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Abstract—Pure and clean air is essential to make the
ecosystem healthy. Air pollution is becoming a critical global
concern for both the environment and human health. Presence of
harmful pollutants such as PM, s, PM;, CO,, NO,, SO;, and O3
continuously degrades air quality and influences climatic
conditions. This study aims to present a comprehensive air
quality monitoring between traditional and advanced ensemble-
based machine learning models. To monitor air quality, data
collected from major metropolitan cities of India from 2015 to
2023 (Three phases- Pre-COVID, during COVID-19, and post-
COVID). After pre-processing the data, a baseline supervised
machine learning method, Support Vector Machine (SVM), was
applied for ease of implementation. Later, to train weak learner
features, ensemble-based machine learning techniques include
Gradient Boosting Machine (GBM) and Extreme Gradient
Boosting Machine (XGBM), evaluated to get better prediction
analysis. The systematic analysis is inspected using different
performance parameters: R?, Mean Squared Error, Root Mean
Squared Error, and Mean Absolute Error. The outcome
indicates XGBM achieves superior predictive accuracy and
robustness across most cities and time periods, and achieves
better variability in spatial and temporal features in
performance. The key findings highlight the importance of
location-based specific modelling strategies and demonstrate the
potential of ensemble learning models for reliable urban air
quality monitoring.

Keywords—AQI; COVID; SVM; Gradient Boosting Machine
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I.  INTRODUCTION

Rapid wurbanisation and industrialisation, vehicular
emissions, and deforestation in the 215 century ruin the entire
environment and nature [1]. Major air pollutants, such as
particulate matter (PM2s and PMio), nitrogen dioxide (NO-),
sulphur dioxide (SOz), carbon monoxide (CO), carbon dioxide
(C0O»), and ozone (Os), [2] cause hazardous impacts on human
health. The Air Quality Index (AQI) is mainly used to
measure and monitor air quality continuously based on
different pollution levels, categorizing it from good (0-50) to
hazardous (above 300) using a colour scale ranging from
green to maroon [3]-[4]. According to the World Health
Organization (WHO), wurban air pollution increased
approximately 56.15% in 2020, which may rise to 68% by
2050. This concerning increase in pollution poses significant
threats not only to human well-being but also to the entire
ecosystem [5].

Traditional statistical and machine learning models, such
as linear regression, decision trees, random forest, and support

vector machines (SVMs), have been widely applied for air
quality prediction due to their conceptual simplicity and
relatively low computational cost. However, these methods
often struggle to capture the non-linear, non-stationary, and
highly heterogeneous nature of urban air pollution,
particularly when applied across diverse climatic zones or
during periods of abrupt socio-economic change. Moreover,
many existing studies emphasise predictive accuracy as the
primary evaluation criterion, with limited attention to model
robustness, uncertainty, and interpretability in the context of
air quality science and decision-making,

Recent advances in ensemble machine learning techniques,
particularly — gradient  boosting-based = methods, have
demonstrated strong potential for improving air quality
forecasting by combining multiple weak leamers to capture
complex feature interactions. Models such as Gradient
Boosting Machine (GBM) and Extreme Gradient Boosting
Machine  (XGBoost) offer enhanced generalisation
capabilities, built-in regularisation, and robustness to noisy
environmental data. Despite these advantages, their
application in air quality research has largely focused on
short-term forecasting or single-city case studies, with limited
exploration of spatial heterogeneity, long-term temporal
dynamics, and real-world disruptions such as the COVID-19
pandemic. This work focuses on air quality monitoring by
closely observing the Air Quality Index (AQI) of major air
pollutants: PM2.5, PMiw, Os, CO, NO:, and SO: from
collected data on Indian metropolitan cities, including
Ahmedabad, Bengaluru, Chennai, Delhi, Kolkata, and
Mumbai. These cities represent diverse climatic zones and
industrial profiles, which makes them more ideal for air
pollution analysis. To capture complex, non-linear, and weak
learner features, ensemble machine learning techniques such
as Gradient Boosting Machine and Extreme Gradient Boosting
Machine were introduced. The study focuses on three phases:
Pre-COVID, during the COVID-19 pandemic, and Post-
COVID recovery periods, which provide a clear view of
pollution trends under economic conditions. By comparing
baseline machine learning models with advanced models to
improve the prediction accuracy by calculating different
performance parameters, R? score, Mean Squared Error, Mean
Absolute Error, and Root Mean Squared Error.

