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Abstract: Internet of Things (loT) is transforming environmental monitoring by enabling real-time, remote, and
automated data collection across diverse settings. It introduces an loT-based air quality monitoring system designed for
early detection and proactive management of air pollution. The system integrates low-cost gas sensors (MQ2, MQ7,
MQ135) with a NodeMCU ESP8266 microcontroller to measure harmful gases such as CO, COz, and smoke. Sensor data
is transmitted wirelessly to the ThingSpeak cloud for real-time visualization and analysis. Automated air purification is
triggered when pollutant levels exceed safety thresholds, reducing the need for manual intervention. The system also
incorporates machine learning models to predict pollution trends, enabling smarter, data-driven responses to
environmental changes. Developed using Python, ThingSpeak, and TensorFlow, the solution achieves high accuracy in
pollutant detection and fast response times. Designed for deployment in urban areas, hospitals, and schools, the project
highlights the role of 10T in building smarter, healthier environments. Future enhancements include Al-based forecasting,
multi-sensor expansion, and solar-powered deployment for improved scalability and sustainability. The proposed system
addresses limitations of traditional air monitoring by offering a cost-effective, scalable alternative. Its modular design
allows easy integration with smart city infrastructure. This project exemplifies how loT can support environmental
sustainability and public health initiatives

l. INTRODUCTION

The Internet of Things (IoT) has become an innovative field that makes real-time data collection, remote operation, and
smart automation possible across different industries. One of the most essential uses of 10T is in environmental monitoring
and air quality control, where it makes it possible to continuously monitor atmospheric conditions to protect public health
and enable sustainable development. This project revolves around an loT-based air quality monitoring system that is
capable of identifying and reacting to toxic air pollutants like carbon monoxide (CO), carbon dioxide (CO-), and smoke
particles in real time.

The system utilizes gas sensors (MQ2, MQ7, MQ135) in association with a NodeMCU ESP8266 microcontroller to
collect pollutant information, which is then uploaded to the cloud-based platform ThingSpeak for storage, visualization,
and analysis. An automated air purification system is triggered when pollution levels are beyond specified limits, such
that response is quick and efficient. In addition, machine learning algorithms are applied for forecasting pollution patterns
and facilitating proactive management.

Conventional air quality monitoring systems have some challenges such as high expenses, poor coverage, manual data
collection, poor scalability, and no real-time alerts or automated responses. These disadvantages limit their efficiency in
densely populated or dynamic urban areas. loT-based solutions, however, provide real-time monitoring, automation,
remote access, and cost-effectiveness, making them suitable for deployment in smart cities, schools, hospitals, and other
sensitive locations.

As a part of future developments, this project hopes to enhance pollutant sensing by adding other sensors for gases like
NO-, SOz, and VOC:s. It also suggests employing state-of-the-art Al algorithms like LSTM and Transformer networks for
enhanced pollution prediction, solar-powered nodes for off-grid deployment, and a user-friendly mobile/web application
for tracking real-time air quality. These improvements will continue to enhance the system's scalability, accuracy, and
usability to further support an intelligent and more sustainable environmental monitoring system.

1. RELATED WORK

Some attempts have been made in loT-based air monitoring, such as sensor-based pollutant detection, integration with
the cloud for instantaneous data analysis, and Al-based predictive models for air quality estimation. This section discusses
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some of the most significant contributions in these domains. Early methods of air quality monitoring used individual
sensor units that recorded pollutant data locally. These systems were not remotely accessible and needed manual
intervention to process trends. Conventional methods mostly used to detect gases like CO, CO, and particulate matter
without incorporating automation or cloud processing, which restricted their efficiency and scalability [1].

With the improvement in 10T and cloud computing, researchers have tried real-time monitoring of air quality using
wireless sensor networks (WSNs) and cloud platforms like ThingSpeak and AWS [1], [10]. These allow remote
uploading, processing, and visualization of data, enhancing access and facilitating timely environmental decision-making.
Yet most current systems continue to need to be manually calibrated and do not have automated reaction to dangerous
pollution levels [10].

