However, a drawback lies in their
need for manual observation of interference patterns during measurements and their inability to
seamlessly translate optical interference signals into easily processed electrical data. Additionally, these
sensors tend to have bulkier profiles, require frequent adjustments, and can be susceptible to interference
from other gases. On the other hand, Spectroscopic absorption-based methane sensors, particularly non-
dispersive infrared (NDIR) spectroscopy-based methane sensors, stand out for their superior performance,
though they come with a relatively higher cost [30]. Yet, they make up for this with their compact design
and low power consumption, making them an appealing choice for specific applications. In contrast,
sensors rooted in catalytic combustion methods are celebrated for their simplicity and cost-effectiveness.
While they are confined to measuring methane concentrations within the 0-4% range, this range generally
suffices for monitoring methane in a regular coal mine environment. Their affordability allows for their
widespread deployment across various points within the mine, ensuring comprehensive coverage.
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Methane monitoring, facilitated by sensor technology, offers diverse approaches. These include spot
monitoring, typically carried out with handheld instruments, and wired communication systems. However,
spot monitoring presents a concern as it places miners at risk due to the challenging environmental
conditions prevailing within underground mines. On the other hand, wired communication often
encounters issues such as cable impairment and the impracticality of operational systems for underground
maintenance. With the advancement of technology, a specialized solution has emerged in response to
these challenges: Wireless Underground Sensor Networks (WUSNs), uniquely address the specific needs of
this context [31]. Continuous monitoring and the generation of extensive datasets for training machine
learning-based forecasting models have posed significant challenges, primarily due to technical limitations.
This is where the Industrial Internet of Things (IIoT) steps in within the realm of Industry 4.0, assuming a
pivotal role in accomplishing this very goal. IloT, comprised of an extensive array of sensor devices, signal
frequency labels, and signal recognizers, excels in efficiently identifying, locating, and tracking real-world
objects in real-time. It harnesses a fusion of existing technologies including Wireless Sensor Networks
(WSNs), computer network technology, signal frequency identification technology, and database
technology, all orchestrated to achieve precise objectives, such as intelligent and secure mining practices
[32,33].

In [34], the study focuses on predicting harmful gases in mines and enhancing underground coal mine
safety through an Arduino-based environment monitoring and control system, integrated with IoT and
cloud computing. The system's performance was tested in real conditions within a Southeast Asian mine.
The results showed that the Arduino-based sensors are effective in monitoring underground mine safety,
demonstrating sensor accuracy and system effectiveness. Furthermore, the overall response of the
proposed system achieved a sensitivity of 87.5% and a positive predictive value of 77.7%.

A study is done in [35] on eastern coal mines where the authors have developed a communication
system that facilitates data transmission between underground smart devices and surface monitoring
systems. The system utilizes LoRa technology for through-the-earth wireless communication. A
specialized smart device was created to monitor methane and carbon monoxide levels, collecting sensor
data on gas emissions to continuously assess the mining environment. The authors of [6], engineered a
ZigBee-Wireless Sensor Node-based monitoring system for coal mines. This system utilized multiple
sensor nodes to monitor methane concentrations within the mining environment. In this setup, akin to
traditional wireless sensor networks, nodes transmitted their sensed data to a centralized base station for
further analysis and guidance. However, it was evident that this solution fell short of meeting the evolving
demands of the mining industry.

In an effort to use IoT into the coal mining landscape while embracing the concepts of cloud computing
and big data, a comprehensive safety system was conceived by the authors of [36]. This proposed system
offers holistic oversight of mining operations, prioritizing safety measures. It actively serves mining
operations by raising alarms for unsafe working conditions and even orchestrating rescues in emergency

scenarios.
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Furthermore, other researchers, documented in [6,7,9], have embarked on deploying various gas sensors
to detect hazardous gas leaks within mines, thus ensuring the well-being of workers. Researchers of [10]
proposed a cloud computing-based framework integrated with wearable devices worn by miners during
their subterranean duties. Their framework effectively demonstrated the importance of such systems
through real-time monitoring of the subterranean work environment.

In their exploration of the potential offered by technologies like IoT, WSN, and Artificial Neural
Networks (ANN), researcher of [37] developed a methane monitoring system for underground coal mines.
In this innovative scheme, they introduced an alarming system coupled with a miners’ positioning system,
employing sensors distributed throughout the mines to predict dangerous and life-threatening working
conditions in proximity to miners through ANN applications.

Similarly, IoT and WSN technologies have been leveraged to design smart helmets, further enhancing
miner safety and thereby increasing overall mining productivity [38-40]. These systems incorporate
devices for sensing factors like temperature, humidity, air quality, and helmet removal to ensure
comprehensive safety measures are in place.

2.3 Traditional Approaches for Predicting Methane Concentration in Underground
Mines

Recognizing the critical nature of methane concentration surveillance in subterranean mining operations,
numerous scholars have dedicated their efforts to crafting models for methane monitoring and forecasting
systems. Since methane emissions are influenced by numerous factors, it is crucial to consider a wide
range of parameters when forecasting methane concentration [41,42].