Despite significant advancements in machine learning-
based air quality monitoring, the existing studies largely focus
on short-term temporal prediction and on single-city analysis,
with limited attention on long-term temporal variability,
spatial heterogeneity, and model robustness, such as COVID-
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19 pandemic disruptions. These create a gap in understanding
how different models perform across diverse urban
environments. Therefore, a strong requirement for a
systematic evaluation and analysis of machine learning
methods for air quality monitoring across multiple cities with
different temporal phases.

The key contribution of this work lies in moving beyond
accuracy-centric evaluation toward a more comprehensive
understanding of how machine learning models reflect
underlying air pollution dynamics in heterogeneous urban
environments. By identifying cities and periods where models
perform reliably and those where prediction uncertainty and
overfitting emerge, the findings provide actionable insights for
air quality management, early warning systems, and policy-
driven decision-making. This integrated perspective supports
the development of adaptive, location-specific air quality
monitoring frameworks suitable for complex and rapidly
evolving urban settings. The key objective of the research
study is to evaluate and analyse long-term air quality trends
and to compare the performance between traditional and
ensemble machine learning methods.

II. RELATED WORK

The study proposed by Pan et al. [6] was a cluster-based
under-sampling strategy combined with a transformer model
to improve the prediction of extreme PM2.5 concentration.
They optimized model performance for a high-pollution
scenario and developed data augmentation for air quality
forecasting. Due to the rarity of training datasets, traditional
forecasting approaches perform poorly on high-concentration
episodes. Alrasheedi et al. [7] emphasized the use of ensemble
and hybrid machine learning models to enhance robustness
and handle spatial heterogeneity for accurate air quality
prediction. The authors used GBM and XGBM strategies to
improve the performance of air quality prediction. The review
persists challenges of high computational costs, limited model
generalizability across regions, and data quality issues.
Muhammad et al. [8]; Kumari et al. [9] integrated a long-term
climate assessment framework that combines the Mann-
Kendall trends with machine learning models to adopt a
climate-smart agriculture system in Nigeria. Satish et al. [10]
demonstrated a comparative survey on four major sources:
industrial activities, vehicular traffic, natural phenomena, and
combustion processes to evaluate machine learning-based air
pollution prediction. The reviewed studies reveal challenges
such as the complexity and variability of pollution sources and
the difficulty in accurately modelling emissions from diverse
and dynamic processes. A linear regression-based machine
leaming model to forecast AQI using an Al-driven, data-
centric air quality prediction framework proposed by
Waghmare et al. [11] for Pune city.

Ansari et al. [12] proposed a comprehensive machine
learning-based framework for hourly AQI prediction and
demonstrated that Extreme Boost (XGBoost) performed with
superior accuracy and computational efficiency in urban air
quality forecasting. Dawar et al. [13] proposed a Lasso
regressor-based machine learning model that can accurately
predict air quality from the Himalayan city of Dehradun. It
supported proactive air pollution mitigation aligned with
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SDGs 3 and 11. Due to limited location-specific AQI
prediction studies for Himalayan towns, the influence of
complex geographical and climatic conditions on air quality.
The authors concluded with the need for reliable, high-
accuracy models to enable timely and effective urban air
quality management. T. Desai et al. [14] used SVM and KNN-
based machine learning models to combine multiple
algorithms to make hybrid models to achieve better forecast
accuracy, especially when trained on large datasets. They
faced difficulty in achieving consistent AQI prediction
accuracy across diverse urban industrial environments.
Sharma et al. [15]; Ahmad et al. [16] proposed two different
frameworks, ARIMAX/SARIMAX-ML and a hybrid BiGRU-
IDCNN framework, to integrate temporal and spatial feature
learning to accurately predict particulate matter levels across
multiple monitoring stations in Delhi. The BiGRU-1DCNN
model demonstrates strong predictive performance by
effectively capturing spatiotemporal patterns. However, the
ARIMAX/SARIMAX-SVM  framework provides more
interpretable outcomes by explicitly analysing trends and
incorporating exogenous factors, which enhances its
usefulness for policy formulation. J. Saini et al. [17] presented
a systematic review of various machine learning models to
predict indoor air quality by identifying Random Forest as the
most commonly adopted model, and PM2.5 was identified as
a key indicator for critical indoor air conditions. Difficulties in
timely forecasting of hazardous indoor air scenarios and a lack
of training data face issues in forecasting indoor air quality.
Naveed et al. [18] proposed an innovative digital twin—based
framework for AQI forecasting in smart cities, integrating
deep leaming models with a 3D urban digital twin to enable
accurate prediction, visualization, and real-time monitoring of
air quality. Challenges such as limited integration of Al
models with digital twin platforms, and difficulty in real-time
visualization and decision support issues have been identified
for effective forecasting.

