Z ] I l:—r A International Information and

7 Engineering Technology Association

Adaptive Gas Analyzer Based on an Intelligent Microcontroller Network Using Fuzzy Logic |

Kamal Asgarov'?, Saida Ahmadova®*®, Fuad Dadashov3¥, Namiq Huseynov?

Check for
updates

! Director of the Scientific-Production Association, National Aviation Academy, Baku AZ1002, Azerbaijan
2 Department of Aviation Security, National Aviation Academy, Baku AZ1002, Azerbaijan
3 Department of Artificial Intelligence Technology, National Aviation Academy University, Baku AZ1002, Azerbaijan

Corresponding Author Email: sahmadova@naa.edu.az

Copyright: ©2026 The authors. This article is published by IIETA and is licensed under the CC BY 4.0 license

(http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.18280/jesa.590405

ABSTRACT

Received: 5 February 2026
Revised: 10 April 2026
Accepted: 20 April 2026
Available online: 30 April 2026

Keywords:

gas analyzer, adaptive system, data fusion,
distributed sensors, fuzzy logic,
microcontroller network, monitoring

This article presents the architecture of a new-generation adaptive gas analyzer based on
an intelligent microcontroller network and fuzzy logic methods. The main objective of the
development is to improve the accuracy and reliability of gas environment monitoring
under conditions of high uncertainty, variable temperature-humidity parameters, and
operational noise. The proposed system features a distributed network of sensor nodes,
each capable of local data filtering, temperature compensation, fault detection, and self-
calibration. This decentralized approach minimizes sensor drift, enhances measurement
stability, and ensures the overall fault tolerance of the system. The central processing
module performs intelligent data fusion by integrating information from all nodes while
considering their reliability. A Mamdani-type fuzzy inference algorithm is applied to
evaluate gas hazard levels, enabling the modeling of nonlinear dependencies and decision-
making under incomplete information. Experimental results demonstrate that the
developed system provides faster response, greater robustness against false alarms, and
improved adaptability to dynamic environmental changes compared to traditional single-
controller analyzers. The proposed architecture shows strong potential for industrial
applications, environmental safety systems, and intelligent distributed measurement
networks. A detailed experimental validation is also presented, including quantitative
performance evaluation, comparative analysis, and statistical assessment of system

accuracy under varying environmental conditions.

1. INTRODUCTION

Gas environment monitoring is a key element in ensuring
industrial, environmental, and technological safety across a
wide range of facilities — from manufacturing and laboratory
spaces to warchouses, energy plants, and ventilation
distribution systems [1-3]. The accumulation of toxic,
combustible, or explosive gases poses a serious threat to
personnel health, may cause equipment damage, and can lead
to emergency situations. Therefore, continuous monitoring of
the air’s gas composition, timely detection of deviations, and
rapid system response are mandatory requirements of modern
safety standards.

Classical gas analyzers, which are based on a single
microcontroller, typically employ centralized data processing
from multiple sensors. However, this approach has significant
limitations: low noise immunity, inability to perform effective
filtering at the individual sensor level, limited scalability, high
sensitivity to temperature and humidity variations, and a lack
of fault tolerance mechanisms [4]. Furthermore, gas sensor
characteristics are affected by nonlinearity, sensitivity drift,
aging, and environmental factors, which complicates the
acquisition of reliable data under real operational conditions.

Recent trends in the development of intelligent
measurement  systems demonstrate that  distributed
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microcontroller networks provide significantly higher
measurement accuracy and reliability due to parallel signal
processing and the adaptability of each node to local
conditions [5]. In such networks, each sensor module performs
preliminary filtering, self-calibration, temperature correction,
and data reliability assessment, thereby reducing the load on
the central processor and increasing the overall robustness of
the system [6].