Since 21" century, there has been a surge on the study of short-term forecasting of methane emissions
based on methane concentration records in the mine monitoring system (see for reference [43, 44, 46]).
Methane concentration forecasting models can be categorized into three types based on their approaches
[45]. The first category employs the empirical approach, relying on data garnered through the observation
of processes or phenomena. The second category, known as the numerical approach, entails the creation of
physical models representing the system or process, subsequently employing numerical approximation to
solve it. Finally, the statistical methods based on the collection and in-depth analysis of raw data,
harnessing mathematical techniques to discern patterns and construct forecast models.

An evaluation of one-day average methane concentrations forecast model is developed in [44], where
the average methane concentration from the previous day is a descriptive variable that aids in the selection
of appropriate methane prevention strategies. Another study analyzing one-day forecasts of the maximum
methane concentration in a tailgate of a longwall ventilated with a U system is presented in [46]. An
empirical study in Poland, cited in [47], evaluated three methane prediction models in mines: dynamic
methane-bearing capacity models, autoregressive daily average methane concentration models, and a
cause-effect daily average model. The first model forecasts based on planned mining volumes and
geological surveys, aiding in ventilation planning and methane hazard reduction. The second model,
usable from the second day post-launch, requires only the previous day's methane levels for daily
predictions. The third model, which involves a 28-day delay post-launch for data collection, allows
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parameter adjustments based on initial measurements. Each model offers benefits tailored to different
stages of mining operations.

The authors of [12] have formulated a model for forecasting methane emission rates (Equation 1),
considering factors such as methane flow within the methane drainage system, methane concentration
within the mine atmosphere, and the total methane content present in the coal seam. Their study drew
upon historical annual data, specifically capturing methane concentration from underground coal mines
located in the UK.

ME = LfP, + ((1.857 x D) — (D — U) + RfP,) 1)

Py is annual coal production (in ton).
P is total annual underground mine coal production (in ton).
D is the cumulative mass of methane (in m3),
U is the quantity of methane utilized (in m3).
L is the emission rate for per ton of coal produced (in m*/ton).
R is the residual gas content (in ms),
f is the conversion factor to convert volume flow to mass flow.
Another model for estimating methane emissions (Equation 2), as introduced by [13], takes the form of
a regression equation. This model delves into the intricate interplay between mine emissions, the methane
content within coal beds, and the rate of coal production.

ME =1.08 x 1077(CP X MC) + 31.44 — 2676 X DV (2)

CP is the annual coal production in ton.
MC is the total methane contained in m’ per ton of coal.
DV is a step function.

As per the insights provided by [41], a time series comprises a sequence of data collected at consistent
intervals over time. When this concept is harnessed for predictive purposes, previous observations serve as
valuable inputs for forecasting future values of specific target variables. The techniques employed for such
forecasting are diverse and can range from regression analysis and machine learning models to filtering
algorithms.

For instance, [14] introduced an innovative early warning system tailored for the prediction of methane
levels within an underground coal mine. The methodology adopted in this study involved a two-fold
process. Firstly, Principal Component Analysis (PCA) was employed to identify the primary factors
exerting influence on methane levels. Subsequently, an artificial neural network was utilized to forecast
methane concentrations. The dataset incorporated several key parameters, including methane, humidity,
pressure, wind, and temperature. To train the neural network, the authors opted for the Levenberg-
Marquardt (LM) algorithm.

In their pursuit to forecast methane concentrations within an underground mine, a study in [15]
employed neural network as their forecasting tool. The neural network relies on the radial basis function
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as its foundation. Their study encompassed the consideration of seven pivotal factors, which affect the
methane emission. The dataset comprised a comprehensive set of 300 methane data points obtained from a
coal mine in China. To assess the model’s performance, they employed the relative error metric,
comparing predicted values with actual ones.

3 Materials and Methods

The proposed system is a well-thought-out assembly comprising a System on Chip (SoC) microcontroller
board, a methane gas measurement sensor, a temperature and humidity measurement sensor, an
informative LCD display, and a buzzer designed to detect excessive methane gas levels in underground
environments. The primary goal was to develop a compact, cost-effective, and precise device capable of
measuring methane concentration, ambient temperature, and humidity while relaying this data to the
cloud. Additionally, it has been programmed with a dual alert mechanism to promptly notify users when
predefined gas concentration thresholds are surpassed. The first alert is triggered audibly through a
buzzer, ensuring that on-site personnel are immediately informed. Simultaneously, an SMS alert is
dispatched to designated recipients, offering a remote notification mechanism that enhances safety
protocols in response to elevated methane levels. Strategically positioned within an underground coal
mine, these IIoT devices continuously monitor methane concentration, temperature, and humidity,
contributing to enhanced safety and environmental awareness. The complete dataflow framework of this
study is visually represented in Figure 2.

In addition, this innovative solution facilitates real-time and historical data monitoring through a web-
based dashboard and a mobile application, all accessible via an internet connection. Beyond mere data
collection, the cloud-based system incorporates LSTM based deep learning model that analyze the
historical data, enabling the prediction of methane concentration in mine atmosphere within the mine for
the next 2 hours, with hourly granularity. Users can conveniently access these forecasted methane
concentration values through both web-based and Android applications, enhancing operational efficiency
and safety in underground mining operations.