Although extensive research has applied machine learning
and ensemble-based techniques for air quality prediction,
several limitations remain in the current body of literature.
Many existing studies focus on short-term forecasting, single-
city case studies, or isolated pollutants, which restricts their
ability to capture long-term temporal dynamics and spatial
heterogeneity across diverse urban environments. Moreover,
while advanced models such as XGBoost, hybrid deep
learning architectures, and spatiotemporal frameworks have
demonstrated improved predictive accuracy, limited attention
has been given to model robustness, uncertainty, and
performance degradation under abrupt socio-economic
disruptions, such as the COVID-19 pandemic. Most studies
primarily evaluate models based on numerical accuracy
metrics, with minimal interpretation of how model behaviour
reflects underlying pollution complexity or emission stability.

Furthermore, most existing works emphasise accuracy
metrics without providing insights. In contrast, the present
study extends existing research by conducting a multi-city,
long-term analysis across major Indian metropolitan regions
representing diverse climatic conditions and emission profiles.
By systematically evaluating traditional and ensemble
machine learning models across pre-COVID, during COVID,

520|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

and post-COVID phases, this work provides insights into
spatial variability, temporal stability, and overfitting behaviour
under distributional shifts. Furthermore, the study emphasises
the practical relevance of model performance for urban air
quality management, highlighting where data-driven
approaches are reliable and where adaptive or hybrid
strategies may be required. This comparative and interpretive
perspective positions the work beyond accuracy-centric
forecasting and contributes to a more policy-relevant
understanding of machine-learning-based air quality
monitoring,

III. MATERIALS AND METHODS

A. Data Collection

Table I shows datasets collected from major metropolitan
cities of India, including Ahmedabad, Bengaluru, Chennai,
Delhi, Kolkata, and Mumbai. From Mumbai, the data was
collected from different highly polluted locations, including
Borivali West, BKC, Chakala Andheri East, CSMT Airport,
Deonar, Bhandup West, Kurla, Malad West, Mulund West,
Vile Parle West, Colaba, Sion, and Worli. These cities were
selected to represent a diverse range of climatic zones and to
exhibit rapid population growth and pollution sources,
including traffic emissions, industrial activities, stubble
burning, and deforestation, making them suitable for a
comprehensive analysis of air quality. The air quality data
were obtained from publicly accessible resources, the Central
Pollution Control Board (CPCB) and the State Pollution
Control Board (SPCB). The dataset covers the years from
January 2015 to July 2023 and consists of hourly observations,
including approximately 78,000 records with 24 different
attributes, making it a large multivariate time-series dataset. It
includes time indicators (From Date and To Date), key air
pollutants such as PMa.s (pgm™3), PMiwo (pgm=3), NO:
(ug m™3), SOz (ug m~3), CO (mg m~3),, Ozone (ug m~3), and
selected Volatile Organic Compounds (VOCs) components
like Xylene (ug m~3), along with meteorological parameters
including Temperature (°C), Relative Humidity (%), Wind
Speed (ms™?!) and Wind Direction (°), Barometric Pressure
(hPa), Solar Radiation (W m~2), and Rainfall (mm). Data
validation procedures included consistency checks, removal of
unrealistic and outlier values in accordance with the CPCB
and SPCB data quality guidelines. As is typical of real-world
environmental monitoring data, some attributes contain
missing or irregular values. This highlights the need for
careful pre-processing before applying machine-learning
models.

B. Data Pre-processing

Data Pre-processing is used to enhance data quality for
better model performance. From the above section, datasets
were collected from 2015 to 2019 on an hourly basis by
different key pollutants along with measurements. Techniques
such as data cleaning and outlier removal are important before
applying models. To handle missing values and outlier
removal, various pre-processing approaches were used to
ensure data integrity and model performance. A variety of
non-arbitrary values without adding any arbitrary data were
used to fill missing values [19].
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TABLE L. DATA COLLECTION FROM MAJOR METROPOLITAN CITIES
Sr. NO. Indian metropolitan cities Sr. NO. Mumbai Locations
1 Ahmedabad 6.1 Borivali East
2 Bengaluru 6.2 BKC
3 Chennai 6.3 Chakala Andheri East
4 Delhi 6.4 CSMT Airport
5 Kolkata 6.5 Deonar
6 Mumbai 6.6 Bhandup West

6.7 Kurla

6.8 Malad West

6.9 Mulund West

6.10 Vile Parle West

6.11 Colaba

6.12 Sion

6.13 Worli
xm=xp+(%)tm—tp (1)

where, x,,, is used to fill missing values. X, and Xn are the
previous and next index, respectively [see Eq. (1)].