Under conditions of high uncertainty, nonlinear sensor
characteristics, and noise presence, traditional signal-
processing algorithms become insufficient. Consequently,
there is growing interest in the use of artificial intelligence
methods, particularly fuzzy logic, which allows expert
knowledge to be formalized, incomplete data to be accounted
for, and complex interdependencies among parameters to be
described [7, 8]. The Mamdani-type fuzzy inference algorithm
employed in the proposed system enables effective evaluation
of gas hazard levels based on diverse input parameters and
allows adaptation to dynamic environmental changes [9-11].

Thus, the development of an adaptive gas analyzer based on
an intelligent microcontroller network and fuzzy logic
represents a relevant scientific and technical task aimed at
enhancing monitoring accuracy, resistance to external
disturbances, and reliability in decision-making. Recent
developments in intelligent gas monitoring systems also
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highlight the integration of machine learning, edge computing,
and hybrid Al-fuzzy architectures for improved robustness
and adaptability in real-world environments. This study
discusses the system architecture, data-processing algorithms,
fuzzy inference model, and experimental results
demonstrating the efficiency of the proposed approach.

2. LITERATURE REVIEW

Modern research in gas environment monitoring
demonstrates a steady trend toward the transition from
traditional single-channel systems to distributed intelligent
measurement complexes [12]. Considerable attention is
devoted to improving accuracy, robustness to external
disturbances, adaptation to sensor parameter variations, and
the application of artificial intelligence methods for gas
mixture classification and interpretation [13].

Recent studies highlight that semiconductor gas sensors
(such as MQ, TGS, and Figaro series) exhibit high sensitivity
but are characterized by pronounced nonlinearity, temperature
dependence, sensitivity drift, and low selectivity toward
specific gases [14]. Research indicates that linear and
polynomial calibration methods are insufficient when
addressing multiparametric analysis involving temperature,
humidity, and operational time. Consequently, the literature
increasingly  discusses  algorithms  for  temperature
compensation, adaptive filtering, and baseline self-correction
of sensor characteristics [15].

Several authors note that distributed microcontroller
systems can significantly enhance measurement accuracy and
reliability through local data processing [5]. This approach
reduces noise influence, enables filtering at each sensor node,
and provides system scalability. The use of network protocols
such as CAN, RS-485, I2C-Hub, and LoRa facilitates the
creation of complex modular monitoring systems operating in
real time [16].

Particular attention in scientific publications is given to the
application of artificial intelligence methods for gas mixture
analysis. Studies show that artificial neural networks, support
vector machines, Bayesian classifiers, and ensemble methods
can improve sensor selectivity but require large training
datasets and complex data preprocessing stages [17, 18]. For
low-power embedded systems, fuzzy logic is considered the
most suitable approach, as it ensures interpretability of results,
high resilience to uncertainty, and the encapsulation of expert
knowledge in the form of logical rules.

Fuzzy inference methods such as Mamdani and Sugeno
have been successfully applied for assessing gas hazard levels,
interpreting multidimensional sensor data, and determining
environmental states under incomplete or conflicting
information. Several studies demonstrate that fuzzy systems
reduce false alarms, extend operational range under varying
climatic  conditions, and account for nonlinear
interdependencies between gas concentration, temperature,
and measurement reliability.

Recent studies have further explored the use of advanced
deep learning models, including convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and
hybrid architectures, for gas classification, pattern recognition,
and sensor drift compensation in complex environments.
These methods demonstrate significant improvements in
nonlinear feature extraction and adaptive learning compared to
traditional machine learning approaches. In addition,
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unsupervised learning techniques such as K-means and
DBSCAN clustering have been widely applied for multi-gas
pattern separation, anomaly detection, and feature space
optimization, particularly in high-dimensional sensor array
data. These approaches improve system adaptability and

robustness under noisy and dynamically changing
environmental conditions.
Furthermore, edge computing-based gas monitoring

systems have recently gained increasing attention due to their
ability to perform data processing directly at sensor nodes.
This reduces communication latency, minimizes bandwidth
usage, and enables real-time decision-making in distributed
architectures. Edge intelligence also enhances system
reliability by reducing dependence on centralized processing
units, making it particularly suitable for large-scale IoT-based
gas monitoring networks.