3.1 Proposed hardware setup of the lloT device

For the proposed IIoT enabled device, the ESP32 WROOM board was selected as the hardware foundation.
This board is renowned and widely adopted in the creation of IIoT applications. At its heart lies the ESP32-
DOWDQ6 chip, which is a powerful component boasting two energy-efficient Xtensa® 32-bit LX6
microprocessors.. The chip’s internal memory configuration is impressive, comprising 448 KB of ROM
dedicated to booting and core functions, alongside 520 KB of on-chip SRAM allocated for data and
instructions. What sets this chip apart is its scalable and adaptive design. It houses two independently
controllable CPU cores, with a flexible CPU clock frequency ranging from 80 MHz to 240 MHz. Moreover,
the chip incorporates a low-power coprocessor that can efficiently handle tasks with lower computing
demands, such as peripheral monitoring, thus conserving energy [48]. The ESP32 chip also boasts an
extensive array of integrated peripherals, ranging from ADC, DAC, UART, 12S, and I2C interfaces. This
versatile hardware platform serves as a robust foundation for the IIoT- based methane monitoring and
forecasting device.
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Figure 2: Visualization of the Comprehensive Dataflow Framework in the Study.

The methane sensor utilized in this study is founded on SnO, and was modified version of the sensor
originally proposed by [16]. The fundamental material underpinning this sensor is SnO,, complemented by
the inclusion of a fan that plays a pivotal role in ensuring consistent airflow across the sensor. This
particular sensor offers several advantages, including its cost-effectiveness, remarkable sensitivity,
exceptional thermodynamic stability, and a notable capacity for adsorbing gaseous molecules. For more
comprehensive insights into the sensor’s specifications and calibration related details can be found in

subsection 3.2.

The DHT-22, is a digital sensor designed for precise measurement of relative humidity and temperature.
It relies on a capacitive humidity sensor and a thermistor to measure the environment temperature and
outputs a digital signal via its data pin, eliminating the need for analog inputs. Its operational parameters
include a 3-5V power range, a maximum current draw of 2.5mA, humidity measurement spanning 0-100%
with an accuracy of 2-5%, and temperature measurement covering -40 to 80°C with an accuracy of +0.5°C.
On the other hand, the AM2302 is a calibrated digital module that offers accurate temperature and
humidity readings through its advanced technology.

A 16x2 LCD 1602 display, interfaced through an I12C module, serves as the visual interface for
presenting real-time methane, temperature, and humidity measurements, as well as alert messages within
the system. Additionally, a piezoelectric buzzer is seamlessly integrated into the system, playing a crucial
role in enhancing safety. The buzzer operates in two distinct modes: it issues a continuous, attention-

ACM Trans. Internet Things



grabbing beep whenever methane levels surpass the stringent 1.25% regulatory limit, serving as an
immediate warning for users. Moreover, it adopts a rhythmic signaling pattern, emitting a distinct beep at
5-second intervals if the forecasted methane concentrations for the upcoming 2 hours breach the critical
1.25% threshold, ensuring vigilant monitoring of potentially hazardous conditions.

The circuit’s schematic diagram is thoughtfully illustrated in Figure 3(a). However, safety takes
precedence in the demanding subterranean mining realm, prompting the adoption of an additional layer of
protection. In this context, a flameproof enclosure serves as the ultimate safety measure, enclosing the
entire device. Additionally, the encloser is wrapped in a double layer of aluminum foil to shield it from
external heat sources, with the added benefit of reflecting radiant heat. This enclosure acts as a robust
barrier, effectively reducing the risk of ignition by isolating the device's sensitive internal components
from the methane-rich environment. For a visual representation, refer to Figure 3(b), which displays the
final assembly of the IIoT device.

16 X 2 LCD Display

(@) (®)
Figure 3: (a) Schematic diagram of the connections of components of IIoT device. (b) Final assembly of the IIoT device

3.2 Sensor Overview and Calibration

The sensor devised for this application is a cost-effective and lightweight passive resistor. It incorporates a
resistive element consisting primarily of SnO,, which is encased within Bakelite material. To provide its
operating temperature, the sensor employs a nichrome heater enclosed within a plastic housing. Copper
electrodes are affixed to this housing to facilitate electrical connections. The housing is further shielded by
a stainless-steel mesh, providing an extra layer of protection against potential explosions, especially in
scenarios where heater temperatures might reach hazardous levels. A small fan is put beneath the
stainless-steel mesh to maintain a consistent airflow and ensure efficient cooling of the heater, preventing
temperature spikes. In the original design of the sensor [16], the fan was positioned as a forcing type,
leading to air turbulence that caused instability in methane readings. However, in this study, we have
made a significant modification by relocating the fan to the outlet side, converting it into an exhaust type.
This strategic adjustment effectively reduces air turbulence at the sensing material, resulting in more
stable methane readings. To ensure its integrity, the entire system is enclosed within a chemically inert
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and highly resilient aluminum oxide cylinder, measuring 20 mm in diameter and 25 mm in height. The
sensor’s schematic diagram is thoughtfully depicted in Figure 4.