Missing values were treated using a time-series
interpolation method. Linear interpolation, which works
particularly well with time-series datasets, was used to
estimate missing values between consecutive observations.
Furthermore, polynomial interpolation was used for more
intricate data patterns, fitting higher-order curves to more
precisely monitor missing inputs.

Attributes such as NHs, Xylene, Wind Speed, Wind
Direction, and Rainfall (RF) were removed due to a high
proportion of missing values to maintain data quality and
minimise noise. The pre-processed datasets concentrate on the
most reliable and pertinent air quality indicators. For short
gaps occurring at the beginning or end of a time series,
forward fill (FFill) and backward fill (BFill) were used on
datasets for quick processing. In order to fill the gaps,
Backwards Fill uses the next known value, whereas Forward
Fill uses the more recent known value ahead to address
missing elements [see Eq. (2) and Eq. (3)]:

Xt =Xt — 1 (Forward Fill) 2)
Xt=Xt+ 1 (Backward Fill) 3)

These techniques store the time-series related data
structure. Furthermore, for regression imputation methods
based on models were used to estimate missing values, K-
Nearest Neighbours (KNN) imputation evaluates missing
values based on the similarity among neighbouring data
points.

Outlier detection and treatment were performed to mitigate
the influence of extreme values that occurred in the statistical
analysis. To remove outliers, two primary approaches were
used, which have the potential to skew statistical research and
impair model accuracy. First, outliers were found by
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computing boundary values based on standard deviations
(values exceeding +3) using the Z-score approach [20].
Plotting distributions, identifying borders, identifying outliers,
and applying trimming or capping were all included in the
outlier-removing process. To reduce skewness while
preserving the data's range, capping replaced the present
threshold values with extreme values. For verification of
changes, statistical conclusions were produced using the
describe () function. Moreover, a percentile-based
Winsorization approach was used to manage the skewed
distribution commonly observed in pollutant concentration
data. The 15t and 99 percentile thresholds were selected to
cap extreme observations. Winsorization  minimises
information loss and maintains dataset size, which 1is
particularly useful for time-series modelling. Across major
key pollutant features such as PMa.s, PM1o, SOz, NO2, and CO,
approximately 7-10 % observations per feature were identified
as outliers and subsequently capped. Visual inspection by box
plots and distribution plots, along with observations before
and after outlier removal, confirmed that these procedures
reduced skewness and variance without altering temporal
patterns, which were used to evaluate the data spread of
selected features [21].

The final pre-processed dataset retained the most reliable
air quality and meteorological variables, with improved stable
distribution and noise reduction, providing a robust base for
subsequent machine learning models development. The
cleaned dataset was divided into training (80%) and testing
(20%) sets using a time-aware split to preserve temporal
dependencies. Feature sets include key pollutants PM2.s5, PMio,
NO2, SO, CO, O; as input features, and selected
meteorological parameters include temperature, relative
humidity. AQI is treated as a target feature. Since AQI is
derived from pollutant concentrations, it was ensured that AQI
was not used as an input feature when predicting AQI to avoid
data leakage. Additionally, a validation set (10% training data)
was used for hyperparameter tuning. Hyperparameters for
machine learning algorithms represented in the section below,
specifically for SVM, GBM, and XGBoost, were optimised
using the grid search technique.

C. Machine Learning Models

Support Vector Machine (SVM) has emerged as a reliable
data-driven approach for air quality prediction, particularly in
situations where conventional physical and statistical models
face limitations [22]. SVM, and its regression variant Support
Vector Regressor (SVR), are well-suited for handling the non-
linear and non-stationary nature of atmospheric pollution data.
SVM requires lower computational effort for short-term
forecasting applications to get superior accuracy. This will
make the SVM model more practical and provide stable
responses to variations in training data. SVM provides a
balanced combination of accuracy, robustness, and
computational efficiency, establishing it as a suitable and
dependable tool for air quality monitoring across different
climatic and urban environments. Parameters such as kemel
function are tuned based on validation performance [23]-[24].

