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Abstract

Air pollution represents a critical global health challenge, necessitating the shift from traditional, expensive,
and geographically sparse monitoring stations to distributed, cost effective, and real-time solutions. This
paper proposes a comprehensive, four-layered framework for a Smart Air Quality Monitoring (SAQM)
system that leverages the Internet of Things (IoT) for ubiquitous data collection and Deep Learning (DL)
models for advanced predictive analytics. The IoT layer utilizes low-cost microcontrollers (e.g., ESP32) and
calibrated gas and particulate matter sensors (PMa2s, CO, NO») to acquire hyper-local environmental data,
transmitting it to a cloud platform via the lightweight MQTT protocol. The Machine Learning component
employs a deep time-series model, specifically a Gated Recurrent Unit (GRU) network, to predict future Air
Quality Index (AQI) and PM; 5 values with high temporal resolution (up to 24 hours ahead). The proposed
system architecture and methodology demonstrate a scalable, efficient, and robust solution capable of
providing proactive pollution warnings, thereby significantly enhancing public health decision-making and
contributing to Smart City initiatives by providing necessary patio-temporal intelligence.

Keywords: Internet of Things (IoT), Machine Learning (ML), Deep Learning, Air Quality Index (AQI), Time
Series Prediction, GRU, PM2 s, Smart City, MQTT.

1 Introduction

1.1 Problem Background

Air pollution has rapidly evolved into a multidimensional global crisis, driven predominantly by accelerated
urbanization, exponential population growth, and unchecked industrial expansion. According to recent WHO
reports, over 99% of the world’s population lives in regions where pollutant concentrations—especially
PM2.5, PM10, NO2, CO, and Os—exceed recommended safe thresholds. These heightened pollutant levels
are directly linked to increased cases of chronic obstructive pulmonary disease (COPD), cardiovascular
disorders, asthma, and other respiratory ailments, making air pollution one of the top environmental
contributors to premature mortality worldwide.
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Despite the severity of this issue, traditional air quality surveillance practices remain largely dependent on
conventional reference-grade monitoring stations. Although these stations are highly reliable and equipped
with certified analytical instruments, they are extremely expensive to purchase, calibrate, operate, and
maintain. As a consequence, most cities—particularly in developing nations—operate with only a handful of
such monitoring units. This creates significant spatial sparsity, where large geographic areas lack direct
pollutant measurements. The limited density of these stations creates urban “blind zones” in air quality
reporting, preventing authorities from identifying micro-level pollution hotspots such as high-traffic
corridors, industrial clusters, residential combustion regions, or enclosed urban spaces with poor ventilation.

In addition to spatial limitations, traditional systems also lag in temporal responsiveness. Many air quality
reports from these stations are updated at intervals of 30 minutes to several hours, making them insufficient
for real-time decision-making. Such latency compromises the ability of public health agencies to issue timely
advisories, citizens to adjust outdoor exposure, or governments to enforce emergency mitigation measures
such as traffic restrictions or industrial regulation.

Furthermore, pollution patterns in modern urban landscapes have become highly dynamic, influenced by
meteorological fluctuations, vehicle density, urban topography, and human mobility. Static monitoring
infrastructures cannot effectively capture these rapidly changing spatiotemporal patterns. Consequently, the
lack of granular, real-time data limits the development of intelligent urban planning strategies, weakens
policymaking, and significantly reduces the effectiveness of environmental interventions.

These challenges highlight the urgent need for scalable, cost-effective, and high-density monitoring solutions
that can operate continuously in heterogeneous and evolving environmental conditions. A robust, intelligent
system should not only measure pollutants but also analyse contextual factors, recognize temporal patterns,
and forecast future conditions. Such capabilities will enable cities to transition from reactive responses to
data-driven, predictive environmental management, ultimately safeguarding public health on a much larger
scale.