Therefore, the literature analysis confirms the relevance of
developing adaptive gas analyzers based on distributed
microcontroller networks and fuzzy logic [19]. Despite
substantial progress, most existing solutions lack an integrated
approach to data filtering, self-calibration, and intelligent risk
evaluation [20]. This defines the necessity for new
architectures that combine the advantages of distributed
processing and fuzzy inference methods to enhance the
efficiency of gas environment monitoring systems.

3. ARCHITECTURE OF THE ADAPTIVE GAS
ANALYZER

The architecture of the proposed adaptive gas analyzer is
based on the integration of a distributed microcontroller
network, a set of multiparametric sensor modules, and a
central intelligent node that performs data fusion and fuzzy
inference. The system is designed using a modular approach,
ensuring scalability, high fault tolerance, and robustness under
measurement uncertainty.

Figure 1 presents the structural and functional block
diagram of the gas analyzer, whose core utilizes the
ATmegal281-16AU-164 microcontroller. The main function
of the device is to receive data from various types of sensors,
perform subsequent signal normalization and calibration,
apply filtering, and then display the processed information on
a 1.8-inch LCD-TFT display (34 x 46 format).

[ MQ-7 ’ [ MQ-137 ]

ATmega 1281
16 AU 164

Resonator

Figure 1. General structural and functional diagram of the
gas analyzer

The system includes three different types of sensors:
1. MQ-7 gas sensor — designed for measuring carbon



monoxide (CO) concentration.

2. MQ-137 gas sensor — used to detect ammonia
(NHs) levels.

3. BMPO08S5 pressure and temperature sensor — used
to measure barometric pressure and ambient
temperature.

In addition, an LCD display is integrated into the circuit,
enabling real-time visualization of the gas analyzer’s output
data following microcontroller-based processing. The overall
architecture of the gas analyzer is structured into three
functional levels.

At the sensor level, the system comprises a set of distributed
sensor nodes, each equipped with a microcontroller and one or
more  sensing  elements, including gas  sensors
(MQ/TGS/Figaro series), as well as temperature, humidity,
pressure, and air quality sensors. Each node is responsible for
preliminary signal processing, sensor calibration, and the
assessment of data reliability, thereby ensuring the accuracy
and consistency of the measured parameters. At the
communication level, a data exchange network is established
among the sensor nodes using protocols such as RS-485, CAN,
I>’C-Hub, or LoRa. The selected network topology provides
flexibility in sensor deployment while preventing excessive
computational burden on individual nodes, thus enhancing
system scalability and robustness. At the central intelligent
module level, the system incorporates a computational unit
that performs weighting of sensor readings based on their
reliability, executes fuzzy inference algorithms to evaluate the
level of gas hazard, and generates corresponding alerts and
control actions in response to the detected conditions.

Such a division of functional tasks reduces the load on the
central processor, enables distributed data filtering, and
significantly increases the reliability of the measurement
results.

3.1 Sensor nodes: Functions and composition

Each sensor node includes the following components:

e an embedded microcontroller (STM32, ESP32, or
ATmega),

e gas sensors of various types,

e temperature and humidity sensors (SHT31/SHT41,
BME280),

e power stabilization circuitry,

e and algorithms for local data processing.

The main functions of the node include data acquisition
from integrated sensors, followed by local noise filtering
implemented through methods such as Moving Average,
Exponential Moving Average (EMA), or Kalman filtering
algorithms to enhance signal quality. The node further
performs compensation for temperature and humidity
variations to ensure measurement accuracy under changing
environmental conditions. In addition, sensor health
diagnostics are conducted through the calculation of a Health
Index, allowing continuous assessment of sensor performance
and reliability. Based on the processed and compensated
signals, primary gas concentration values are computed.
Finally, the node ensures the transmission of both
measurement data and associated diagnostic metrics to the
central module for further analysis and decision-making.

Each node operates autonomously and is capable of
adapting to local conditions such as temperature fluctuations,
humidity changes, and sensor sensitivity drift. Figure 2
illustrates principal circuit diagram of the analyzer.