Anti Explosion
Netting

To the Co-ditr M

Figure 4: Schematic diagram of the SnO, based methane gas sensor

SnO, is selected as the foundational material for the sensor due to a host of advantageous attributes it
possesses, encompassing its cost-effectiveness, heightened sensitivity, impressive thermodynamic stability,
and notable capability to adsorb diverse gaseous molecules. Considering that heightened temperatures
augment its responsiveness to a broad spectrum of gases, a nichrome heater has been thoughtfully
incorporated into the sensor. Additionally, a fan has been included to ensure a consistent airflow and
temperature within the system. An additional safety measure is the anti-explosion layer positioned atop
the sensor assembly to eliminate any potential explosion risks arising from high temperatures. Under
normal conditions with clean air, the sensor’s resistance remains relatively stable. However, in the
presence of methane in the air, it adsorbs onto the sensor surface, leading to a reduction in the SnO,
material’s resistance. Consequently, the concentration of methane in the air is determined by tracking the
sensor’s resistance alteration. A comprehensive overview of the sensor’s specifications is presented in
Table 1.

Based on the research conducted by Ghosh et al. [17], it has been established that there exists an
exponential correlation between the methane concentration and the corresponding change in sensor
resistance. This relationship is precisely described by Equation 3.
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Ry = Roe™fiG  (3)

Here, R, is considered as the resistance of the sensor (in ohm) at different methane concentrations, and
C, as the methane concentration (in parts per million or ppm). R, denotes the resistance when the
methane concentration is 0. K; is the constant.

Table 1: Specifications of the methane sensor

Parameters Specifications
Heating coil input voltage 50V
Coil resistance 40 Q
Heating coil power consumption 600 mW.
SnO; Sensing material resistance 10 kQ - 50 kQ
Fan voltage 5V DC
Power consumption of fan 25 W
Sensitivity Greater than 0.78 at 1000 PPM methane

The ESP32 WROOM module employed in this study has built-in ADC (Analog to Digital Convertor)
channels explicitly engineered for the measurement of analog voltage signals within 0-3:3V range. A signal
conditioning circuit is developed to serve the purpose of translating alterations in sensor resistance caused
by the presence of methane into the voltage range of 0-3.3V. The schematic diagram of this conditioning
circuit is presented in Figure 5.

Wheatstone Bridge Span Adjustment Circuit

Figure 5: Schematic Representation of the Conditioning Circuit

The signal conditioning circuit comprises several key components, starting with a Wheatstone bridge
responsible for measuring voltage changes corresponding to variations in sensor resistance. The voltage
variation exhibits an exponential pattern, requiring the utilization of a logarithmic amplifier to transform
this exponential voltage change into a linear one. Following this, a span adjustment circuit comes into
play, ensuring that the output voltage is standardized within the 1-3.3V range. This standardized output
can then be readily employed for industrial monitoring and control or transmitted as measurement data
via the ESP32.
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In this setup, the sensor is integrated into one arm of the Wheatstone bridge (designated as Rs),
enabling it to measure changes in resistance linked to alterations in methane concentration within the air.
To offset any resistance changes stemming from temperature or humidity influences, a resistor with
resistance equivalent to the sensor’s resistance in clean air (Ro) is placed in the adjacent arm of the
Wheatstone bridge. The Wheatstone bridge configuration serves a dual purpose: not only does it convert
resistance changes into suitable voltage variations, but it also enables compensation for any external
factors’ impact on resistance or voltage, such as temperature and humidity. Two fixed resistors Rw1 and
Rw2 are placed in the other arms of the bridge write differently. Grounding at point 2 enhances the
convenience of obtaining the output voltage resulting from the sensor’s resistance change at point 4,
which is subsequently fed into a logarithmic amplifier to change into a linear voltage, given that resistance
change exhibits an exponential nature, as indicated by Equation 3. As terminal 2 is connected to ground,
the voltage at terminal 2 is inherently set to zero. So, the voltage at terminal 4 in the Wheatstone bridge,

denoted as V,,;, can be expressed by the equation provided below:
Rs

Vwn = Re+R, X Vin (4)

Here, V;;, is the input voltage (5 volt).

From the Equation 3 and 4 the following can be derived:

e—K1Cs_p—2K1Cs

Vion = X Vi (5)

1—e—2K1Cs
-2K1Cs . -2K C .
(1-e ) can be approximated as 1 because e *; ;<< 1. So, the V,,; can be approximated as,
Vin = (6516 — eT25065) x Wy (6)

The voltage V., is the output voltage from the Wheatstone bridge. This voltage is exponential in nature.
To linearize this voltage, a logarithmic amplifier is employed. Output of the logarithmic amplifier Vj,, can
be expressed as:

(eK1Cs—e=2K1Csyxy,

IsR3 ) ™

Here, K, represents a constant, expressed by Equation 8, where n stands for the emission coefficient,

Vieg =—K In (

and V1 denotes the thermal voltage of the diode implemented within the logarithmic amplifier. I; denotes
the saturation current of the diode D;.

K; =nVp ®

The resulting voltage, denoted as Vi, and originally negative in polarity, undergoes a transformation by
passing through an inverting amplifier to render it positive. Subsequently, this positive output traverses
through a span adjustment circuit designed to regulate the voltage within the 1-3.3 V range. This
adjustment serves the purpose of standardizing the voltage data. In this scenario, a concentration of 0 PPM
methane corresponds to an output of 1 V, while 0 V signifies a fault in the sensor circuit. This
standardization ensures a fail-safe system, distinguishing between a sensor failure or disconnection, both
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of which the IIoT device interprets as a system fault rather than a zero-methane condition. Consequently,
the zero concentration of methane is assigned a value of 1 V, while the maximum methane concentration
value (in ppm), which is 15000 ppm in this context, is set to 3.3 V. Following its traversal through the
inverting amplifier and the span adjustment circuit, the resultant output voltage, denoted as V,,;, can be
expressed as:

Vour = _K3Vlog + K, €))

The sensor undergoes calibration within a controlled laboratory environment, specifically a gas testing
chamber designed for this purpose. Here, various known concentrations of methane are precisely
introduced to the sensor, and the resulting output voltage, V,,, is recorded. For the calibration process, a
series of methane concentrations were systematically employed, which includes 0 ppm (for fresh air), 500
ppm, 1000 ppm, 2000 ppm, 5000 ppm, 10000 ppm, 12500 ppm, and 15000 ppm. The visual representation of
this laboratory setup for sensor calibration and testing the IIoT device is depicted in Figure 6.