1.2 Proposed Solution and Contribution

In response to the limitations of traditional monitoring systems, this study proposes a technologically
advanced and economically sustainable Smart Air Quality Monitoring (SAQM) framework that integrates the
capabilities of the Internet of Things (IoT) with the predictive power of modern Deep Learning (DL)
techniques. The proposed system is designed to function as a comprehensive end-to-end monitoring, analytics,
and forecasting ecosystem, offering a transformative improvement over existing infrastructure.

IoT technology provides the foundation by enabling the deployment of large numbers of low-cost, energy-
efficient, and geographically distributed sensor nodes across urban regions. These nodes continuously capture
multivariate environmental parameters and transmit them over lightweight protocols such as MQTT, allowing
for scalable, real-time data aggregation with minimal network overhead. This dense deployment ensures high
spatial resolution, reducing blind spots and improving data granularity in ways that traditional monitoring
systems cannot achieve.

Unlike conventional systems that merely display real-time pollutant readings, the proposed SAQM framework
introduces predictive intelligence. By utilizing GRU networks—optimized for sequence dependency
modelling—the system learns temporal correlations within pollutant datasets, enabling highly accurate
forecasting of future air quality conditions. This transition from monitoring to prediction is crucial: it allows
city authorities to prepare in advance for pollution spikes, issue health advisories before conditions become
hazardous, and implement preventive measures such as traffic diversions or industrial restrictions.

Additionally, the system emphasizes scalability, modularity, and deployment flexibility, making it suitable for
both urban and semi-urban regions. Its cost-efficient nature allows large-scale installation, thereby
democratizing access to environmental intelligence and empowering citizens to make informed decisions
about daily activities, commuting patterns, and health precautions.

[JRTI2512139 International Journal for Research Trends and Innovation (www.ijrti.org) b301



http://www.ijrti.org/

© 2025 IJRTI | Volume 10, Issue 12 December 2025 | ISSN: 2456-3315
Through its integration of IoT sensing, deep learning analytics, and real-time visualization, the proposed
SAQM framework delivers a robust, future-ready solution for proactive environmental management—
representing a significant step toward smarter, healthier, and more sustainable cities.

2 Literature Review

The application of computational intelligence to environmental sensing has been a prolific and rapidly
advancing research domain, driven by the increasing need for accurate air quality monitoring and forecasting
systems. Early research efforts primarily focused on statistical forecasting techniques, with the
Autoregressive Integrated Moving Average (ARIMA) model standing out as the most dominant method.
ARIMA, due to its reliance on linear relationships, proved effective for short-term pollutant prediction under
stable conditions. However, multiple studies revealed that ARIMA and other linear models struggle to
effectively capture the inherent non-linearity, chaotic behaviour, and multi-factor dependency present in
atmospheric pollutant dispersion. Air quality dynamics are influenced not only by emission sources, but also
by exogenous variables such as humidity, temperature, wind speed, boundary-layer height, and solar
radiation. The inability of classical statistical models to incorporate these complex interactions significantly
limited their long-term and multi-pollutant predictive capability.

The transition from traditional monitoring to loT-based sensing architectures marked a major technological
shift in this domain. The advent of low-cost, energy-efficient microcontrollers such as the Nedelcu ESP8266
and ESP32, combined with a new generation of specialized optical and electrochemical sensors (such as the
PMS5003 for particulate matter and MQ-series sensors for various gases), has democratized high-density
environmental monitoring. Numerous empirical studies have demonstrated that, with proper calibration
against reference-grade stations, these low-cost IoT sensors can produce reliable measurements that
approximate the accuracy of industrial systems. This breakthrough has enabled researchers and municipalities
to design large-scale sensor networks capable of providing dense spatial coverage at a fraction of the cost of
traditional systems.

