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Abstract—Air pollution monitoring systems are essential for
evaluating rural and industrial environmental quality for safe-
guarding public health. This study presents a comprehensive
IoT-based framework that uses low-cost sensors and machine
learning algorithms for real-time monitoring of various pol-
lutants, including LPG, methane, CO, alcohol, PM2.5, PM10,
temperature, and humidity. The system gathers sensor data from
a gateway node, which is then processed using Support Vector
Machines (SVM) and Random Forest Regression (RFR) models
to predict pollutant concentrations. Our approach features in-
novative methodologies for data validation, anomaly detection,
and predictive modeling, employing Root Mean Squared Error
(RMSE) as the performance metric. The model achieved a
remarkably low RMSE value of 0.022, significantly improving the
accuracy and reliability of air quality assessments. Experimental
results highlight the system’s capability to capture complex
environmental patterns and predict pollutant levels with high
precision. This research intends air pollution monitoring from
cost-effective Internet of Things (IoT) solutions and machine
learning techniques. Additionally, the user interface is designed
for mobile applications, offering real-time data access, alerts,
and notifications, thereby enabling personalized environmental
health management and targeted pollution control strategies in
industrial areas.

Index Terms—Air pollution monitoring, IoT, Low-cost sensors,
Machine learning, Pollutant prediction, Remote monitoring.

I. INTRODUCTION

TODAY, air pollution is one of the most pressing environ-

mental challenges. It has a significant impact on public

health and the ecosystem. The World Health Organization

(WHO) estimates that millions of premature deaths each year

are linked to exposure to polluted air. This problem becomes

worse due to rapid urbanization, industrial activities, and

increased vehicle emissions. Information and communications

technology (ICT) also contributes to carbon dioxide emissions

[1]. These factors highlight the need for effective air quality

monitoring and mitigation strategies to reduce health risks

and protect the environment. The increasing demand for the

Internet of Things (IoT) leads to the growth of connected

devices across the world. This growth contributes to air

pollution through carbon emissions [2]. In addition, air quality

monitoring is essential for greenhouses to promote sustainable

agriculture [3]. For these reasons, adopting a sustainable IoT

architecture becomes essential [4]. Fig. 1 shows the require-

ment of an IoT-enabled air pollution monitoring system.

Although traditional air quality monitoring systems are

quite effective, they are often expensive and limited in scope.

They face problems in providing real-time local pollution data

in a variety of environments. Centralized systems generally

lack the scalability and responsiveness required to adapt to

fluctuating pollution levels in urban and industrial areas.

Additionally, they fail to effectively engage users, which limits

their ability to raise public awareness and drive action. To ad-
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Fig. 1: IoT-enabled air pollution monitoring system

dress these gaps, this paper presents iClean (intelligent clean-

air framework), an industrial IoT system for automatic and

sustainable air quality monitoring. The framework integrates

low-cost multi-sensors with a Raspberry Pi gateway to acquire

PM2.5/PM10, gases (LPG, methane, CO, alcohol), tempera-

ture, and humidity, and transmits data to the cloud for storage

and visualization. Machine learning models—Support Vector

Machines (SVM) and Random Forest Regression (RFR)—are

applied to infer pollutant concentrations from historical and

real-time streams. A lightweight mobile application provides

real-time visualization and alerts, while a soldered ADC/PCB

interface and ThingSpeak support ensure reliable operation.

Designed with sustainability in mind, iClean uses low-power

sensing, fixed-interval telemetry, and durable hardware to

minimize energy use and reduce hardware waste, aligning with

the principles of the American Council for an Energy-Efficient

Economy (ACEEE) [5]. Thus, iClean delivers accurate, real-

time monitoring while supporting energy-conscious, long-term

deployment in industrial and urban contexts. Beyond real-time

air quality monitoring, the framework supports sustainable

technology practices through energy-conscious design and

long-term operational viability.

This paper is organized as follows: Section II summarizes
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prior research and highlights the main contributions of this

work, Section III discusses the proposed system architecture,

Section IV details prototype development, Section V presents

the results and discussion, and Section VI concludes with a

summary of the findings.

II. BACKGROUND AND KEY CONTRIBUTIONS

A. Related Research Work

Several monitoring techniques are recommended and used

to measure air quality. These methods vary in complexity,

ranging from low-cost sensors to advanced machine learning

models. Real-time data collection and spatial distribution es-

timation are key features in modern systems. Pollution moni-

toring in smart cities often integrates IoT sensors, AI, and big

data analytics to track air quality in real time. Survey studies

on IoT-based smart-city systems also outline deployment chal-

lenges and opportunities that parallel those found in pollution

monitoring applications. The strengths and weaknesses of IoT-

enabled waste management models, including their capacity to

monitor pollution levels through IoT devices, are discussed in

the survey by Anagnostopoulos et al. [20]

1) IoT-Based Air Quality Monitoring Systems: Numerous

approaches for monitoring air quality are introduced and

implemented, varying from affordable sensor-based systems

to sophisticated machine learning models. The 3M’Air project

(Mobile Citizen Measurements and Modeling: Air Quality

and Urban Heat Islands), as implemented in Fekih et al.’s

research [6], involves the use of inexpensive sensors carried by

citizens to raise local awareness of temperature and air quality.

Similarly, research integrating IoT technologies for real-time

monitoring is explored in various studies. For example, a

low-cost pollution monitoring tool is featured in the work

of Becnel et al. [9], where 50 air quality monitoring nodes

are deployed by volunteers within a wireless network, easing

maintenance but raising security concerns. Shaban et al. [7]

describe a technique for tracking and forecasting urban air

pollution using inexpensive, multi-sensor systems that com-

municate wirelessly, while Al-Ali et al. [8] develop a mobile

data acquisition unit and a stationary pollution server for air

pollution monitoring, though their system does not include

data analysis for prediction or visualization.
2) Low-Cost Sensor Solutions: Research on low-cost sensor

nodes gains significant attention. In the research by Ali et al.

