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Abstract

Air pollution in South India’s industrial clusters remains poorly studied, despite their growing importance as sources
of pollutants in the region. This study presents an in-depth examination of air quality in Gummidipoondi, Tamil Nadu,
encompassing statistical analysis, feature importance, and machine learning models. The results showed that PM, 5 and
PM,, are the main features that affect the Air Quality Index (AQI), accounting for more than 99% of its variations. Gas-
eous pollutants and weather conditions had only a lesser effect. XGBoost was the most accurate machine learning model
(R*=10.9965, RMSE=0.0573), compared to regression and neural models. The SHAP summary plot confirmed that PM, 5
is the main feature that had a significant impact on AQI. Temporal patterns indicated significant pollution impacts dur-
ing winter and post-monsoon seasons, attributed to slow boundary layer conditions and daily industrial activities, while
monsoon offered natural alleviation through dispersion. These results broaden air quality studies outside urban areas and
illustrate the effectiveness of explainable machine learning for real-time surveillance and early warning systems. The study
underscores the immediate necessity for focused particulate matter regulation to mitigate health hazards in industrialising
corridors.
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Introduction particulate matter, ground-level ozone, and other pollutants.
Air pollution in India has reached dangerous levels in many
places. In cities and industrial areas, the amount of particu-
late matter is sometimes far higher than what is considered
safe by national and international norms. The problem has

worsened because of rapid industrialisation, urban growth,

Air pollution is now one of the biggest problems for the
environment and public health in the modern world (Man-
isalidis et al., 2020). The World Health Organisation reports
that every year, millions of people die because of fine
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and rapid transportation (Manisalidis et al., 2020). This is
especially true in peri-urban industrial corridors, where
environmental monitoring and regulatory enforcement are
generally less strict than in big cities.

The Air Quality Index (AQI) is a common term to mea-
sure and talk about the state of the air quality. Researchers,
policymakers, and the general public can better understand
air quality based on AQI, which combines measurements
of several pollutants into one value with defined categories
(Payus et al., 2022). The Central Pollution Control Board
(CPCB) in India calculates AQI by considering pollutants
such as PM2.5, PMlo, SOz, NOz, 03, NH}, CO, and Pb. Fine
particulate matter, especially PM:.s, is often considered
to be the most important cause of bad air quality. This is
mostly because it can enter the respiratory system and cause
many heart and lung problems.

Particulate matter is the most important factor in AQI
calculation, and it also shows how different human-made
sources affect the air quality. In India, some of the main
sources of PMz.s and PMio are industrial combustion pro-
cesses, vehicle emissions, biomass burning, and construc-
tion activities (Joshi et al., 2025). Thermal power stations,
steel processing units, and chemical businesses in peri-
urban industrial clusters emit more particulate pollution
(Zalakeviciute et al., 2020). Meteorological factors, namely
Temperature, humidity, wind speed, and boundary layer
dynamics, play a major role in the dispersion of the pol-
lutants (Andtjar-Maqueda et al., 2025). High winds and
rain during monsoon seasons make it easier for pollutants
to spread, while stagnant conditions in winter months keep
contaminants close to the ground. Because of this complex-
ity, it is hard to forecast air quality using typical statistical
methods that presume linear connections (Mujtaba et al.,
2025).

In recent years, the world has seen remarkable progress
in technology and computer science. Among these develop-
ments, artificial intelligence (Al) has emerged as a leading
field, drawing global attention. Unlike many other disci-
plines, Al focuses on creating machines and systems capa-
ble of demonstrating intelligence, learning independently,
and making decisions (Kaveh, 2024). Machine learning is
used to model the non-linear and high-dimensional rela-
tionship between contaminants and weather conditions.
Machine learning determines the hidden patterns, adjusts to
complicated interactions, and makes more accurate predic-
tions than conventional regression or time-series methods
(Tao et al., 2023). Ensemble-based models like Random
Forest and Extreme Gradient Boosting (XGBoost) are great
for estimating air quality because they can mix many deci-
sion trees and lower the problem of overfitting (Meena et al.,
2024). Support Vector Regression (SVR) and artificial neu-
ral networks, such as multi-layer perceptrons, are becoming
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more common in this field because they can find compli-
cated, non-linear relationships between environmental data
(Sananmuang et al., 2024). Importantly, combining machine
learning with explainable Al frameworks like SHAP (SHap-
ley Additive exPlanations) not only makes predictions more
accurate but also makes them easier to understand, which is
important for making decisions.