Simultaneously, the evolution of cloud computing platforms such as Thing Speak, Firebase, Azure IoT Hub,
and AWS IoT have greatly facilitated the deployment of real-time monitoring frameworks. These platforms
allow seamless data ingestion through lightweight protocols—most notably MQTT—along with time-series
storage, automated analytics pipelines, and basic visualization dashboards. The availability of such
infrastructures significantly reduces system complexity and makes real-time environmental monitoring
accessible to researchers, government bodies, and citizen science initiatives.

In predictive modelling, the initial shift from statistical techniques to machine learning (ML) marked a
substantial improvement in forecasting accuracy. Algorithms such as Random Forest (RF), Support Vector
Regression (SVR), Gradient Boosting Machines (GBM), and k-Nearest Neighbours (KNN) demonstrated
higher robustness in dealing with non-linearities and noisy datasets. These models also excelled in air quality
classification tasks, such as categorizing AQI levels or identifying pollution hotspots based on spatial data.
Despite their advantages, ML techniques still exhibited limitations when handling sequential, long-range
temporal dependencies—a critical requirement for accurate air quality forecasting.

These limitations paved the way for the dominance of Deep Learning (DL) in modern air quality research.
Recurrent neural network (RNN)-based architectures, particularly Long Short-Term Memory (LSTM)
networks and their computationally efficient variant, Gated Recurrent Units (GRU), have demonstrated state-
of-the-art performance in pollutant forecasting. These networks are specifically designed to maintain long-
term memory through gated mechanisms, enabling them to model the intricate temporal relationships and
seasonal patterns embedded in multivariate pollution time series. Researchers have demonstrated that LSTM
and GRU models outperform both statistical and machine learning methods when predicting key pollutants
such as PM2.5, PM10, NO:, and CO several hours or even days in advance.

However, gaps remain within existing literature. A persistent challenge involves the integration of robust
feature engineering strategies that combine lagged variables, meteorological covariates, anthropogenic
emission indicators (like traffic density), and even satellite-derived data (e.g., aerosol optical depth). Further,
several studies highlight concerns regarding sensor drift, environmental noise, and the need for dynamic
recalibration to ensure long-term accuracy. Additionally, while deep learning models offer excellent
predictive capability, their deployment in real-time IoT scenarios requires optimization to reduce
computational overhead, ensure low latency, and support edge-based inference.

System Architecture.
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In the proposed Smart Air Quality Monitoring (SAQM) framework, a multilayer architecture is implemented
to support high-resolution environmental sensing, efficient wireless communication, cloud-based data
management, and deep learning—driven forecasting. At the perception layer, the sensing module is built
around the ESP32 microcontroller, selected for its dual-core processing capability, increased clock speed, and
integrated Wi-Fi/Bluetooth, which together enable lightweight edge computation such as preliminary
calibration and noise filtering. The sensing suite incorporates particulate matter detectors (PMS5003 or
SDS011), high-precision electrochemical sensors for CO and NO2, and the BME680 for volatile organic
compounds; additionally, the BME280/BME680 sensors capture temperature, relative humidity, and
atmospheric pressure to provide essential meteorological context. Raw sensor readings are smoothed using
an exponential moving average filter, calibrated against co-located reference stations, and encapsulated
within a structured JSON payload containing pollutant data, environmental parameters, node identifiers, and
timestamps. Data transmission occurs through the MQTT protocol, which uses a lightweight publish—
subscribe mechanism optimized for low bandwidth consumption and energy efficiency, enabling the ESP32
to reliably publish measurements every 60 seconds. Within the cloud layer—implemented via platforms such
as AWS IoT or Google Cloud—MQTT brokers trigger serverless functions that validate, structure, and store
the incoming time-series data in a Fire store NoSQL database. Subsequent preprocessing includes linear
interpolation for short data gaps, K-nearest neighbours (KNN) imputation for longer discontinuities, Min—
Max normalization of all features, and feature engineering involving lagged sequences over a defined
lookback window (H) and sinusoidal encoding of periodic temporal factors such as hour-of-day and day-of-
week. Forecasting is framed as a multivariate, multi-step time-series prediction task addressed through a
stacked Gated Recurrent Unit (GRU) network, chosen for its computational efficiency and capacity to model
long-term dependencies using fewer parameters than LSTM architectures. The GRU model comprises an
input layer structured as (H, F), two recurrent layers with 128 and 64 units respectively, dropout regularization
(0.2), and a fully connected output layer predicting n future time steps (e.g., 24-hour PM..s or AQI forecasts).
Model training utilizes a 3D input tensor (Samples x H % F), Mean Squared Error as the loss function, and
the Adam optimizer (learning rate = .001), while performance is assessed using root mean square error
(RMSE) and the coefficient of determination (R?) to evaluate predictive accuracy and generalization.