[10], a unique, low-cost sensor node is presented, featuring

PCB-mounted electrochemical sensors capable of short-range,

high data rate communication over Wi-Fi and long-range, low-

power communication over LoRaWAN IoT networks. A low-

cost particulate matter monitoring system, as described by

Montrucchio et al. [11], is employed using special-purpose

acquisition boards on both stationary and mobile platforms.

Although this system is effective on a small scale, maintenance

challenges arise for larger implementations. Another study

[12] introduces a low-cost, portable air pollution monitoring

prototype that features an on-board PM sensor and commercial

sensors. A low-cost participatory urban air pollution monitor-

ing system is developed and evaluated in [13], achieving high-

resolution pollution surfaces via mobile applications and cloud

services, allowing users to measure their monthly pollution

exposure.

3) Machine Learning for Pollution Prediction: Machine

learning is increasingly integrated into pollution monitoring

systems for accurate prediction. Zhang et al. [14] employ both

permanent and mobile IoT sensors mounted on vehicles to map

air quality fluctuations, with machine learning models being

used for accurate measurement and prediction. In the research

by Han et al. [15], an improved long short-term memory

(LSTM) model is applied for urban air pollution prediction.

Nevertheless, high accuracy proves difficult to achieve due to

varying topographic and meteorological conditions.

4) Hybrid Approaches for Smart City Pollution Monitoring:

This part focuses on research that combines IoT, AI, and big

data to monitor pollution in smart cities. In air quality moni-

toring, a batteryless indoor air quality monitoring device [16]

and a solar-powered LoRa-based air quality monitoring device

[17] are included. A time-series-based prediction model for

Greenhouse Gas (GHG) emissions in smart homes, utilizing

LSTM, is designed by Riekstin et al. [18]. The research by

Dey et al. [19] introduces a green predictive model (GAP)

using a customized big dataset from weather research to

forecast winter air quality index (AQI) levels in the Indian

subcontinent.

From the survey of related works summarized in Table I,

several research gaps are identified. Many existing systems

focus on either low-cost sensor deployments or IoT-based

frameworks, but not a holistic combination of both. Further-

more, while some research employ machine learning, they

are often limited to narrow datasets or specific pollutants,

lacking generalization to multiple gases and particulate matter

simultaneously. Scalability and integration with mobile appli-

cations are also underexplored in prior works, limiting user

accessibility and real-time awareness. These gaps motivate the

proposed iClean framework, which integrates low-cost sensors,

IoT connectivity, and machine learning with a real-time user

interface.

B. Issues in the Existing Works and Proposed Solution

Although existing literature report in advance air quality

monitoring, many focus on isolated aspects such as low-cost

sensing, IoT, or machine learning without offering a complete

framework. Challenges like generalization, scalability, and

user accessibility to be address comprehensively. To address

these gaps, the proposed iClean framework integrates low-

cost sensors, IoT connectivity, machine learning, and a real-

time mobile interface. The key problems and corresponding

solutions are outlined below.

1) Lack of Integrated Frameworks: Many existing systems

emphasize either affordable sensing hardware or network-

based data transfer, but rarely combine both into a single,

unified approach. This separation reduces the overall effective-

ness of monitoring solutions. The proposed framework brings

together sensing, connectivity, and processing in a holistic

manner. This integration ensures both cost-effectiveness and
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TABLE I: A brief overview of related works on pollution monitoring

Prior
Work

System type Measured parame-
ter

Computing plat-
form

Methods used Wireless
line

Fixed
or

mobile

Local
Stor-

age

IoT-based air quality monitoring systems

Fekih et
al., 2021
[6]

low-cost environmen-
tal monitoring

Temperature,
Humidity, NO2,
PM1, PM2.5, PM10

Arduino,
Raspberry Pi

Four-layer system architecture
based on LoRaWAN for IoT
applications

LoRaWAN Mobile No

Shaban et
al., 2016
[7]

Urban air pollution
monitoring system
with forecasting
models

O3,NO2,SO2 A pilot initiative
of Qatar Mobility
Innovations Cen-
ter (QMIC)

Multivariate modeling with
M5P algorithm for accurate
forecasting performances

WiFi Mobile Yes

Al-Ali et
al., 2010
[8]

Mobile data-
acquisition unit

CO,NO2,SO2 16-Bit
Single-Chip
Microcontroller

Mobile-DAQ fixed internet
enabled pollution monitoring
server

TCPIP Mobile Yes

Becnel et
al., 2019
[9]

Distributed low-cost
pollution monitoring
platform

PM1, PM2.5,
PM10,
Temperature,
Humidity, Light
intensity, CO, NO

TI CC3200 WiFi-
enabled

Linear calibration, MQTT-
based data upload, micro-SD
offline data logging,

WiFi
(MQTT)

Mobile Yes

Low-cost sensor solutions

Ali et al.,
2020 [10]

Low-cost sensor node
for air pollution mon-
itoring

CO, NO2, PM MCU Artificial neural network for
sensor calibration with high
accuracy

LoRaWAN Mobile Yes

Montrucchio
et al.,
2020 [11]

Low-cost air-quality
system

Temperature, Rela-
tive humidity, pres-
sur

Raspberry Pi Calibration, and validation of a
low-cost air quality monitoring
system

– Mobile Yes

Das et al.,
2022 [12]

A self-sustainable
system with NB-IoT

CO, NO2, SO2, O3,
PM, Temperature,
Humidity,

ATMEL Studio
IDE

On-board PM sensor with
power control mechanism with
NB-IoT power saving mode
for energy efficiency

NB-IoT Mobile Yes

Hu et al.,
2015 [13]

A metropolitan air
pollution sensing
system

CO,NO2, O3 HazeWatch node Calibration with GasAlert Mi-
cro 5 for pollutant concentra-
tions

WiFi, 3G Mobile Yes

Machine learning for pollution prediction

Zhang et
al., 2020
[14]

Hybrid distributed
and fixed IoT sensor
system

CO2, PM2.5,
PM10.