Figure 6: Laboratory setup for sensor calibration and the IIoT device testing

The Vout (in millivolts) obtained during calibration for various methane concentrations (in parts per
million), as summarized in Table 2.

The relationship between the output voltage and different methane concentrations is then graphically
presented in Figure 7. The calibration curve clearly demonstrates a linear relationship between the output
voltage and methane concentration. The observed correlation exhibits a comparable linear nature to the
theoretically derived relationship in Equation 9.
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Table 2: Specifications of the methane sensor

Methane Concentration (PPM) Vout (millivolts)
0 1000
500 1121
1000 1215
2000 1295
5000 1685
10000 2388
3500
e
3000 "
(:2' 2500 e
=2000 | e
i= |
£ 1500 ——
= -
g 1000 o®
~ y = 0.1523x + 1004.5
500
0
0 5000 10000 15000 20000

Methane Concentration (PPM)

Figure 7: Calibration curve of the methane sensor

The experimentally established correlation between Vout and methane concentration in ppm is
expressed in Equation 10, serves as empirical formula for methane concentration measurements facilitated

by the developed IloT device.
Vot = 0.1523 X PPM + 1004.5 (10)

3.3 Gathering Historical Time-Series Data with the Developed IloT Device

Extensive data is essential to train neural network-based forecasting models. However, readily available
historical data is scarce in public repositories specially for all strategic location of an underground coal
mine. To overcome this challenge, we deployed our developed IloT devices strategically within an
underground coal mine located in the eastern part of India. Specifically, it's part of the Eastern Coalfields
Limited, India located at Raniganj Coalfield. The mine operates using a semi-mechanized bord and pillar
system, employing Side Discharge Loaded (SDL) for coal loading and tubs for transportation. With two
shafts, one for air intake and the other for return, ventilation is facilitated by a PV200 model main
mechanical ventilator, operating on an exhaust ventilation system. The average airflow in the main return
airway stands at 2320 cubic meters per minute and 1890 cubic meters per minute in the main intake
airway. It's noteworthy that the mine seam holds a classification of a gassy seam of the third-degree coal
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mine by Director General of Mine Safety (DGMS) standards, indicating that the emission rate of
inflammable gas per ton of coal produced surpasses ten cubic meters.

These IIoT devices were strategically placed at three key locations: the coal mining face, the outbye side
of the current mining panel, and the main return airway, as illustrated in the mining plan (refer to Figure
8).
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Figure 8: Mine plan highlighting the location of the installed device

The current active mining panel is highlighted in green on the mine plan, as depicted in Figure 8.
Moreover, it prominently marks the location of the IIoT devices using large red dots, labeled as location 1,
2, and 3, signifying their placement at the mining face, the outbye side of the working panel, and the
return airway, respectively.

The forecasting model is trained independently by the datasets from these three distinct locations, and
the training results are subsequently evaluated. Data was collected continuously for a duration of 100 days,
spanning from mid-January to the end of April in 2023. This dataset encompasses information from both

production shifts and maintenance shifts, providing a comprehensive source for training our models.
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Generated dataset comprises three primary parameters: methane concentration in the mine air
(expressed as a percentage), environmental temperature (measured in degrees Celsius), and environmental
relative humidity (also presented as a percentage). These parameters are systematically recorded by the
IIoT device at 30-second intervals and then locally stored at the edge. For the sake of data transmission
efficiency and storage, the device calculates hourly averages for each parameter and subsequently
transmits this aggregated data to the cloud via the MQTT protocol over TLS. This process yields a daily
collection of 24 readings for each parameter per day, culminating in a comprehensive dataset of 2400
records for each parameter. A glimpse of the acquired average data, received by the cloud through MQTT
protocol over TLS, is presented in Table 3, where the maximum methane obtained are highlighted for the
three locations.

Table 3: A glimpse of the collected data using developed device

Location 1 Location 2 Location 3
Date Time Methane Temp. Humidity Methane Temp. Humidity Methane Temp. - Humidity

(PPM) (°C)  (RH%) (PPM) (°C) (RH%) (PPM) (°C) (RH%)
16-01-2023 18:00 3454 32.5 80.5 2527 30.5 73.1 2036 29.2 66.4
16-01-2023 19:00 4147 32.8 82.9 3196 31.6 75.2 2441 29.4 68.9
16-01-2023 20:00 3674 31.1 83.4 2956 29.6 76.9 1981 28.5 69.1
16-01-2023 21:00 2316 30.6 85.7 2383 29.4 78.2 1914 274 71.5
16-01-2023 22:00 2804 30.2 86.2 3408 28.6 79.3 2482 27.7 72.6
16-01-2023 23:00 4082 29.9 82.6 4194 28.9 75.5 3665 26.7 68.9
17-01-2023 00:00 4286 28.1 83.6 3965 27.4 76.7 3268 25.9 69.5
17-01-2023 01:00 3083 29.0 82.4 1757 27.9 75.4 1694 26.1 68.3
17-01-2023 02:00 1849 28.5 83.7 1693 27.3 76.8 1691 25.7 69.5
17-01-2023 03:00 2402 28.6 80.2 2463 26.4 73.2 1671 25.2 66.1