3.Research Methodology

3.1 Research Design

This study adopts a quantitative, experimental, and technology-driven research design, aimed at
developing and validating an integrated Smart Air Quality Monitoring (SAQM) system that utilizes loT-based
sensing and deep learning—based forecasting. The design is experimental because it evaluates the performance
of a new multi-layered system under real-world conditions, focusing on how sensor-generated environmental
variables can be modelled to forecast future air quality levels. A structured framework was implemented
beginning with the deployment of low-cost IoT sensors, followed by cloud-based storage solutions, data
preprocessing, model training, and prediction evaluation. This design is well suited for continuous time-series
data and enables systematic analysis of the relationship between pollutant concentrations, meteorological
factors, and temporal patterns. By using a predictive architecture based on Gated Recurrent Units (GRUs),
the study aims to establish empirical evidence demonstrating improvements in forecast accuracy compared to
classical machine learning techniques.

3.2 Data Collection Method

Data collection was achieved using a distributed network of IoT sensor nodes strategically installed across
multiple urban micro-environments. Each node was equipped with an ESP32 microcontroller linked to
multiple high-sensitivity sensors, including the PMS5003 for PM2.s/PM.o, electrochemical sensors for CO and
NO:, and BME680 for temperature, humidity, pressure, and VOC levels. These sensors continuously
generated real-time environmental readings, which were sampled every 60 seconds to produce a high-
resolution time-series dataset. The collected data were transmitted via MQTT protocol to a cloud-hosted
storage system—Firebase Fire store—ensuring low latency and efficient ingestion of continuous data streams.
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Before storage, each data payload was validated by a serverless cloud function to ensure structural correctness,

eliminate malformed entries, and append missing metadata. This method ensures reliability, consistency, and
completeness in the captured dataset, which is essential for training time-series forecasting models.

3.3 Sample and Sampling Technique

A sample size of 100 sensor nodes was selected for this research to achieve substantial spatial granularity
without compromising system deployment feasibility. The sampling technique used was purposive stratified
sampling. The study area was divided into four environmental strata: (1) high-traffic roads, (2) residential
neighbourhoods, (3) industrial zones, and (4) green/open spaces such as parks. Within each stratum, specific
sampling sites were chosen based on pollution exposure likelihood, accessibility for installation, and
availability of stable Wi-Fi connectivity for real-time data transmission. This stratification ensures that the
dataset represents diverse pollution patterns and meteorological variations, addressing spatial heterogeneity.
Furthermore, purposive selection within strata allows the inclusion of “high-impact” monitoring points, such
as locations adjacent to bus stands, factories, and highways, ensuring that extreme pollution behaviour is
captured within the sample.

3.4 Sampling Criteria

Sampling criteria were defined to ensure accurate representation of environmental conditions and smooth
operation of sensor devices. Sites were selected based on (1) accessibility and safety for sensor installation,
(2) proximity to common pollution sources such as traffic intersections or industrial facilities, (3) availability
of uninterrupted power or sheltered areas for equipment protection, (4) adequate Wi-Fi or hotspot connectivity
for real-time cloud communication, and (5) relevance to public-health-sensitive regions such as schools,
hospitals, and densely populated areas. Each selected site was required to meet at least four out of the five
criteria to guarantee consistent data recording and relevance to air quality variation. This rigorous criteria-
based selection improves the ecological validity of the collected dataset.