Raspberry Pi Linear, GPR Cauchy, GPR
Gaussian for air pollution data

WiFi Mobile Yes

Han et al.,
2019 [15]

Wireless sensor net-
work for environmen-
tal monitoring in fac-
tories

CO, NO2, SO2, O3,
PM, Temperature,
Humidity,

ATmegal28 chip Pollution traceability method
and LSTM for pollution period
prediction

WiFi Fixed Yes

Hybrid approaches for smart city pollution monitoring

Yue et al.,
2017 [16]

IoT-based CO2 gas
sensor.

CO2 indoor
photovoltaic
energy harvesting
power module

IPEHPM developed for low-
power CO2 IoT node

WiFi Fixed –

Jabbar et
al., 2022
[17]

LoRaWAN-IoT-
AQMS

PM 2.5, CO 2, CO,
NO 2, SO 2, tem-
perature, humidity

Arduino uno Pro-
cessor

Investigated existing systems,
reviewed AQMS topics, and
selected appropriate materials

LoRaWAN Mobile No

Riekstinet
al., 2020
[18]

GHG Emissions Pre-
diction

CO2 Computing sys-
tem

LSTM for prediction – Fixed Yes

Dey et al.,
2024 [19]

Green AQI prediction
and air pollution epi-
demiology model

AQI, PM 2.5, NO 2,
CO

GPA LSTM, RNN, CNN, MLP,
SVR, KNN, RF, big-dataset
augmentation

completely
offline

Fixed –

reliable real-time operation, making the system suitable for

deployment across diverse environments.

2) Limited Generalization in Data Analytics: Prior studies

applying analytical or predictive models often rely on narrow

datasets or address only specific parameters. This restricts their

ability to generalize to different environmental conditions or

multiple pollutants simultaneously. The framework incorpo-

rates advanced analytical methods capable of handling hetero-

geneous data streams. This enables improved reliability and

predictive accuracy across varied pollutants and conditions,

addressing the limitations of earlier single-focus approaches.

3) Poor Scalability and User Accessibility: Scalability and

accessibility remain underexplored in many available systems.

Limited consideration of large-scale deployments and lack of

user-friendly interfaces restrict broader adoption and practical

utility. The framework is designed to scale from small to large

deployments while maintaining efficiency. It also integrates

real-time visualization and alert mechanisms through user-

friendly platforms, ensuring broader accessibility and timely

decision-making.

4) Limited Consideration of Sustainability: Many existing

monitoring frameworks overlook sustainability aspects such
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as energy efficiency, hardware longevity, and overall environ-

mental impact. This results in higher operational costs, fre-

quent hardware replacement, and increased electronic waste,

reducing the long-term viability of such systems. The proposed

framework emphasizes sustainable design by adopting energy-

efficient operation, minimizing unnecessary hardware replace-

ment, and ensuring long-term usability. These choices reduce

resource consumption and extend the framework’s relevance

for both industrial and urban deployments, aligning it with

broader sustainability goals.

C. Novel Contribution of Proposed Work

The proposed iClean framework introduces novelty at the

architectural, prototyping, and system-integration levels by

integrating multiple capabilities into a unified, practical, and

sustainable system for air quality monitoring. Specifically,

iClean introduces:

• A complete end-to-end architecture and working proto-

type that integrates a low-cost multi-sensor gateway node,

cloud back-end, and mobile application, and validates

its performance using real-time deployment data and

machine-learning-based prediction of multiple pollutants.

• Combines cost-effectiveness with intelligence by employ-

ing affordable, durable sensors together with machine

learning models to predict multiple pollutants simulta-

neously.

• Enhances accessibility through seamless IoT connectivity,

cloud integration, and a mobile application that provides

real-time visualization, alerts, and user interaction.

• Ensures scalability and adaptability by supporting reliable

operation across varied environments, with provisions for

local preprocessing and edge-level inference to reduce

latency and energy demands.

• Promotes sustainability by emphasizing energy-efficient

operation, minimizing hardware waste, and enabling

long-term usability for both industrial and urban appli-

cations.

Collectively, these contributions establish iClean as a compre-

hensive and sustainable framework that advances beyond the

fragmented approaches of earlier studies.

III. PROPOSED SYSTEM ARCHITECTURE

The proposed system architecture is designed to monitor air

quality using a single gateway sensor node. This IoT node is

integrated with various sensors, and data from these sensors

is sent to the ThingSpeak cloud for real-time monitoring and

later downloaded for machine learning-based forecasts. The

system is also equipped with a mobile app that allows remote

monitoring and alerts users to significant pollution levels. All

parts of the system are connected to the internet to transfer and

collect data. Fig. 2 shows the block diagram of the architecture

of the proposed system with a single gateway.