3.2 Communication level

The communication level is implemented using one of the
following protocols:
e RS-485 — for wired systems with high noise
immunity,
e CAN — for distributed industrial networks,
e I*C-Hub — for compact local networks,
e LoRa — when long-range wireless communication
is required.
The network supports:
e automatic reconnection in case of communication
failures,
e node identification,
e  detection of “silent” sensor modules,
e hot-plugging and disconnection of nodes.
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Figure 2. Principal circuit diagram of the gas analyzer
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The proposed system supports scalable deployment of up to
2040 sensor nodes without modification of the core
architecture. Communication latency remains within
acceptable limits under RS-485 and CAN protocols due to
efficient packet scheduling and lightweight data structures,
while LoRa is suitable for long-range, low-power applications
in distributed environments. Node failure is handled using
heartbeat monitoring, automatic reconnection mechanisms,
and dynamic node reinitialization, ensuring continuous system
operation even under partial network failures.

3.3 Central intelligent module

The central module serves as the core of the system and
performs the following functions:
1. Collection of data from all sensor nodes.
2. Correction of values considering node characteristics
and operational status.
3. Fusion-based data consolidation with
weighting.
4. Fuzzy inference of the gas hazard level.
5. Generation of control commands, including:
o activation of ventilation systems,
o triggering of alarm signals,
o event log recording.

adaptive

3.4 System adaptability

The system demonstrates adaptability through:
e local adjustment of filtering parameters,
e automatic baseline correction,
o redistribution of weighting coefficients among nodes,
e sensor reactivation in case of signal degradation,
e adaptation of fuzzy inference rules under changing
environmental conditions.

Thus, the architecture combines the advantages of
distributed data processing and intelligent centralized analysis,
ensuring high accuracy and robustness in gas environment
monitoring.

4. MATHEMATICAL SUPPORT OF FUZZY EXPERT
SYSTEMS

The development of an adaptive gas analyzer requires the
construction of formalized mathematical models that take into
account the characteristics of gas sensors, the influence of
environmental parameters, and the implementation of
computational algorithms providing filtering, compensation,
and intelligent data interpretation. This section presents the
main elements of the mathematical description of sensor
nodes, preprocessing methods, and data integration algorithms
used in the central module. The use of fuzzy logic in the
adaptive gas analyzer is motivated by the need to process
multidimensional uncertainty, nonlinear dependencies, and
complex interrelations among sensor-environment
parameters. Unlike traditional threshold-based algorithms,
fuzzy systems enable the incorporation of expert rules,
assessment of risk degrees, and decision-making under
partially contradictory data. This section describes the
structure of the fuzzy system, types of membership functions,
rule base, and the Mamdani fuzzy inference algorithm
employed in the central module.

The fuzzy subsystem of the gas analyzer includes the
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following components:
1. Fuzzification block — converts crisp input data into
corresponding membership function values.
2. Knowledge (rule) base — a set of expert linguistic
rules of the form IF-THEN.
3. Fuzzy inference mechanism — applies the rules and
aggregates the resulting fuzzy outputs.
4. Defuzzification block — converts the fuzzy result
into a crisp value representing the gas hazard level.
The fuzzy system accepts several input parameters: carbon
monoxide (CO) concentration, ammonia (NHs) concentration,
temperature (T), humidity (H), and Health Index (HI). These
parameters are selected to ensure comprehensive
representation of both gas concentration levels and
environmental conditions affecting sensor performance. The
Health Index (HI) represents a composite indicator of sensor
reliability and operational stability. It is calculated based on
signal variance, long-term drift estimation, response stability,
and diagnostic feedback from individual sensor nodes. The HI
parameter is used to dynamically adjust the influence (weight)
of each sensor in the fuzzy inference process, thereby
improving robustness against sensor aging and degradation.
The output of the system is the computed gas hazard level.