3.4 Designing of LSTM-Powered Time Series Forecasting Model for Methane
Concentration

Multivariate time series analysis offers a viable approach for forecasting methane concentration in the
atmosphere of underground coal mines. Drawing from existing literature and empirical models, it's evident
that methane concentration is influenced by historical data of various factors such as environmental
temperature, humidity, and other relevant variables. If we denote y;, as the methane concentration at time
t, and the dependent parameters at time t as Vs, Vs ..., Vs then the predicted methane concentration
value at time (+h) can be expressed through the following function.

Viern) = LV e4n) Yo, t4h) Y3, (trhys e eeeeeeenn Vi (t+h)) (10)

Advanced multivariate time-series analysis models are explored in this study through the incorporation
of cutting-edge LSTM-based learning models from the field of machine learning. These LSTM models
empower the construction of deep learning models with the capacity to delve deeply into complex and
obscured patterns, thus enabling the forecasting of methane concentration by thoroughly scrutinizing the
parameters impacting methane emissions.
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Deep learning widely embraces the Long Short-Term Memory (LSTM) neural network architecture due
to its prevalence and effectiveness. LSTM networks, which fall under the category of Recurrent Neural
Networks (RNNs), represent a significant advancement over conventional RNN structures. The nature of
the LSTM neural network used in the methane concentration forecasting model is specialized for handling
sequences of data with potentially long-range dependencies. The superiority of LSTM network over
standard RNN lies in the cell structure: while a standard RNN features just one threshold function, an
LSTM network introduces four critical components within its hidden-layer structure, as illustrated in the
accompanying figure 9. These are cell state, forgetting gate, input gate and output gate. These gates
determine what data should be retained or forgotten over time, allowing the model to learn from

sequences without losing crucial temporal details. This capability makes it adept at understanding patterns
and trends of time series data.

A >
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forget
gate

he-1
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Figure 9: Structure of a LSTM network
Various notations are employed to illustrate the model, as demonstrated below:

i; — inputgate

ft — forget gate

0, — output gate

o - sigmoid function

w, — weight for the respective gate (x)
hi_1 = output of the (t — 1) timestamp
x; — currentinput(attimestampt)

b, - biases for the respective gates (x)
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The cell state in the LSTM unit is like a memory bank. It decides what to remember, what to forget, and
what new information to include based on the current input. The forgetting gate performs a specialized
function akin to a gatekeeper. It selectively retains data adhering to stringent algorithmic criteria while
promptly discarding any information that falls short of these criteria. This strategic mechanism adeptly
addresses the intricate challenge of handling long-term dependencies within the model. A sigmoid
function (showed in Equation 11) comes into play to facilitate this decision-making process. This function
produces an output that typically falls within the range of 0 to 1, with the outcome often leaning toward
either 0 or 1 in most instances. Here "0" signifies that the gate is completely obstructing any passage, while
a "1" indicates that the gates are permitting unrestricted passage. The operation involves computing the
dot product of h(t-1) and x(t) and utilizing the sigmoid function, as described in Equation 12. This process
yields a value ranging from 0 to 1 for each element in the cell state C(t-1). When the output is '1', it
indicates retention, whereas '0' signifies complete forgetting.

o =—s3 (1)

fe = o(wp - [he—r, x ] + be) (12)

The input gate oversees the process of incorporating information at the current time step. The input
gate functions through a sequence of three key stages. A sigmoid layer evaluates which values should be
updated. (showed in Equation 13). 2. An activation function layer, utilizing hyperbolic tangent,
generates a vector of potential new values, C(t), that could augment the current state (showed in Equation
14). These two outputs, i(t) * C(t), are combined to perform an update on the cell state, resulting in the new
cell state C(t) (showed in Equation 15).

ig =o(w; - [he—q, x ] +b;) (13)
Ct = tanh(WC p [ht_l; xt] + bC) (14)
Ce=fiCiq + it(:t (15)

The output gate exerts control over the filtered output derived from the current unit state. Initially, a
sigmoid layer determines the portions of the cell state to be extracted (Equation 16). Subsequently, the cell
state undergoes a hyperbolic tan transformation to confine its values within the range of -1 to 1, and this
result is multiplied by the sigmoid gate's output (Equation 17)

0y = O-(Wo ' [ht—llxt] + bo) (16)
h; = o; X tanh(Cy) (17)

This multi-gate architecture in LSTM networks empowers them to capture and utilize long-range
dependencies more effectively compared to alternative methods. Furthermore, the LSTM architecture
incorporates a dropout layer, an integral component in its design. This layer introduces an element of
randomness during the training process by temporarily excluding specific neural network cells from the
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network. This deliberate infusion of randomness serves a crucial role, mitigating the risk of overfitting and
bolstering the network's overall resilience and adaptability.