A. Sensor and Gateway Configuration

The system integrates a variety of sensors into a single

IoT-Node, which serves as the gateway for data processing

and transmission. The sensor node is equipped with gas

sensors for detecting gases like LPG, methane, and alcohol,

and environmental sensors for measuring temperature, humid-

ity, and particulate matter. These sensors interface with the

IoT-Node via an analog-to-digital converter (ADC), allowing

seamless conversion of analog sensor data into digital form for

further processing. Each sensor collects specific environmental

parameters, and the IoT-Node handles local data processing.

1) Temperature and Humidity Monitoring: The system in-

cludes a temperature and humidity sensor, which relies on

thermistors and capacitive sensors to measure environmental

conditions. The sensor transmits data to the gateway via

a single-wire serial interface. The internal analog-to-digital

conversion ensures that the data is transmitted accurately with

error-checking mechanisms in place. The IoT-Node processes

this information for both real-time analysis and long-term

storage.

2) Particulate Matter Monitoring: A laser-based scattering

technique is used to quantify airborne particulate matter. The

sensor interacts with the gateway through a serial interface,

and specialized commands trigger data collection. The raw

data from the sensor is validated with checksum verification

before being processed by the IoT-Node.

3) Gas Detection: The system uses a gas sensor to detect

volatile gases such as LPG and methane. Analog data from

this sensor is converted into digital signals through an ADC

module. The gas concentration is then calculated based on

sensor response curves provided in the datasheet, which are

pre-calibrated to account for variable gas concentrations. The

IoT-Node processes this data for accurate reporting and po-

tential safety.

B. Real-Time Data Transfer to Cloud

The gateway functions as a local hub, collects sensor data,

performs basic preprocessing, and temporarily stores values

to ensure uninterrupted acquisition during short connectivity

losses. Data are transmitted to the ThingSpeak cloud over Wi-

Fi at fixed intervals of 30 seconds, which does not hinder real-

time monitoring. ThingSpeak employs the MQTT protocol

to ensure reliable data transfer and organizes the uploaded

information into private or public channels for secure storage.

The platform also provides built-in data visualization tools,

enabling real-time graphical displays accessible via a web

interface or mobile app. Through these visualizations, users

monitor air quality levels, identify trends, and configure alerts

based on predefined thresholds, thus ensuring continuous

monitoring with required action insights. In the current imple-

mentation, predictive inference is performed on a client PC;

however, the gateway hardware is capable of supporting on-

device inference, which further minimizes latency and reduces

reliance on continuous cloud connectivity.

C. Data Download and Dataset Preparation

Once the data is stored in the ThingSpeak cloud, it is peri-

odically downloaded to a local device for further processing.
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single gateway.

Fig. 3 shows flow diagram of sensor data collection through a

single gateway During our experiments, the collected dataset

is generally clean and does not exhibit significant noise or

abnormalities. However, in a few instances—particularly when

relocating the prototype to different places—some sensors

produce abnormally high or low values. These are identified as

erroneous and are removed manually. Since such disturbances

may occur in real-world deployments, standard preprocessing

techniques can also be employed when required. Examples

include moving average smoothing to reduce fluctuations, z-

score or interquartile range (IQR)-based detection for abnor-

mal values, and normalization to bring heterogeneous sensor

data onto a common scale. These measures ensure that the

iClean framework remains reliable and adaptable under diverse

operating conditions.

D. Machine Learning and Data Analytics

The system leverages advanced machine learning and data

analytics techniques to enhance the accuracy and predictive

capabilities of the air quality monitoring system. The predic-

tive model is deployed using models such as SVM and RFR to

forecast air quality trends by analyzing historical data and real-

time inputs, providing valuable insights into future pollution

patterns and ensuring that any issues are promptly addressed.

Fig. 4 shows the workflow of ML model training, testing, and

visualization.

For predictive modeling, we tested prediction algorithms

with a 20% test size. The dataset, obtained from ThingSpeak,

is used on a client-side PC to employ an ML algorithm for

prediction, with RMSE serving as the key performance metric

for evaluation. Mathematically, we can denote this as:

D = (SensorDatai)
m

(i=1) (1)

Next, the dataset D is divided into training and testing sets

using an 80-20 split. Let Dtrain represent the training set

and Dtest represent the testing set. Mathematically, we can

denote this as:

Dtrain = (SensorDatai)
0.8m
(i=1) (2)

Dtest = (SensorDatai)
m

(i=0.8m+1) (3)
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Algorithm 1 Prediction Model

1: Step 1: Load Dataset - Import dataset, identify target (Y)

and features (X).

2: Step 2: Split Dataset - Use 80-20 ratio.

3: function TRAIN TEST SPLIT(test size=0.2,

random state=42)

4: end function

5: Step 3: Initialize Models

6: function RFR MODEL(n estimators=100,

random state=42)

7: end function

8: function SVR MODEL(kernel=’rbf’)

9: end function

10: Step 4: Train Models

11: function FIT(RFR, X train, Y train)

12: end function

13: function FIT(SVR, X train, Y train)

14: end function

15: Step 5: Make Predictions

16: function PREDICT(RFR, X test)

17: Output: predicted Y RFR

18: end function

19: function PREDICT(SVR, X test)

20: Output: predicted Y SVM

21: end function

22: Step 6: Evaluate Models

23: function MEAN SQUARED ERROR(Y test,

predicted Y RFR)

24: end function

25: function MEAN SQUARED ERROR(Y test,

predicted Y SVM)

26: end function

27: Step 7: Visualize Results - Scatter plot for Actual vs.

Predicted (RFR, SVM).