4.1 Membership functions of linguistic variables

Triangular and trapezoidal membership functions are used
for the input variables as shown in Figure 3. These functions
provide a balance between computational simplicity and
sufficient accuracy for modeling the nonlinear behavior of
sensor data under varying environmental conditions. The
fuzzy algorithm of illustrated in Figure 4.

Fuzzy Membership Functions for MQ-137 Sensor (NH3 Concentration)

0.8

Membership degree

Fuzzy Membership Functions for BMPO85 Sensor (Barometric Pressure)

—— Low pressure
Normal pressure
—— High pressure

Membership degree

0.0

980

1000
Pressure (hPa)

1020 1040



Fuzzy Membership Functions for Output Variable Y (Danger Level)

—— Low danger
Medium danger
—— High danger

MemBership degree

] 2 4 6 L] 10
Danger level (0 = safe, 10 = extremely dangerous)

Figure 3. Membership functions of input and output
linguistic variables (updated according to revised input
variables: CO, NHs, T, H, HI)

¥

Rule base

Figure 4. Structural and functional diagram of the fuzzy
expert system

4.2 Structure of the fuzzy rule base

The knowledge base consists of a set of expert rules of the
form:
IF <conditions> THEN <consequence>.
Below is a fragment of a possible rule set (10+ rules):
1. IF CO is Low AND HI is Good THEN Danger is Safe.
2. IF CO is Medium AND HI is Good THEN Danger is
Warning.
3.1F CO is High AND HI is Good THEN Danger is Danger.
4. IF CO is Critical THEN Danger is Emergency.
5. IF CO is Medium AND T is High THEN Danger is
Danger.
6. IF CO is Low AND T is High THEN Danger is Warning.
7. 1F HI is Poor THEN Danger is Warning.
8. IF HI is Poor AND CO is High THEN Danger is
Emergency.
9. IF H is High AND CO is Medium THEN Danger is
Warning.
10. IF H is High AND CO is High THEN Danger is Danger.
Such a rule base allows for accounting of:
¢ nonlinear interactions between parameters,
e ambient temperature and humidity,
e the operational state of sensor nodes,
e the dynamics of gas concentration changes.

5. RESULTS AND DISCUSSION

Experimental evaluation of the proposed adaptive gas
analyzer was conducted under controlled laboratory
conditions. The system was tested under varying gas
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concentration levels, temperature ranges (0—-50 °C), and
relative humidity conditions (20-90%) in order to evaluate its
robustness and adaptability to environmental changes.

Gas concentration values were generated using calibrated
reference gas mixtures within controlled laboratory conditions
to ensure repeatability and measurement consistency.

The results demonstrate that the proposed distributed
microcontroller-based architecture significantly improves
measurement performance compared to conventional
centralized gas monitoring systems. In particular, the average
measurement error was reduced by approximately 2.5-3 times
due to local preprocessing, filtering, and adaptive data fusion
mechanisms.

The system also showed fast response characteristics.
Hazardous gas concentration levels were detected within 3—7
seconds, depending on gas type, concentration intensity, and
environmental conditions. This rapid response is primarily
attributed to distributed sensor processing and reduced
communication latency between sensor nodes and the central
module.

The fuzzy inference system demonstrated high
classification performance, achieving approximately 97% =+ 2
accuracy across multiple experimental trials. The fuzzy model
effectively handled uncertainty in sensor readings and
environmental variations, enabling reliable gas hazard level
estimation.

Comparative analysis with conventional centralized
systems confirmed the superiority of the proposed approach in
terms of stability, noise immunity, and adaptability under
dynamic environmental conditions.

Table 1. Comparative performance analysis of gas
monitoring systems

Error Response Accuracy
Method Level Time (%)
Conventional High 10-20's 825425
System
Low
— +
Proposed System (reduced) 3-7s 97+2

The results presented in Table 1 clearly demonstrate the
superiority of the proposed distributed architecture in terms of
accuracy, response time, and measurement stability compared
to conventional gas monitoring systems.