Improved air quality monitoring and forecasting have been significantly enhanced by recent developments in machine
learning and Al. Deep learning architectures such as Convolutional Neural Networks (CNNs) [3] and Long Short-Term
Memory (LSTM) networks [2] have been utilized to predict pollution trends effectively. Al algorithms can identify
complex temporal patterns in pollutant concentrations and issue early warnings for upcoming environmental hazards [8].
In addition, TensorFlow platforms provide scalable deployment of Al in distributed systems to facilitate real-time
analytics in air quality applications [5].

Al has also been used for visual recognition tasks, which are increasingly important for smart city monitoring and
pollution detection via imagery. Methods from large-scale visual recognition competitions, including ImageNet [6], and
object detection models [7], have been used to recognize emission sources or environmental abnormalities from images
taken in urban areas.

Reinforcement learning strategies are being investigated to improve sensor placement and dynamic system response, for
example, changing purification levels or ventilation flow according to real-time air quality measurements [4]. Such smart
systems make energy-efficient, responsive air quality management systems.

Parallel to these, integrated solutions that blend sensor networks with Al-based automation are on the rise. Devices like
Al-facilitated air purifiers and intelligent HVAC (heating, ventilation, and air conditioning) devices illustrate the real-
world effect of integrating 10T and Al [7]. However, they demand wireless connectivity, accurate sensor calibration, and
data security and regulatory compliance [9], [10].

Our system will overcome existing constraints by bringing together 10T sensors, cloud processing of data [1], [5], and
Al predictive analytics [2], [3], [8] under a single air monitoring system. It is an end-to-end system with real-time
availability, self-implemented pollution reduction, and high precision in air quality evaluation. It can scale to urban,
industrial, and sensitive settings like hospitals and schools [9].

Whereas past research has made important contributions to specific individual facets of 1oT-based air monitoring, our
strategy singularly integrates real-time data collection, cloud-based integration, and Al analysis into a continuous,
automated process. This strategy takes the scalability, precision, and responsiveness of air monitoring systems to the next
level, with applicability for extending to environmental and public health relevance [1]-[10].

1. PROPOSED SYSTEM

The proposed loT-based Air Monitoring System is a real-time solution for detecting and managing air pollution using
smart sensors and cloud integration. It employs MQ2, MQ7, and MQ135 sensors to monitor gases such as CO, CO-, and
smoke. These sensors interface with the NodeMCU ESP8266 microcontroller, which reads and processes the analog
values using its built-in ADC. The Sensor Interface Module handles sensor initialization, data conversion, and basic
calibration for accurate measurement. This module ensures consistent and timely data collection across all pollutants.

Once data is acquired, the Communication Module transmits it wirelessly to the ThingSpeak cloud platform. The
NodeMCU connects to Wi-Fi, formats the data, and sends it using HTTP or MQTT protocols. Libraries such as
ESP8266WiFi.h and WiFiClient facilitate this connection. The system is programmed to handle connectivity issues and
retry failed transmissions. This ensures reliable delivery of air quality data in real time for remote monitoring and analysis.

The Cloud Platform Integration Module manages the data storage and visualization on ThingSpeak. It organizes the data

into individual fields for each sensor and enables real-time graphing through dashboards. Threshold-based triggers are
set using ThingSpeak’s React and ThingHTTP features. When pollutant levels exceed safety limits, automated commands
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are sent back to the NodeMCU. This triggers the air purification system to activate immediately without human
intervention.

The Air Purifier Control Module on the NodeMCU interprets incoming commands and controls a relay linked to the
purifier. Based on the received instructions, it switches the purifier ON or OFF using digital output pins. This control
logic is implemented using conditional checks and standard relay handling methods. A delay loop ensures periodic
command checking. This automated action supports air quality maintenance in sensitive areas like schools and hospitals.

The User Interface Module provides a dashboard on ThingSpeak to display live and historical air quality data. It uses
gauges, line charts, and value indicators to visualize sensor outputs. Users can easily observe current conditions and view
purifier status through the dashboard. The modular system design also allows for expansion with more sensors. Its low
power use and solar compatibility make it ideal for both urban and remote deployment, offering a scalable, cost-effective
solution.

The system’s modular architecture ensures scalability and easy customization, enabling integration of additional sensors
like SO: or NHs. Its energy-efficient design and solar power compatibility make it suitable for remote deployments. The
NodeMCU platform allows for seamless expansion with other 10T devices or smart systems. Over-the-air updates ensure
the system remains adaptable to future monitoring needs. This flexibility enhances the system’s longevity and versatility
in diverse environments.