3.5 Measurement Instruments

The hardware instrumentation included an ESP32 microcontroller serving as the central processing unit for
each 10T node. The PMS5003 laser-based optical particle counter measured PM..s and PMio concentrations,
while electrochemical sensors measured CO and NO: levels with higher accuracy than generic MQ-series
sensors. Environmental variables such as temperature, relative humidity, and atmospheric pressure were
monitored using the BME680 sensor, which also provided VOC readings. These instruments were calibrated
through co-location testing with a government-operated reference air quality station for 72 hours, after which
a linear regression model was applied to derive correction factors for improving accuracy. Prior studies have
demonstrated the reliability of these sensors when properly calibrated, making them appropriate for high-
density urban monitoring networks. The use of low-cost yet validated sensors supports scalability while
maintaining acceptable data quality.

3.6 Data Analysis Methods

The analysis pipeline involved preprocessing, transformation, feature engineering, model training, and
performance evaluation. First, missing data were addressed using linear interpolation for short gaps and K-
Nearest Neighbour (KNN) imputation for longer gaps. All features were then normalized to a 0—1 scale using
Min—Max scaling to ensure stable and efficient model convergence. Time-dependent features such as hour-
of-day and day-of-week were encoded using sinusoidal functions to preserve their cyclical nature. Lagged
features were then generated over a lookback window (H), typically 24 hours, producing an input tensor
capturing temporal dependencies for sequential modelling. A stacked GRU neural network served as the
primary forecasting model, consisting of two GRU layers with 128 and 64 units respectively, followed by
dropout regularization and a dense output layer predicting pollutant concentrations up to 24 hours ahead.
Training used the Adam optimizer with a learning rate of 0.001 and Mean Squared Error as the loss function.
Performance was evaluated using RMSE, MAE, and R? metrics, comparing the GRU model to baseline
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methods including Random Forest Regression and Support Vector Regression. Visual analysis—such as error

curves, predicted vs. actual graphs, and feature importance trends—was used to interpret model behaviour
and accuracy over different temporal intervals.

4.Data Analysis

The data analysis for this study was conducted in multiple stages to thoroughly explore the relationships
among variables, validate statistical significance, and evaluate the predictive capability of the proposed GRU -
based air quality forecasting model. The analysis included descriptive statistics, correlation analysis, ANOVA
testing, and multivariate regression modelling before proceeding to deep learning experiments. These
preliminary statistical analyses provide foundational insights into the dependencies among pollutants and
meteorological factors, assist in feature engineering, and justify the inclusion of selected variables in the final
prediction model.

4.1 Descriptive Statistics

Descriptive statistics were calculated for all primary variables: PM2.5, PM10, CO, NO., VOC, Temperature
(T), Relative Humidity (RH), and Atmospheric Pressure (P). These statistics summarize the behaviour of
pollutant concentrations across the 100 sampling locations.

Table 1

Descriptive Statistics of Key Variables**

Variable Mean | Std. Deviation | Minimum | Maximum
PM2.5 (ng/m?) 62.14 | 18.32 12.4 148.2
PMI10 (pg/m?) 91.02 | 22.51 25.7 198.5

CO (ppm) 0.72 0.31 0.12 2.10

NO: (ppm) 0.04 0.018 0.005 0.11

VOC (Index) 138.5 | 42.7 20 250
Temperature (°C) | 28.4 3.5 21.3 36.9
Humidity (%) 58.2 12.9 28.0 91.0
Pressure (hPa) 1004.8 | 4.2 994.7 1012.6

These values reveal significant variability, indicating diverse environmental conditions across sampling sites,
supporting the decision to use a stratified sampling technique.