6. CONCLUSION

In this work, a new-generation adaptive gas analyzer based
on an intelligent microcontroller network and fuzzy logic
methods was developed and investigated. The main novelty of
this work lies in the integration of node-level Health Index-
based adaptive weighting with a Mamdani fuzzy inference
system in a fully distributed microcontroller network
architecture. Analysis of existing solutions revealed that
traditional single-controller gas analyzers do not fully meet
modern requirements for accuracy, fault tolerance, and
adaptability, especially under conditions of high uncertainty,
nonlinear sensor characteristics, and external environmental
influences. The proposed architecture provides distributed
preprocessing at the sensor node level and intelligent analysis
in the central module. Implementation of local filtering,
temperature compensation, sensor health diagnostics, and
adaptive weight redistribution significantly increased



measurement reliability and reduced the impact of sensor
aging. The use of data fusion algorithms and Mamdani fuzzy
inference allowed for effective interpretation of
multidimensional data, consideration of expert dependencies,
and generation of justified gas hazard assessments.
Experimental results confirm the high accuracy and robustness
of the proposed system. The average error in gas concentration
measurements decreased by more than 2.5-3 times compared
to traditional methods, while hazardous concentrations were
detected within 3—7 seconds. The fuzzy module correctly
classified risk levels in 97% of cases, demonstrating the
efficiency of the chosen model. These results indicate the
potential of the developed gas analyzer for applications in
industrial safety systems, air quality monitoring, intelligent
distributed networks, and automated early leak detection
systems. The high scalability of the architecture allows
adaptation for a wide range of facilities—from laboratories
and production areas to transport hubs and critical
infrastructure.

6.1 Practical recommendations for implementation

The placement of sensor nodes should be carried out in
areas with a high probability of gas accumulation, including
the lower sections of enclosed spaces and within ventilation
ducts, ensuring effective detection coverage; an optimal
configuration typically involves the deployment of 610 nodes
per 100 m2. Calibration and maintenance procedures require
that initial calibration be performed under controlled
conditions using certified reference gases, while periodic
sensitivity verification is recommended at intervals of 3—-6
months to maintain measurement accuracy and system
reliability. With respect to network protocols, industrial
applications generally favor the use of RS-485 (Modbus RTU)
or CAN due to their robustness and reliability, whereas
distributed or large-scale facilities benefit from integration
with Lo Ra WAN to enable long-range and energy-efficient

communication. Integration with automated systems is
achieved through the central module, which can interface with
SCADA systems, IoT platforms, and fire safety
infrastructures, supporting standard communication protocols
such as MQTT, Modbus TCP, and CAN Open for seamless
data exchange and control. The implementation of fuzzy logic
rules allows for dynamic expansion of the rule base in
accordance with the specific operational requirements of the
facility, and it is recommended that linguistic variables and
membership functions be adapted based on statistical analysis
of real measurement data to improve decision accuracy.
Furthermore, the system demonstrates high scalability, as
expansion to 2040 sensor nodes can be achieved without
modification of the core architecture, while enabling the
transmission of aggregated data from all nodes to cloud-based
monitoring systems for centralized analysis and remote access.

6.2 General conclusion

The developed system represents a modern, intelligent, and
highly adaptive solution for gas environment monitoring, as
shown in Figure 5. Its advantages include:

¢  high measurement accuracy,

e  resistance to external interference and sensor drift,
e extended diagnostic capabilities,

e intelligent data analysis and risk assessment,

e case of scalability and integration.

This makes the system an effective tool for various
industrial sectors and provides a reliable foundation for the
development of distributed gas analysis networks of the future.
Despite these promising results, the system has certain
limitations, including a lack of long-term industrial field
validation and potential performance degradation due to
sensor aging and battery constraints in wireless nodes. Future
work will focus on real-world industrial deployment, energy
optimization, and adaptive fuzzy rule updating mechanisms.

GAS ANALYZER — SOFTWARE BLOCK DIAGRAM
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Figure 5. Algorithmic and software framework of the gas analyzer
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