An Ensemble leaming technique, such as a Gradient
Boosting Machine (GBM) that builds weak learners in
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sequence, specifically decision trees. With optimization of
gradient descent, each new model needs to correct the
mistakes of its predecessors with exceptional prediction skills
and flexibility in handling different loss functions. Gradient
Boosting Machine exhibits high efficiency for both
applications of regression and classification [25]. XGBoost,
LightGBM, and CatBoost libraries offer well-optimised
implementations of GBM. Hyperparameters such as the
learning rate, tree depth, and number of boosting rounds must
be aligned to achieve the optimum results. No single gradient
boosting algorithm is universally superior; instead, the choice
depends on the application requirements. CatBoost is
preferable when predictive accuracy is critical [26],
LightGBM is ideal for large datasets requiring fast training,
and XGBoost provides a well-balanced option with strong
performance and scalability. The XGBRegressor [27] library
is specifically used as a regression with gradient boosting
implementation, created to minimise a specified loss function.
It builds an ensemble of decision trees one after the other, with
each new tree concentrating on reducing the residual errors of
its predecessors. To compare traditional boosting techniques
with the ensemble model, XGBRegressor's ability to integrate
both L1 (alpha) and L2 (lambda) regularization is a
noteworthy advantage, as it reduces overfitting and enhances
generalization. It can be fine-tuning the complexity of a model
for training speed and predicted accuracy by adjusting its
hyperparameters, including learning rate, n_estimators,
max_depth, and subsample. The models were trained on
earlier time periods and tested on later periods to evaluate
performance  under  temporal  distribution shifts.
Hyperparameters leaming rate, number of estimators, and
maximum tree depth (GBM and XGBoost) were tuned based
on validation performance.

£0= 3" IFLThH+ ko1 fic (4
1 T
Q(f)er+EAZ w7 )

j=1

L~ 3T 19 fixy +Shifi )]+ Q(f) (6)

_ Zigrjgi
W = g (7
Yi= 2o i) (8)

Eq. (4) to Eq. (8) collectively define the regularized
boosting framework adopted in this study. These formulations
govern loss minimization, tree complexity control, and
incremental error correction, forming the basis of the XGBM
implementation used for multi-pollutant prediction [28]. [(¥i,
}"If) = Loss function (e.g., Mean Squared Error and Mean
Absolute Error calculation for the difference between actual
and predicted pollutant concentration) and f2f, as a
Regularisation term (Overfitting in transfer learning). 2(f) for
preventing overfitting, a regularisation term is added to the
main loss function. The equation illustrates the estimated loss
function at boosting step t, employing a second-order Taylor
expansion. w; Optimal weight assigned to leaf node j. y;
Final predicted pollutant concentration for the data pointi. T:
Total number of boosting iterations. f;, (x;) Output of the kth
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weak learner of a model. Each weak learner comprehensively
resolves the residual errors from previous trees, leading to
improved pollutant prediction accuracy. By aggregating losses
across multiple pollutants, XGBM ensures balanced
forecasting and prevents domination by a single pollutant.
Additionally, an iterative learning of XGBM makes it more
suitable for robust air quality monitoring. The XGB Regressor
optimises a regularized objective that includes both a loss
component and a penalty for complexity in order to construct
additive decision trees. By utilising gradient information (first-
order) along with Hessian information (second-order), it
effectively modifies tree structures while managing overfitting
through L1/L2 regularization.

IV. RESULTS AND DISCUSSION

A. Advanced Machine Learning Models GBM and XGBM

Ensemble learning techniques, particularly XGBRegressor,
offer a strong and logical solution to train weak leamner
features in terms of air quality monitoring. The developed
improvements on collected data indicated that the boosting
framework effectively captured complex non-linear
relationships between pollutants and meteorological variables,
leading to improved prediction accuracy for multiple
pollutants such as PMazs, PMjo, CO, SOz, and NO.. The
combination training of L1 and L2 regularization within the
objective function-controlled model complexity, which
reduced the overfitting issue and gave stable performance
across major metro cities and three different phases, includes
pre-COVID, COVID-19, and post-COVID. An aggregated
loss across major pollutants allowed the model to maintain
balanced forecasting without bias toward a single pollutant, to
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support more effective evaluation of air quality. The model’s
performance was evaluated using MSE, MAE, R? and RMSE,
as defined in Eq. (9) to Eq. (12):