In our model, we focus on predicting methane concentration in mine atmosphere within an
underground coal mine. In the task of forecasting methane concentrations in a mine, the input factor
matrix M, with dimensions HxF where H =24 hours, represents the past 24 hours of hourly data, and F=3
includes three input parameters: methane concentration, temperature, and humidity. This 24x3 matrix is
structured such that each row corresponds to data from one hour in the past, and each column is dedicated
to one of the features. A conceptual illustration of how the matrix M might look with historical data from
H=24 and F=3 is given as follows.

CH,(t—1) Temp(t—1) Hum(t-—1)
M= CH,(t—2) Temp(t—2) Hum(t-—?2)

CH,(t —24) Temp(t—24) Hum(t—24)

The final output layer of our model provides the predicted target, represented as y;: while the
corresponding observed value is denoted as y;, In the design of this model, the forecasting horizon
extends up to 2 hours into the future, denoted as the lead, allowing it to predict methane concentration up
to t+2 timesteps. The model considers a lag of 24 hours, incorporating data up to t-24 for the forecasting
process. Throughout the training process, the LSTM model utilizes the 'Adam"' optimization algorithm as
optimization function and mean absolute error (MAE) as training loss function. A summary of the
parameters utilized in the proposed LSTM-based forecasting model is presented in Table 4.

Table 4: Summary of the forecasting model parameters

variables value

Number of hidden neurons 150

Epochs 1500

Recurrent connections’ activation function Sigmoid

Output activation function Hyperbolic tangent (tanh)
Optimizer Adam

Loss function of training MAE

Number of forward forecast points 2

The method employs the Root Mean Square Error (RMSE) as validation parameter to assess forecasting
accuracy. A lower RMSE indicates higher prediction accuracy, as it signifies smaller differences between
forecasts and original values. RMSE is calculated for each sequence and compared among the models being
studied. The RMSE can be computed using the formula provided below.

1 . 2
RMSE = \/;Z?=1(Y1,t - yl,t) (18)
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Before using the actual dataset, we validate our model with artificial data. Sine function is used to
generate artificial data. The function, used as the input of the LSTM model, is represented as below
(Equation 19).

y =sin (é) +6 (19)

7.5
6.5
5.5 4

4.5
0 50 100 150 200

Input Forecasted

Figure 10: Artificial Input data and output forecasted by the model.

The input function and the forecasted output is shown in Figure 10 that aims a validation of our
proposed model for the given input.

The actual dataset collected from the mine, presented in Table 3 includes both time and date
components. To prepare this data for training the model, the time and date data are consolidated into a
single timestamp format. Additionally, the values of methane concentration, temperature, and humidity
are normalized to facilitate more effective model training. It's worth noting that data is collected from
three distinct locations within the mine, and each of these three datasets is employed separately for model
training. In this process, 70% of the data is allocated for training, while the remaining 30% is reserved for

model validation.

3.5 Establishment of a Cloud-Based Monitoring and Alert System

The IIoT devices strategically positioned within the underground coal mine are equipped to measure
crucial parameters such as methane concentration, temperature, and humidity. These devices employ the
MOQTT protocol to transmit the gathered data over the internet to an MQTT broker hosted on Amazon
Web Services (AWS) cloud. An MQTT broker, (Mosquitto) has been set up on an AWS EC2 instance to
facilitate this data transfer. Our designed LSTM-based forecasting model has also deployed within AWS
EC2, operationalized using Flask, a Python-based micro-framework ideal for small-scale model
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deployment. This model is adept at predicting methane concentrations based on historical data
encompassing the past 24 hours, providing forecasts for the upcoming 2 hours.

To offer convenient real-time data visualization and access through both a mobile application and a
web-based dashboard, the Cayenne IoT cloud platform, developed by myDevices is used. This platform also
facilities MQTT for efficient data transmission. The deployed IIoT devices seamlessly relay real-time data
to Cayenne in addition to AWS. The real-time data are transmitted to the cloud every 30 seconds.
Meanwhile, for local warnings, the IIoT device captures data every second and compares it to the statutory
methane concentration limit of 1.25%. Moreover, the 2-hour methane concentration predictions generated
by the Flask-deployed model are transmitted by the MQTT broker to the Cayenne cloud, thereby enabling
monitoring through a mobile app or web-based interface. In cases where methane concentration surpasses
the statutory limit, a SMS alert is promptly dispatched to the mine manager. Furthermore, the MQTT
broker reciprocally communicates the forecasted data back to the IloT device, empowering it to issue alerts
when the forecasted values exceed the statutory limit. The buzzer issues a continuous beep for methane
levels over 1.25% and a rhythmic beep at every 5 seconds if forecasted levels exceed this threshold,
providing vigilant warnings. A visual representation of the comprehensive monitoring and warning
system is illustrated through a flowchart in figure 11.

4 Results and Discussions

The results of this study are presented and discussed in a sequential manner, highlighting various aspects
of the study.

4.1 Model Training and Evaluation

Training and testing of the LSTM model involved utilizing the dataset, which comprises underground coal
mining data collected by the specially developed IIoT device. This data originates from three specific mine
locations: the coal mining face, the outbye side of the current mining panel, and the main return airway.
The Figure 12 illustrates how the Mean Absolute Error (MAE) evolves over the course of training as a
function of the number of training epochs.