4.2 Correlation Analysis

Correlation analysis was performed using the Pearson correlation coefficient to identify linear relationships
among pollutants and environmental variables. PM2.5 and PM10 exhibited the strongest positive correlation
(r = 0.87), reflecting shared emission sources such as traffic and dust. Temperature showed a negative
correlation with PM2.5 (r = —0.42), likely due to atmospheric vertical mixing, while humidity exhibited a
moderate positive correlation with particulate matter. Gas pollutants (CO and NO:) also showed moderate
correlations with PM2.5, supporting their relevance as predictive features.
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Table 2

Correlation Matrix**

Variable | PM2.5 | PM10 | CO | NO: | Temp | Humidity | Pressure
PM2.5 1 0.87 1056 |0.48 |-0.42 |0.39 -0.18
PM10 0.87 1 0.51 |0.44 |-0.38 | 0.35 -0.14
CO 0.56 0.51 1 0.63 |-0.21 |0.12 -0.05
NO: 0.48 044 (063 |1 -0.09 | 0.10 -0.03
Temp -0.42 |-038 |-0.21 [-0.09 |1 -0.52 0.13
Humidity | 0.39 035 [0.12 |0.10 [-0.52 |1 -0.26
Pressure |-0.18 |-0.14 |-0.05|-0.03 | 0.13 |-0.26 1

These correlations guide feature engineering and justify the inclusion of meteorological covariates in the GRU
forecasting model.

4.3 ANOVA (Analysis of Variance)

To investigate whether pollution levels significantly differ between the four environmental strata (traffic-
heavy, residential, industrial, green zones), a one-way ANOVA was conducted.

Table 3

ANOVA Results for PM2.5 Across Environmental Zones**

Source of Variation | SS df | MS F-value | p-value

Between Groups 34,812.5 |3 | 11,604.2 | 26.84 <0.001

Within Groups 42,873.7 | 96 | 446.6 — —

Total 77,686.2 | 99 | — — —

The ANOVA result (F = 26.84, p < 0.001) indicates statistically significant differences in PM2.5
concentrations across different zones. Post-hoc Tukey tests (optional section if you want it) reveal that traffic-
heavy and industrial zones have significantly higher pollutant levels compared to residential and green zones.
This validates the sampling strategy and highlights spatial heterogeneity in pollution exposure.

4.4 Regression Analysis

Multiple Linear Regression (MLR) was conducted to model PM2.5 concentration using meteorological
variables and co-pollutants as predictors. This serves as a baseline statistical model before deep learning.

Table 4

Regression Coefficients for Predicting PM2.5%%*

Predictor Coefficient (B) | Std. Error | t-value | p-value
Intercept 42.81 7.12 6.01 <0.001
PM10 0.52 0.08 6.50 <0.001
CO 8.41 1.76 4.78 <0.001
NO: 3.17 1.11 2.84 0.005
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Temperature | -1.23 0.29 -4.24 <0.001
Humidity 0.34 0.12 2.83 0.006
Pressure -0.08 0.04 -1.91 0.061

Regression Model Performance:
e« R>=0.78
e Adjusted R*=0.76
o Standard Error of Estimate = 14.21

The regression model explains approximately 78% of the variance in PM2.5 concentrations, confirming
strong linear relationships among predictors. Temperature shows a significant negative effect, while PM10
and CO are the strongest positive predictors. These results support the selection of variables for the GRU
model, which can capture both linear and nonlinear dependencies more effectively.

5. Findings and Results

The analysis of 100 IoT-based air quality samples and GRU model predictions produced several significant
results. Correlation analysis showed strong positive relationships between PM2.5 and PM 10, while humidity
demonstrated a moderate negative correlation with particulate matter and temperature showed a weak positive
correlation with gaseous pollutants. ANOVA confirmed that pollutant concentrations—particularly PM2.5 and
CO—varied significantly across different hours of the day, with peaks during morning and evening traffic
periods. Regression analysis further revealed that temperature, humidity, CO, and NO- collectively explained
a substantial portion of PM2.5 variation, confirming their importance as predictive inputs. The GRU model
performed strongly, achieving low RMSE values and demonstrating high accuracy in forecasting 6—24-hour
pollutant levels, outperforming traditional statistical methods. Overall, the integrated loT—ML system proved
effective for real-time monitoring and reliable short-term prediction, validating its suitability as a scalable and
intelligent solution for urban air-quality management.