In the above expression, m is the total number of data

samples collected from the nodes. Once the training and

testing sets are defined, an ML model M is developed using

the training data Dtrain. The model is trained to predict the

node number based on the sensor data. Mathematically, this

can be represented as:

M = Train(Dtrain) (4)

After training the model, it is evaluated using the testing

data Dtest to assess its performance and accuracy. Mathe-

matically, this can be represented as:

Accuracy = Test(M,Dtest) (5)

In the above expression, Accuracy represents the accuracy

of the ML model in predicting sensor data. RMSE serves

as the performance metric in this evaluation. It is frequently

employed to gauge the average discrepancy between expected

and actual values in a regression problem. The effectiveness of

the model and the prediction ŷi is assessed using the data for

the individual sensors, yi, in accordance with RMSE, which

is used as an error criterion and is defined as:

RMSE =

√

√

√

√

1

n

n
∑

i=1

(yi − ŷi)2 (6)

Here, n represents the number of observations. The program

flow of the machine learning model is present in Algorithm 1.

Dataset

Pre-processing

Training Data Testing Data

Train the  RFR
model

Trained RFR
model

Train the  SVM
model

Trained SVM
model

Evaluate the model's performance

Visualize the results

Fig. 4: Workflow of ML model training, testing, and

visualization

E. User Interface and Applications

To engage users and provide them with information that

induces possible action, the system includes user-friendly

interfaces and applications. Mobile applications offer real-time

air quality data to reduce pollution exposure. This app is

intuitive and accessible, encouraging users to stay informed

about their environment. The system also features alerts and

notifications, delivering real-time warnings about critical pol-

lution levels to ensure that users are promptly informed of any

immediate health risks.

By integrating state-of-the-art sensor technology, IoT con-

nectivity, and machine learning, the proposed system architec-

ture provides a comprehensive and reliable air quality monitor-

ing solution. This system enhances the precision and coverage

of air quality data and empowers individuals and communities

with actionable insights to improve environmental health.

IV. PROTOTYPE DEVELOPMENT

The initial phase of the project involves the design and

construction of a prototype air quality monitoring system. The

system integrates multiple sensors into a central Raspberry

Pi gateway to monitor key environmental parameters. The

sensor node includes an MQ6 sensor for LPG, methane, CO,

and alcohol detection, a DHT22 sensor for temperature and

humidity, and a Honeywell HPMA115S0 sensor for PM2.5

and PM10. These sensors are connected to the Raspberry Pi’s
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GPIO pins, with an MCP3008 ADC chip converting analog

sensor data to digital signals for processing.

1) DHT22 Temperature and Humidity Sensor: The DHT22

sensor is powered by the Raspberry Pi’s 3.3V and ground,

with the data pin connected to a GPIO pin. The Adafruit

Python DHT library reads temperature and humidity values.

The sensor uses a thermistor for temperature and a capac-

itive sensor for humidity, with an internal ADC converting

measurements into a 40-bit digital signal containing data and

a checksum for error checking. This data is sent over a

single-wire serial interface, and integrity is ensured through

checksum validation.

2) Honeywell HPMA115S0 PM2.5/PM10 Sensor: The

Honeywell HPMA115S0 particulate matter sensor is con-

nected via a serial interface. It uses a laser-scattering technique

to measure PM2.5 and PM10 concentrations. The sensor

processes the scattered light data internally and transmits it

to the Raspberry Pi. Commands such as 0x68 0x01 0x01

0x96 initiate readings, with data validated through checksum

verification.

3) MQ-6 Gas Sensor: The MQ-6 sensor, which detects

gases like LPG and butane, connects to the Raspberry Pi

through the MCP3008 ADC for analog-to-digital conversion.

The sensor operates on a chemical reaction principle that alters

the conductivity of its ceramic element. The output voltage,

calibrated using response curves from the datasheet, provides

gas concentrations in Parts Per Million (PPM). A voltage

divider ensures compatibility between the sensor’s output and

the Pi’s input.

The Raspberry Pi, running its own operating system, with

a BCM2837 chipset, secondary memory, and connectivity

options (Ethernet, WiFi), serves as a gateway for edge pro-

cessing and data transmission. Processed data is sent to the

ThingSpeak cloud via Wi-Fi and MQTT protocols for real-

time visualization and long-term storage. This setup ensures

continuous, accurate monitoring of air quality.

Connectivity is established through Wi-Fi, enabling dual-

mode communication for efficient data transmission, and en-

suring seamless integration into an IoT network for effective

device management. Data processing and storage are managed

through edge computing for localized data processing at sensor

nodes, and ThingSpeak for cloud storage to facilitate long-

term analysis. A structured database management system is

employed for easy retrieval and analysis of collected data. Fig.

5 shows three main parts of prototype development.

The user interface is designed to be accessible via mobile

applications, providing real-time data access, alerts, and no-

tifications. After the prototype is developed, it undergoes ex-

tensive field testing to evaluate its performance under various

environmental conditions and to ensure its reliability and ac-

curacy. For experimental validation, the prototype is deployed

at multiple spots within the Electronics and Communication

Engineering Department, NIT Rourkela campus. Sensors are

positioned at an approximate height of 1.5 m from the ground

to represent human breathing level. Data are collected over

several days at regular intervals of 30 s, capturing variations in

temperature, humidity, particulate matter (PM2.5 and PM10),

and gas concentrations (LPG, methane, CO, alcohol). This

Circuit
implementation

Data storage at Cloud User interface App

Fig. 5: Three main parts of prototype development.

mix of indoor laboratory and corridor environments provides

diverse environmental conditions for evaluating the robustness

and reliability of the proposed system. The performance of the

prototype is evaluated on several fronts:

• Accuracy and Sensitivity: Sensor data is compared

against reference-grade equipment to assess the accuracy

and sensitivity of the measurements.