1 "
MSE:; z:l:l()’i - 9? )
1 "
MAE = 5y, - 9 (10)
Coefficients of determination (R? score) =
2 i=9)?
1—="== 11
S (11
1 A
RMSE= 237 (i~ 9) (12)
The graph presented in Fig. 1 showed R? score

comparisons of GBM and XGBM models across five major
metropolitan cities, Bengaluru, Chennai, Delhi, Kolkata, and
Ahmedabad, within time periods pre-COVID, COVID-19, and
post-COVID. Bengaluru consistently performed best across all
phases, while Kolkata and Ahmedabad achieved lower
prediction accuracy in the pre-COVID and during COVID
phases, with some post-COVID improvement. During
COVID, it showed sharp variations across cities, particularly
XGBM showed exceptionally high R? score in Chennai and
Delhi, even exceeding unity in Chennai, which indicated
possible overfitting due to limited pandemic data. XGBM
generally outperformed GBM, particularly in the post-COVID
period, with notable gains in cities like Delhi and Chennai.
Overall, model performance varies across cities and
timeframes due to different pollution dynamics, with XGBM
proving more robust, especially after COVID.

Rz Score Comparison Across Different Periods

1.0f

0.8f

v
5 Ubr
!
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0.4+
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Bangalore Chennal

Fig. 1.

Pre-COVID GEM
Pre-COVID XGAM
COoVID GEM
COVID XGBEM
Post-COVID GBM
Post-COVID XGEM

e lhi Ahrmedabad

Cities

Kolkata

Comparison of R? scores for GBM and XGBM models from metropolitan cities in the time of Pre-COVID, COVID-19, and Post-COVID.
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R2 Comparison Across Mumbai Locations

2.00F

L75}

R? Score

Mumbai Locations

Fig.2. R?and MSE values of GBM and XGBM models across various locations of Mumbai city .

The graph shown in Fig. 2 of different regions of Mumbai
city compares the R? analysis for GBM and XGBM. The
GBM model consistently demonstrated superior R* scores
when compared to XGBM, signifying better or similar
performance. Locations such as Chakala, Malad(W), and
Kurla showed relatively lower R? scores between 0.25 and 0.5
for both models, particularly for XGBM, which may reflect
higher variability in emissions, traffic influence, or data noise
in these areas. Notably, regions such as BKC and Borivali(E)
highlighted better R* scores, nearly around 1 for both models,
while Vile Parle(W) achieved particularly out-of-the-ordinary
results, recording R? scores greater than 2 for both, which
showed overfitting challenges in all temporal phases.
Conversely, locations like Chakala, Bhandup, and Worli
revealed considerably lower scores for XGBM, indicating a
weak model fit. It concludes that GBM surpasses or equals
XGBM in predictive accuracy across the majority of locations.

GBM provided more consistent and stable performance
across Mumbai locations, while XGBoost's performance was
more location-dependent, excelling in some areas but
underperforming in others. Specifically, the locations Vile
Parle West and Bandra Kurla Complex (BKC) indicate an
overfitting and calculation issue. This indicated that spatial
heterogeneity played an important role in model performance
and that model selection may need to be location-specific for
urban air quality forecasting.

B. Comparison between the Existing Performance of SVM
and the Model Performance

The two line graphs, in Fig. 3, illustrate the performance
trends of Gradient Boosting Machine (GBM) and Support
Vector Machine (SVM) models from 2015 to 2019, along with
their cumulative totals. In the first graph [Fig. 3(a)], which
presented R? values, the SVM model (represented by the red
dashed line) consistently surpassed the GBM model (indicated

by the blue solid line) throughout all years, with R? values
ranging from approximately 0.76 to 0.81, signifying a stronger
model fit.

R? Trends for GBM and SVM

i -"'ﬂ-__‘_ =m= 5VM

R* Walue

2015 2016 2017 2018 2019 Total
Year

RMSE Trends for GBM and SVM

RMSE (pgfm®)

2015 2016 2017 2018 2019 Total
Year

Fig.3. (a)R? trend for GBM and SVM, (b) RMSE trends of GBM and SVM
in 2015-2019.
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The highlighted R? score of the GBM model presented
lower R? values, peaking at around 0.74 in 2017 and showing
a significant decline of roughly 051 throughout 2019,
implying that it may lack consistency overall. Fig. 3(b) shows
RMSE (Root Mean Squared Error) results with GBM and
SVM. The outcomes from SVM continue to perform better,
consistently achieving lower RMSE values, which reflect
lower prediction errors throughout all years from 2015 to
2019. The GBM, on the other hand, demonstrated higher
RMSE, with the error fluctuating and escalating sharply in the
total metric, exceeding 10 ug m-3.