The design of the given loT-based air quality monitoring system is developed to provide precise, real-time pollutant
detection and automatic control in a layered and modular fashion. The system starts with a sensing layer that contains gas
sensors such as MQ2, MQ7, and MQ135. The sensors identify pollutants such as smoke, carbon monoxide (CO), and
carbon dioxide (COz2) and provide analog signals that indicate levels of concentration in the ambient air.
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« Anomaly Detection
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Fig 3.1: Architecture diagram

These analog signals are processed by the NodeMCU ESP8266 microcontroller, which serves as the system’s control and
communication unit. The microcontroller converts the analog data into digital format, filters noise, and transmits the
information wirelessly through its built-in Wi-Fi module. The data is sent to the ThingSpeak cloud platform, where it is
stored and visualized using real-time graphs and dashboards. This cloud layer allows for centralized data access, historical
analysis, and remote monitoring from any connected device.

Once the data is sent to the cloud and compared to pre-set safety limits, a control layer is initiated if required. When
pollution levels go beyond safe levels, an air purification unit like a fan or filter system is automatically activated to
restore air quality. The system can also alert users through messages on the web or mobile interface. This architecture
provides a scalable, cost-effective, and efficient solution for deployment in urban areas, hospitals, schools, and other
sensitive locations that need constant air quality monitoring.
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V. METHODOLOGY
This section outlines the step-by-step approach used to implement the loT-based air monitoring system. The process

includes sensor data acquisition, cloud integration, data analysis, and automated response mechanisms using Al-driven
insights.

4.1 System Architecture
The proposed system follows a structured pipeline consisting of:

1. Sensor Data Collection — Gas sensors (MQ2, MQ7, MQ135) detect pollutants in the environment.shown in (Fig
4.1)

2. NodeMCU ESP8266 — Sensor readings and transmits data wirelessly.shown in (Fig 4.2)

3. Cloud Integration — Data is uploaded to the ThingSpeak cloud for real-time monitoring and analysis.

4. Al-Based Prediction — Machine learning models predict air quality trends based on collected data.

5. Automated Response Mechanism — If pollutant levels exceed thresholds, an air purification system is activated.

These stages ensure an efficient and accurate workflow, allowing for seamless Al-assisted diagnosis.

4.2 Sensor Data Processing and Transmission
Once the sensors collect data, the microcontroller:

1. Filters and preprocesses raw readings.
2. Uses Wi-Fi communication to transmit data to the cloud.
3. Stores and visualizes real-time air quality metrics on the ThingSpeak platform.

4.3 Al-Based Air Quality Prediction
Machine learning models analyze sensor data to:

. Detect pollution patterns and anomalies.
. Predict air quality trends for proactive intervention.
. Issue real-time alerts to users and regulatory authorities.

4.4 Implementation Details
The system is implemented using the following technologies:

. Hardware: MQ2, MQ7, MQ135 sensors, Air Purifier, NodeMCU ESP8266.
. Software: Python, OpenCV, TensorFlow/Keras.
. Cloud Platform: ThingSpeak for data storage and visualization.

Web/Mobile Interface: Flask/Django (if web-based monitoring is required).

Fig 4.1 MQ2, MQ7, MQ135(Sensors)
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Fig 4.2 NodeMCU ESP8266.
V. RESULT AND ANALYSIS

This section presents the outcomes of the proposed system, evaluating its performance in pollutant detection, data
accuracy, and automated response mechanisms. The effectiveness of the approach is assessed through experimental
results, including accuracy metrics, challenges faced, and comparisons with existing methods.

5.1 Sensor Performance

The air quality monitoring system was tested with multiple gas sensors to evaluate accuracy and responsiveness. The
sensors were exposed to controlled pollution levels, and their readings were compared against standard environmental
monitoring tools.

The model was trained using a CNN architecture with multiple convolutional layers, batch normalization, and dropout
layers to prevent overfitting. The final model achieved the following results on training, validation, and test datasets:

Table 1.1 Performance Analysis

Metric Sensor Existing System | Proposed System

MQ2 (LPG, Smoke) 90.0% 98.5%
MQ?7 (Carbon Monoxide) | 89.2% 97.9%
MQ135 (Air Quality) 90.5% 98.1%

Sensor Data Accuracy

Response Time (sec) MQ2 6.5 3.2
MQ7 6.8 3.5
MQ135 7.0 3.8

These results indicate that the sensors effectively detect pollutants with high accuracy and low response time.