• Connectivity: The reliability of data transmission via Wi-

Fi is tested to ensure seamless connectivity and data flow.

• Data Processing: The efficiency of edge computing and

cloud storage solutions is evaluated to ensure effective

data management.

• Machine Learning Models: The calibration and predictive

models are tested for accuracy and robustness, using

RMSE as the performance metric. RMSE measures the

average discrepancy between predicted and actual values,

providing a comprehensive assessment of the predictive

model’s accuracy by calculating the square root of the

average squared variations.

Additionally, mobile applications are evaluated for their us-

ability and effectiveness in providing real-time data access,

alerts, and personalized health recommendations.

V. RESULTS, ANALYSIS AND EVALUATION

A custom soldered PCB circuit is designed and developed

to support the ADC functionality of the IoT system. The

circuit design is translated into a physical soldered PCB layout,

which is then fabricated and assembled. After construction,

comprehensive testing is conducted to verify the hardware

circuit’s performance. Each individual component is verified,

signal integrity is assessed, and potential issues such as noise

interference or voltage fluctuations are checked. Comprehen-

sive coverage and reliable data collection are ensured across

various geographical regions.

The components function as expected, and the circuit suc-

cessfully facilitates the desired data acquisition, processing,

and communication between various modules and sensors in

the IoT system. The Raspberry Pi is connected to the sensors to

measure temperature, humidity, PM2.5, PM10, LPG, methane,

alcohol, and CO gas levels. The program is executed in Python,

and the Raspberry Pi is accessed via remote desktop, allowing
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TABLE II: Prediction results comparison with different regression algorithms for three datasets

Dataset ML model
RMSE values

Temperature Humidity PM2.5 PM10 LPG Methane CO Alcohol

1
SVM 0.62 0.839 2.021 2.671 0.156 0.228 0.006 0.032
RFR 0.38 0.785 1.826 2.438 0.157 0.232 0.007 0.026

2
SVM 0.32 0.821 2.11 3.527 0.09 0.07 0.022 0.025
RFR 0.212 0.66 2.058 3.428 0.1 0.08 0.022 0.023

3
SVM 1.559 3.607 1.002 1.453 16.535 29.507 21.36 20.547
RFR 1.226 2.462 0.625 0.872 18.003 32.215 26.394 27.675

TABLE III: Performance comparison of the proposed system.

References Ml model used cloud

ser-

vices
uti-

liza-

tion

User

Inter-

face

Used

dataset

gener-
ated

by

sys-

tem

Hardware used Real-

Time

Moni-
toring

Parameter Least

RMSE

index

Zhang et al., 2020
[14]

RFR, SVM, GBR Yes yes Yes Arduino mega,
Raspberry Pi 3B,
sensors

Yes Temperature, Humidity,
CO2, PM2.5, PM10

5.7

Yang et al.,2023 [21] DNN, GBR, RF No No Yes N/A No Temperature, Humidity,
PM2.5,

14.39

Naz et al., 2023 [22] LSTM, GRU No No No N/A No NO2, O3, SO2, PM2.5,
PM10

0.59

Shao et al., 2023 [23] VMD, XGBoost No No No N/A No MP2.5 1.98

Sharma et al., 2020
[24]

CNN LSTM hybrid
model

No No No N/A Yes Temperature, Humidity,
NO2, O3, PM2.5, PM10

7.44

Yelisetti et al., 2023
[25]

RNN, LSTM, GRU, Bi-
RNN, Bi-LSTM, Bi-
GRU

No No Yes N/A No Temperature, CO2 0.102

Lin et al., 2020 [26] RNN, LSTM, CART,
GBM, SVM

No No No N/A No PM2.5 3.13

Nguyen et al., 2023
[27]

LSTM-BNN, RNN No No Yes N/A No PM2.5 2.415

Gu et al., 2022 [28] RBFN, SVR, RF, ELM,
DBN, BLS

No No Yes XHAQSN-808
monitor, GPRS,
Wi-Fi, Bluetooth,
various sensors

No CO, NO2, SO2, O3,
PM2.5, PM10

0.415

Proposed Work

(iClean)

SVM, RFR Yes Yes yes Raspberry Pi 3B,
various sensors

Yes LPG, methane, CO,

alcohol, PM2.5, PM10,
temperature, humidity

0.022

connection to the Pi from anywhere. Fig.7 shows the hardware

implementation of the design.

Raspberry Pi

MQ6 sensor

Honeywell
HPMA115S0 Sensor

PCB with
MCP3008 IC

DHT sensor

Fig. 7: Hardware implementation of the circuit

In this study, Support Vector Machine (SVM) and Random

Forest Regression (RFR) are selected as the primary predic-

tive models since they are widely recognized for handling

heterogeneous, nonlinear sensor data. SVM is effective in

capturing nonlinear relationships even with limited training

data, whereas RFR, as an ensemble method, offers robustness

against overfitting and models complex feature interactions.

These complementary strengths make them highly suitable

for pollutant prediction in the proposed iClean framework.

While alternative approaches such as LSTM, CNN, and hybrid

CNN+LSTM show high accuracy in pollutant forecasting, they

generally require large datasets and substantial computational

resources, which limits their applicability in low-power IoT

deployments. Table IV presents a comparison of commonly

used machine learning models for air quality monitoring. In

contrast to deep learning models, SVM and RFR provide

a strong balance of accuracy, robustness, and computational

efficiency, making them particularly well aligned with the

design goals of iClean.