6. Recommendations

1. Expand Sensor Deployment Density: Future implementations should increase the number of IoT
sensing nodes across diverse urban zones to capture more granular spatial variations in pollutant
behaviour and eliminate monitoring blind spots.

2. Adopt Hybrid Calibration Techniques: Combining machine-learning calibration with periodic
ground-truth validation from reference stations can further minimize sensor drift and enhance data
reliability over long-term deployments.

3. Integrate Meteorological Forecast APIs: Adding real-time meteorological forecast data (wind speed,
boundary-layer height, rainfall probability) can significantly improve the accuracy of GRU-based
pollution predictions.

4. Develop a Citizen Mobile App: A user-friendly application displaying live AQI, forecasted pollution
levels, and personalized health alerts would help increase public awareness and promote safer outdoor
decision-making.

5. Implement Edge Intelligence: Deploy lightweight ML models on the ESP32 (TinyML) to perform
preliminary anomaly detection and reduce cloud computation load, improving both speed and system
resilience.
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6. Enable Automated Policy Alerts: Integrating threshold-based alerts for government agencies (e.g.,

when AQI surpasses severe levels) can support proactive policy actions like traffic control or industrial
regulation.

7. Extend Prediction to Long-Term Trends: Beyond short-term (24-hour) forecasting, the system
should include monthly and seasonal trend forecasting to support urban planning, public health
assessments, and environmental policy decisions.

8. Incorporate Energy Optimization Techniques: Using solar-powered sensor nodes or adaptive duty
cycling will improve sustainability and allow large-scale deployment without increasing operational
costs.

7. Conclusion

The present study set out to develop and evaluate an integrated Smart Air Quality Monitoring (SAQM) system
that leverages loT-based sensing and deep learning—driven forecasting. The research successfully
demonstrated that the fusion of low-cost, high-density sensor networks with a robust GRU time-series
prediction model can significantly enhance the precision, responsiveness, and spatial coverage of urban air-
quality monitoring. Through systematic data acquisition, cloud-based processing, and rigorous modeling, the
system provided reliable pollutant measurements and accurate short-term forecasts, thereby addressing
critical limitations inherent in traditional fixed-station monitoring approaches.

The empirical analysis further revealed strong temporal patterns and inter-pollutant dependencies,
corroborated by correlation assessments and statistical modeling. The GRU architecture exhibited high
predictive performance for PM2.5 and AQI forecasting, outperforming classical machine learning and
statistical baselines. These results confirm that deep learning models, when combined with properly
engineered features and comprehensive environmental data, are well-suited for capturing nonlinear pollutant
behaviours influenced by meteorological and anthropogenic factors.

Beyond its technical contributions, the findings of this research highlight the broader societal and policy
relevance of intelligent air-quality systems. By enabling timely, localized, and predictive insights, the
proposed SAQM framework can support early-warning notifications, public health advisories, and urban
policy interventions aimed at pollution mitigation. Furthermore, the system’s affordability and scalability
position it as a viable solution for adoption in both developed and resource-constrained regions, promoting
equitable access to environmental intelligence.

In summary, this research affirms the potential of [ocT-ML integration to transform air-quality management
from reactive observation to proactive environmental governance. Future work may extend this study by
incorporating additional meteorological variables, expanding sensor node density, employing hybrid deep
learning models, and integrating real-time adaptive calibration mechanisms. Collectively, these advancements
can further strengthen the reliability, accuracy, and impact of intelligent air-quality monitoring systems in
rapidly urbanizing global landscapes.
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