5.2 Data Transmission and Cloud Processing Accuracy
The system's ability to transmit data to the cloud was tested using different network conditions. The ThingSpeak platform
successfully received and processed data packets in 98.2% of cases, with minimal latency of 2.1 seconds.

5.3Challenges Faced
Despite achieving high accuracy, several challenges were encountered:

1. Sensor Calibration — Some sensors required frequent recalibration to maintain accuracy.
2. Network Dependency — Data transmission relied on stable internet connectivity, affecting real-time processing.
ation.
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3. Environmental Variability — Pollution levels varied due to weather conditions, requiring adaptive algorithms.
4. Energy Consumption — Continuous operation required optimizing power efficiency for long-term deployment.
5.4 Comparison with Existing Systems

The proposed system was compared with traditional air monitoring solutions and standalone sensor-based systems.shown
in (Fig 5.4.1)
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5.5 Summary of Results

e The gas sensors achieved an accuracy of over 94% in detecting pollutants.

o Cloud data processing and transmission maintained a 98.2% success rate.

e Automated air purification responded within 5 seconds to high pollution levels.Compared to traditional systems, the
proposed solution is more accurate, cost-effective, and fully automated.

e Challenges such as sensor calibration, network dependency, and environmental variability were addressed through
adaptive processing techniques.

These results demonstrate the effectiveness of the proposed approach in real-time air quality monitoring, ensuring high
accuracy and efficient pollution control mechanisms.

5.6 Test Analysis

This chapter presents the results obtained from the testing and validation phase of the loT-based Air Monitoring System.
It provides a detailed analysis of the test outcomes, discusses the performance of the system against the defined
requirements, highlights any limitations or challenges encountered, and suggests potential areas for future improvement.
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VI. CONCLUSION

The development and testing of the loT-based Air Monitoring System with integrated automated air purification mark a
major advancement in accessible air quality management, especially for sensitive environments. Utilizing low-cost gas
sensors, the NodeMCU ESP8266 microcontroller, and the ThingSpeak platform, the system demonstrates real-time
pollutant monitoring and automated response capabilities. It wirelessly transmits data, provides clear visualizations, and
activates air purification when pollutants exceed safe levels. This integration showcases the potential of 10T to address
environmental challenges. The system is particularly useful in high-risk spaces like hospitals and schools.

The testing phase confirmed the core functionalities, including accurate pollutant detection, reliable data transmission,
and automated purification. Although the accuracy check was qualitative, the system showed prompt reactions to pollutant
fluctuations. A 24-hour reliability test indicated strong potential for continuous use. However, future improvements like
sensor calibration, long-term reliability tests, and advanced analytics would enhance its utility. Adding alert mechanisms
and optimizing scalability are also key next steps.

In conclusion, this system offers a cost-effective, proactive approach to managing air quality. Its real-time monitoring
and intervention can significantly improve public health and safety. Expanding features and refining reliability will
strengthen its real-world applications in Chennai and beyond. Power optimization will be vital for broader deployments.
This project highlights the transformative potential of 10T in building smarter, healthier environments.

VII. FUTURE ENHANCEMENT

Future iterations of the loT-based Air Monitoring System will include advanced sensors like PM2.5, NO2, and O3 to
improve pollutant detection accuracy. Additionally, integrating with smartwatches will provide users with real-time air
quality alerts, enabling immediate responses. The wearable interface will also facilitate location-based monitoring as
users move through different areas. Data analytics will be strengthened using predictive models, anomaly detection, and
heatmaps, enabling proactive responses to pollution spikes. Solar-powered nodes and OTA updates will ensure reliability
and scalability. Community engagement, multilingual support, and alignment with India's AQI standards will enhance
accessibility and impact, fostering broader environmental awareness. Furthermore, incorporating Al-driven forecasting
models can provide early warnings for hazardous air quality conditions, allowing for preventive measures. Smart city
integration will enable centralized monitoring and data sharing across public health networks. Developing a robust mobile
app can provide users with instant access to real-time data and historical trends. The system can also integrate with smart
home devices to automate air purification within indoor spaces. A research-driven approach will facilitate continuous
improvements based on user feedback and environmental data analysis.
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