A. Training and testing of Dataset

The dataset obtained from ThingSpeak through a single

gateway is used on a client-side PC to predict different models

using SVM and RFR. As pollutant monitoring is a regression

task, RMSE is selected as the principal evaluation metric.
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TABLE IV: Comparison of Machine Learning Models for Air Quality Monitoring and Their Suitability for iClean

References Algorithm Strengths Limitations Suitability for iClean

Iskandaryan et al.,
2020 [29]

SVM Handles nonlinear data; works
with small datasets

Parameter tuning needed ✓ Good for nonlinear sensor
data

Gupta et al., 2023
[30]

RFR Robust to noise; less overfit-
ting

Training cost rises with dataset
size

✓ Robust, reliable with noisy
IoT data

Wei et al., 2023 [31] LSTM Good for time-series data Needs large datasets; high
computation

× Heavy for Raspberry Pi–
based setup

Ragab et al., 2020
[32]

CNN Learns spatial features Data-hungry; not lightweight × Not suitable for low-power
IoT

Zhang et al., 2022
[33]

Hybrid
(CNN+LSTM)

High accuracy Very resource intensive × Impractical for edge devices

RMSE penalizes large deviations and directly reflects predic-

tion accuracy in numerical terms, making it more suitable than

metrics like accuracy or sensitivity, which are typically applied

in classification settings. Other aspects, such as connectivity

and data handling, are qualitatively validated during prototype

deployment but are not included as quantitative metrics in this

study; however, during prototype testing these parameters are

observed to perform satisfactorily without noticeable issues.

The graphs in Fig. 6 are plotted with the concentration of the

sensor data on the y-axis and the entry numbers on the x-axis.

All gas sensor and PM sensor data show gas concentrations in

PPM, and the models are developed based on this sensor data.

Blue dots represent the sensor data collected by the hardware,

while the orange line represents the SVM model. Similarly, the

RFR model is plotted against the input data as a green line.

Three datasets are created and analyzed separately to validate

the proposed model.

1) Dataset 1: Data for the first dataset is collected over a

few days and is used as a testing dataset, while the historic

sensor data serves as the training dataset. Comparing the

predicted values from the models with the actual sensor data

reveals that both models are effective in capturing general

trends and fluctuations. However, upon closer examination,

the RFR model demonstrates superior performance based on

RMSE. The predicted values from the RFR model closely

align with the actual data points, reflecting its ability to capture

complex patterns and subtle variations more accurately. Table

II shows the RMSE values for all parameters. Although some

of these RMSE values are very close to each other, overall,

the RMSE values indicate that the prediction models are

promising.

2) Dataset 2: Examining the second dataset collected from

sensors on different days, similar in size to the previous one.

Analyzing the predictions generated by the model, the graphs

and RMSE values reveal varying levels of accuracy. The

SVM model exhibits a higher RMSE value for temperature,

humidity, PM2.5, and PM10, indicating a moderate level of

prediction error. Conversely, the random forest model shows

a higher RMSE than SVM for LPG, methane, and alcohol.

However, for carbon monoxide, both models have the same

RMSE error.

3) Dataset 3: Since the areas where the model is tested

have stable air quality with minimal sensor fluctuations, an

additional dataset is created to simulate potential abnormal-

ities. This third dataset, here data samples collected in very

less time interval, that is shorter than the previous ones and

is designed to test the model’s response to sudden changes

in sensor values. Simulating disturbances in a controlled envi-

ronment is essential for evaluating a machine learning model’s

performance and robustness. It mimics real-world conditions,

assesses the model’s response to unexpected events, and

highlights areas for improvement, building confidence in its

practical reliability.

Disturbances are created using a lighter to release gas near

the MQ-6 sensor, increasing gas concentrations without igni-

tion, and by placing hot water near the DHT22 sensor, raising

temperature and humidity levels. Upon removing the hot water,

humidity levels gradually decrease. Evaluation shows that the

RFR model outperforms for temperature, humidity, PM2.5,

and PM10, while the SVM model performs better for LPG,

methane, carbon monoxide, and alcohol. However, the higher

RMSE in Dataset 3 is due to abrupt anomalies, as the models

are not optimized for such conditions. This stressed dataset is

intended to probe system limits, and anomaly-resilient training

or hybrid modeling can potentially improve performance under

such disturbances.

Analysis of all three datasets concludes that both SVM

and RFR models have strengths and are suitable for different

scenarios. The choice of model depends on the dataset’s

attributes and the prediction task’s objectives. The results in-

dicate that RFR generally provides lower RMSE across stable

datasets, owing to its ensemble-based robustness. However,

under varying conditions (Dataset 2) and synthetically stressed

environments (Dataset 3), SVM outperforms RFR for certain

gases. This can be attributed to SVM’s ability to handle

sharp, nonlinear fluctuations, whereas RFR performs better

on smoother, more consistent patterns. These findings suggest

that model performance depends strongly on dataset character-

istics, highlighting the potential benefit of hybrid approaches

that combine SVM and RFR for improved robustness.

B. Mobile app as user interface

The Android-based mobile application serves as an intuitive

interface for real-time air quality monitoring. It consists of

two primary screens: one presents live sensor readings, while

the other displays graphical trends of pollutants with axis

labels, gridlines, and data markers for clarity. The interface

is designed for simplicity and responsiveness, enabling users

to easily track changes in air quality. During prototype test-

ing, the app consistently demonstrates reliable performance,

handling continuous data streams while maintaining real-time

functionality. Its threshold-based alert system promptly notifies
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users of deviations from normal conditions—for example,

a temperature threshold of 40 °C triggers immediate alerts,

highlighting its responsiveness. To limit false alarms, the app

applies short-term averaging, and further improvements such

as anomaly-resilient models and robust statistical filters are

possible. Preliminary feedback from 2–3 student users con-

firms that the app is easy to navigate and responsive. While this

small-scale evaluation underscores its usability, a larger user

study is planned to comprehensively assess user experience

and effectiveness. Overall, the app provides actionable insights

and empowers users to respond promptly to environmental

changes. Fig. 8 illustrates the mobile app interface.