R? Values Over the Years

0829 .g\
[ @---mmmmmmn [ T .
0.80 SN
h
0.78 -
0.76 1 GBM
& SVM
0.74 4 & XGBoost

0.72 1

0.70 1

0.68 1

T T T T T T T T T
2015.0 20155 2016.0 20165 2017.0 2017.5 2018.0 20185 2019.0
Year

Fig. 4. Year-wise comparison of R* score and RMSE performance from

2015 to 2019 of GBM, SVM, and XGBM.
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Fig. 4 highlights model performance trends comparison
between existing results and outcomes from Indian metro
cities over the years by a line plot of R? (coefficient of
determination) values from 2015 to 2019 for three machine-
learmning models, GBM, SVM, and XGBoost, used for
prediction tasks. XGBoost overall consistently achieved the
highest R? values across all years, indicating the strongest
explanatory power and best predictive performance among the
three models. Its performance remained relatively stable,
peaking around 0.82 in 2018, followed by a slight decline in
2019. SVM showed moderate and fairly stable performance,
with R? values generally ranging between 0.78 and 0.81. It
showed improvement from 2015 to 2017, and highlighted a
slight decrease afterwards. In contrast, GBM listed the lowest
R? values throughout that period, starting nearly at 0.69 in
2015, improving to about 0.74 in 2017, and then declining
again by 2019.

The graph highlighted two key insights: first, XGBoost
outperformed both GBM and SVM in terms of prediction
accuracy and model consistency, and second, all models
experienced a slight performance drop in 2019. Overall, the
plot supported the conclusion that XGBoost provided more
reliable and robust predictions over time compared to the
other approaches. XGBM typically surpassed GBM in all
three phases, especially during the pre-COVID and COVID-
19 phases. However, the performance of a model in the post-
COVID period declined noticeably across various cities. This
may improve with possible alterations in data patterns or
difficulties in model generalization following the pandemic
[29].

Mean Absolute Error across Cities during Different Time Periods

-
I

=
MJ

10 1

Mean Absolute Error (MAE)
(ws]

Ahmedabad Bengaluru

Fig. 5.

Chennai

EEm Pre-COVID (2018)
HEm COVID-19 (2019-20)
BN Post-COVID (2021-23)

Delhi Kolkata

Cities

Mean absolute error of air quality monitoring across five indian metropolitan cities (Ahmedabad, Bengaluru, Chennai, Delhi, and Kolkata) during three

different periods: Pre-COVID (2018), During COVID-19 (2019-20), and Post-COVID (2021-23).
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Fig. 5 highlights that in Ahmedabad, the Pre-COVID MAE
was approximately 6.9, which surged to about 14 during the
COVID-19 period and slightly declined to 13.2 in the Post-
COVID phase [30]. This indicated a significant increase in
prediction errors during the pandemic, with only a small
improvement afterwards. In contrast, Bengaluru indicated a
steady improvement with MAE values dropping from
approximately 3.5 Pre-COVID to 2.4 during COVID-19, and
further down to 0.8 in Post-COVID. This showed a superior
result in all three phases in Bengaluru. Chennai showed
variations, with a very low MAE of about 0.1 in Pre-COVID,
a sharp increase to approximately 9 during COVID-19, and a
return to around 0.2 in the Post-COVID phase. This pattern
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highlights temporary disruption during the pandemic, possibly
due to sudden changes or anomalies in the data. Delhi,
however, saw a steep increase from 3.5 in Pre-COVID to 15
during COVID-19, with only a slight reduction to 12.5 in
Post-COVID. The persistently high MAE due to very high
AQI during the winter season implies ongoing challenges in
modelling or underlying unpredictability. MAE performance
in Kolkata dropped notably during COVID-19 from around
9.9, pre-COVID, to 4.7, and increased again to 8.7 in post-
COVID, indicating that while the pandemic might have
temporarily simplified patterns [31], complexity resumed in
the following years. Ahmedabad and Delhi show high values
in Post COVID, while Bengaluru and Chennai show recovery.

MAE ANALYSIS OF MUMBAI - ACROSS VARIOUS LOCATIONS

BKC

Borivali(E)

Chakala Andheri(E)
CSMT Airport
Deonar

Bhandup

Kurla

Malad(W)
Mulund(W)

Locations in Mumbai

Vile Parle(W)
Navynagar Colaba
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Worli
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Fig. 6.