To assess the model's forecasting performance for methane concentration, it's essential to compare the
actual and predicted values. This comparison provides valuable insights into the model's predictive
capabilities. The comparison is visually depicted in Figure 13-15 for location 1-3 respectively while Figure
16 illustrated the absolute error values for location 1.

4.2 Comparative Analysis of the Proposed Model

Alongside LSTM, this training conducted on the multivariate Multilayer Perceptron (MLP), Vector
autoregression (VAR) and Auto-Regressive Integrated Moving Average (ARIMA) models. To assess and
compare these models' performance, the RMSE error is employed as a key parameter. As depicted in Figure
17-19 and Table 5, the results of this comparative evaluation highlight the superior performance of the
LSTM model, particularly in terms of the mean absolute error (MAE), mean absolute percentage error
(MAPE) and root mean square error (RMSE).
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Figure 11: Flow Chart for IIoT Based Forecasting, Monitoring and Warning System.
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Figure 12: MAE over epochs during training
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Figure 13: Graphical Comparison of Actual Methane Concentration vs. Forecasted for Location 1
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Figure 14: Graphical Comparison of Actual Methane Concentration vs. Forecasted for Location 2
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Figure 15: Graphical Comparison of Actual Methane Concentration vs. Forecasted for Location 3
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Figure 16: Absolute Error of Forecasting Methane concentration at Location 1
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Figure 18: MAPE for LSTM, MLP, VAR and ARIMA Forecasting
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Table 5: MAE, MAPE and RMSE for LSTM, MLP, VAR and ARIMA

Location 1 Location 2 Location 3

MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE
MAE (ppm)

(%) (ppm) (ppm) (%) (ppm) (ppm) (%) (ppm)
LSTM 156.95 4.23 191.53 250.30 8.07 286.82 255.89 10.15 294.31
MLP 305.45 9.23 354.54 427.21 14.48 462.60 324.46 12.40 348.54
VAR 468.48 10.78 564.25 410.47 14.76 428.26 537.65 21.05 651.54
ARIMA 245.25 8.24 298.25 323.25 11.98 357.68 302.18 11.25 335.25

It's worth noting that the dataset from the coal mining face (Location 1) exhibited the lowest error

4.3 lloT-Cloud Integration and Monitoring System

among all the scenarios tested. The overall results suggest that the LSTM model is the more accurate than
MLP, VAR and ARIMA models in predicting the variables of interest within the coal mining environment.

The study also integrated an Industrial Internet of Things (IloT) device with AWS and the Cayenne cloud
platform to enable comprehensive real-time and forecasted data monitoring. Users can access this
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monitoring through both a mobile application and a web-based dashboard, as glimpsed in Figure 20 (a) and
20 (b) respectively. This integration provides a valuable tool for enhancing safety and operational

efficiency within the coal mining operation.
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Figure 20: Snapshot of (a) Cayenne Web Dashboard, (b) Android Application Interface

The study's findings from the subsection of the results suggest that the LSTM model is effective in
predicting key variables within the coal mining environment. The integration of IIoT technology with
cloud platforms offers real-time monitoring and alerts, which can play a crucial role in ensuring the safety
and productivity of mining operations. These results hold significant implications for the mining industry,
where accurate prediction and monitoring are essential for operational success.

5 Conclusions

This study has concentrated on real-time methane monitoring and forecasting in underground coal mines,
aligning with Industry 4.0 principles. An IIoT device designed for this purpose collects training data from
underground mines, recording key parameters like methane concentration, temperature, and humidity.
Using this data, a multivariate forecasting model based on LSTM technology has been trained and later
deployed in the cloud. Field experiments have been conducted at a site operated by Eastern Coalfields
Limited in India. Once deployed, the IloT device continuously transmits real-time data to the cloud. The
model processes this data and sends back results to the device. If methane levels exceed predefined
thresholds, the device issues warnings for both real-time and forecasted concentrations. These forecasts,
together with real-time data, are made available via mobile apps and a web dashboard. The model's
accuracy has been evaluated using mean absolute error (MAE), mean absolute percentage error (MAPE),
and root mean square error (RMSE). For Location 1, our proposed LSTM based model achieved the
following results: MAE of 156.95 ppm, MAPE of 4.23%, and RMSE of 191.53 ppm. In comparison, the
Multilayer Perceptron (MLP) model had an MAE of 305.45 ppm, a MAPE of 9.23%, and an RMSE of 354.54
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ppm. The Vector Autoregression (VAR) model showed an MAE of 468.48 ppm, a MAPE of 10.78%, and an
RMSE of 564.25 ppm. The Auto-Regressive Integrated Moving Average (ARIMA) model yielded an MAE of
245.25 ppm, a MAPE of 8.24%, and an RMSE of 298.25 ppm. This comparative analysis demonstrates that
the LSTM model significantly outperforms the MLP, VAR, and ARIMA models, delivering superior
performance. Similar results are observed for Locations 2 and 3, where the developed LSTM model also

outperformed the other models. The IIoT device can be utilized in other industrial settings where there is a

risk of gas leakage. However, its current application is limited to forecasting only methane gas levels. To

ensure safety of mine environment, other safety parameters such as dust concentration, oxygen levels, and

carbon monoxide levels can also be considered. As a future research direction, a forecasting device could

be developed, incorporating these various safety parameters to enhance overall safety.
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