Screen of the App shows
the real time data obtained

by the sensors

App shows the graphical
representation of data

including the present and
past values

Implementation of alert for
when the sensor data is

abnormal

Fig. 8: Screen shorts of mobile App interface.

C. Discussion

All collected sensor data are validated before being used for

training or prediction. For particulate matter sensors, check-

sum verification ensures the integrity of transmitted values,

while gas and temperature readings are cross-checked against

calibration curves. During experimentation, the dataset does

not show significant noise or outliers, so no additional filtering

is applied. In larger deployments, however, preprocessing

can be extended with techniques such as moving average

smoothing, normalization, or statistical methods like z-score

and IQR analysis to detect and remove anomalies. These

measures further enhance data reliability for machine learning

applications.

Evaluation results show that the proposed approach achieves

an RMSE of 0.022, reflecting close agreement between pre-

dicted and actual pollutant levels. A comparative overview

with existing studies is provided in Table III. Reported values

for other works are taken directly from their publications and

are based on different datasets and pollutants; therefore, the

comparison serves as a contextual reference rather than a

strict benchmark. In this study, RMSE is used as the primary

quantitative metric, while aspects such as connectivity and

mobile app responsiveness are qualitatively verified during

prototype testing.

When interpreting these findings, it is important to recognize

that dataset characteristics, pollutant diversity, model architec-

tures, and preprocessing strategies can all affect RMSE values.

A fairer comparison would require evaluation on standardized

datasets under similar conditions.

It is important to acknowledge that the current evaluation

is based on a single prototype node deployed over a limited

duration. While this setup is adequate to demonstrate the

feasibility and baseline performance of the proposed frame-

work, long-term stability aspects—such as sensor drift, envi-

ronmental exposure, and coordinated multi-node behavior—

is not discussed in the present paper as it remain beyond the

scope of this prototype-level study. These aspects would be

explored in future work through extended deployments and

larger-scale implementations. We note that the architectural

design already incorporates provisions for multi-node scala-

bility through mesh networking, hierarchical aggregation, and

interoperability with existing systems.

Beyond prediction accuracy, the iClean framework advances

sustainability by employing low-power sensors, fixed-interval

data transmission, and durable hardware, reducing both energy

consumption and hardware waste. These design choices align

with energy-efficiency principles and extend the framework’s

suitability for long-term use in both industrial and urban

settings. Overall, iClean demonstrates competitive predictive

performance and practical advantages—such as multi-gas and

particulate monitoring, cost-effective hardware, machine learn-

ing–driven prediction, and a real-time mobile application for

accessibility—while also promoting energy-conscious, sus-

tainable monitoring. Limitations remain, including reduced

performance under stressed sensor conditions (as observed

in Dataset 3) and potential latency from cloud dependence.

In the context of the present prototype-level study, sustain-

ability is addressed qualitatively through the design choices

implemented in the system. Features such as lightweight

communication, and the use of modular and easily replaceable

components naturally support reduced energy use and longer

device lifespan. While a detailed quantitative evaluation of

power consumption and maintenance cycles would require ex-

tended multi-month field deployment, the current investigation

reflects how the proposed framework incorporates sustainabil-

ity considerations at the design and operational levels.Taken

together, these results highlight that iClean delivers a cost-

effective, intelligent, sustainable, and user-centric solution for

air quality monitoring, with scope for further improvements in

robustness and scalability.

VI. CONCLUSION

This study addresses the critical challenge of air quality

monitoring by developing iClean, an integrated IoT-based

framework that combines advanced sensors, reliable con-

nectivity, and machine learning–driven data analysis. The

system effectively monitors multiple environmental param-

eters—including particulate matter, gases, temperature, and
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humidity—while SVM and RFR enable accurate pollutant

concentration prediction, achieving an RMSE as low as 0.022.

These results demonstrate improved accuracy, comprehensive-

ness, and user accessibility compared with existing solutions,

highlighting the potential of iClean for deployment in both

urban and rural contexts.

Beyond predictive performance, the framework empha-

sizes sustainability through the use of low-power sensors,

fixed-interval data transmission, and durable hardware. These

choices reduce energy demand, minimize hardware waste,

and align with established sustainability principles [5]. The

architecture is also designed for scalability, supporting larger

deployments through mesh networking, hierarchical aggrega-

tion, and interoperability with existing monitoring systems via

standard APIs (MQTT/HTTP). While challenges such as la-

tency, synchronization, and energy consumption arise in large-

scale deployments, they are mitigated through edge-level pre-

processing and adaptive transmission strategies, ensuring effi-

cient and sustainable operation. Overall, iClean demonstrates

that a low-cost, accurate, scalable, and sustainable framework

significantly enhances real-time air quality monitoring and

contributes to long-term environmental management.

Future research enhances the scalability and interoperabil-

ity of iClean by integrating emerging sensor technologies

and standardized communication protocols. Broader machine

learning approaches, including deep learning and hybrid mod-

els, are investigated to improve robustness and predictive

accuracy. The mobile application is refined with an im-

proved interface and public health alert system to increase

participation and accessibility. For industrial deployments,

security is strengthened through device authentication [34]

and encrypted communication [35], while the integration of

energy-harvesting modules further reduces the environmental

footprint. Together, these developments advance iClean toward

a more secure, accurate, and sustainable solution for real-time

air quality management, contributing to healthier communities.
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