Several studies have shown that machine learning can be
used to predict air quality on a worldwide scale. Research in
China, South Korea, and other East Asian areas has shown
that tree-based ensemble models can always do better than
linear models at predicting PM..s levels. For example,
researchers in Beijing used XGBoost on large-scale moni-
toring datasets and got far better at making accurate pre-
dictions than with traditional approaches (Su et al., 2023).
In India, similar trends have been observed, with Random
Forest and gradient boosting techniques utilised in Delhi
and Mumbai to analyse complicated pollutant-meteorology
relationships (de Bont et al., 2024). Recent studies have
emphasised the growing air pollution challenge across
South Asian cities, linking particulate matter with severe
health outcomes (Pant et al., 2024a, b). Risk-based assess-
ments further highlight the importance of integrating pre-
dictive models with public health perspectives (Pant et al.,
2023). In the industrial domain Pant et al., 2024a, b applied
a Naive Bayes classifier to predict PM, 5 concentrations in
an industrial cluster, underscoring the relevance of tailored
machine learning approaches in non-urban contexts. None-
theless, the majority of current research is predominantly
focused on megacities, with relatively insufficient emphasis
on peri-urban industrial clusters. These places are impor-
tant to regional emission profiles because they have a high
concentration of factories and energy production facilities,
despite being less densely populated. They not only make
the air quality worse in their own area, but they also add to
pollution in nearby cities.

Most of the research done in India has been on big cit-
ies like Delhi, Bengaluru, Hyderabad, Mumbai and Chen-
nai (K et al., 2024; Ravindiran et al., 2023, 2025). Unlike
earlier studies that predominantly focused on urban mega-
cities, this research provides new insights into peri-urban
industrial environments such as Gummidipoondi, Tamil
Nadu. The novelty lies in the integration of machine learn-
ing models with SHAP and LIME explanations to not only
achieve highly accurate AQI predictions but also to provide
transparent interpretability of pollutant contributions in
an underexplored industrial context. This signifies a criti-
cal research gap, as these areas are substantial sources of
particulate emissions yet do not receive equivalent levels
of ongoing monitoring, public awareness, or research-
informed policy measures. The current study rectifies these
limitations by executing an extensive investigation of AQI
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Fig. 12 Regression Error Characteristic (REC) curves for all machine learning models
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Fig. 13 SHAP summary plot AQI prediction

pollutants are present. This provides a clear and understand-
able reason for the model outputs, which is important for
targeted interventions and clear policy communication.

Conclusion

This study shows that fine particulate matter is the main
cause of poor air quality in Gummidipoondi. Controlling
PM, 5 is the best strategy to improve the AQI. Temporal
assessments highlighted the concerns present during winter
and post-monsoon months when air stagnation exacerbates
pollutant accumulation. The use of advanced ensemble
models showed that machine learning can make very accu-
rate and clear predictions that can be used in decision-sup-
port systems. Policy action should put the strict regulation
of industrial emissions, the good management of vehicle
traffic along freight routes, and the building of more infra-
structure for continuous monitoring at the top of the list.
Integrating Al-driven prediction frameworks into regional
governance can facilitate early warning systems, mitigate
exposure risks, and inform long-term strategic planning.
Future research should encompass multi-site industrial
clusters, incorporate satellite-based monitoring, and assess
health burden correlations to enhance the evidentiary base
for sustainable air quality management in South India. While
our findings fit well with large-city research, a limitation is
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Fig. 14 Autocorrelation plot of AQI
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Fig. 15 LIME-based local explanation of AQI prediction

the relatively short monitoring duration and single-site con-
text, which might not capture spatial heterogeneity seen in
multi-cluster studies. These limitations suggest directions
for future work, including expanding to multi-site, multi-
year datasets and integrating satellite-based observations, as
recommended by recent reviews.
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