15

20 25 30 35
MAE Values

Mean absolute error of air quality monitoring across thirteen locations of Mumbai city during three different periods: Pre-COVID (2018), During

COVID-19 (2019-20), and Post-COVID (2021-23).

TABLE II.

COMPARISON OF EXISTING AIR QUALITY PREDICTION STUDIES WITH THE PROPOSED WORK

Aspect

Existing studies

Present study

Geographic Scope

Mostly single-city or limited regional studies

Multiple Indian metropolitan cities (Ahmedabad,
Bengaluru, Chennai, Delhi, Kolkata, Mumbai)

Temporal Coverage

Short-term or limited historical data

Long-term data (2015-2023)

Modelling focus

Prediction accuracy-centric

Accuracy, robustness, and spatial-temporal
variability

Algorithms

ML, ensemble, and hybrid DL models

SVM, GBM, and XGBoost with comparative
evaluation

Consideration of socio-economic disruptions Rarely considered

Explicit analysis of pre-COVID, COVID, and post-
COVID phases

Spatial heterogeneity analysis Limited

City-wise and location-specific performance

analysis
PP . .. Interpretation of pollution dynamics and model
Scientific interpretation Minimal T P y
behaviour
. . . . Decision support for air quality management and
Practical relevance Primarily forecasting policy pp 4 y g

An analysis of comprehensive Mean Absolute Error
(MAE) across all locations of Mumbai is shown in the graph
in Fig. 6, which highlights the predicted accuracy of a
particular model on the dataset. Various regions, such as
Bandra-Kurla Complex (BKC), highlight the highest MAE

value, which shows a major difference between actual and
predicted values. This indicated that there may be
inconsistencies in the data or that environmental or contextual
elements are complicated. Deonar and Chakala Andheri (East)
highlighted equal prediction accuracy challenges. In contrast,
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locations such as Kurla, CSMT Airport, and Sion showed
relatively lower MAE values, which reflect better model
accuracy or more stable data conditions. Overall, the graph
highlighted the spatial variability of prediction performance
across Mumbai, underlining the importance of location-
specific analysis and potential model refinement to improve
accuracy in high-error zones.

Exploring the factors of air pollutants concentration and
predicting Major air pollutants, such as particulate matter
(PM2s and PMuo), nitrogen dioxide (NO:), sulphur dioxide
(SOz2), carbon monoxide (CO), carbon dioxide (CO:), and
ozone (0Os), and AQI index more accurately is a common
concern for the scientific community and policymakers. To
make a more accurate prediction of air quality, this study
addressed the problem of air quality monitoring from different
Indian metropolitan cities, including Ahmedabad, Bengaluru,
Chennai, Delhi, Kolkata, and Mumbai (from various highly
polluted locations). The study analysed a comparison between
traditional baseline and ensemble machine learning techniques
such as SVM, GBM, and XGBM [32]-[35]. After the feature
extraction, an XGBoost model is constructed, and the
extracted features are used as input to monitor the air quality.
The obtained prediction accuracy is much higher than that of
the support vector machine and gradient boosting machine
[36]-[38].

Table II shows the comparison of existing air quality
prediction studies with proposed machine learning methods.
Support vector machine, Gradient boosting machine, and
Extreme gradient boosting machines explicitly analyse city-
wise and location-specific performance on different evaluation
metrics within three different temporal phases of pre-, during-,
and post-COVID.

V. IMPLICATIONS FOR POLICY AND DECISION MAKING

The results of this study highlight that machine-learning
models for air quality monitoring can offer value beyond
numerical prediction accuracy when their performance is
interpreted in relation to local pollution characteristics. Cities
such as Bengaluru and Chennai showed stable and consistent
model behaviour across different time periods, suggesting that
data-driven forecasting approaches can be effectively used to
support routine air quality advisories and short-term planning
in these regions. In contrast, large metropolitan areas such as
Delhi, Ahmedabad, and several locations within Mumbai
exhibited higher prediction variability, reflecting complex and
rapidly changing emission patterns that are more difficult to
capture using meteorological data alone. These can be
attributed to seasonal factors such as winter smog, industrial
emissions, and vehicular density. These findings suggest that
policymakers should prioritise region-specific interventions,
such as stricter emission control during peak pollution seasons
and enhanced monitoring in high-variability zones.

These outcomes recommend that a single, uniform
forecasting strategy may not be appropriate for all urban
environments. For cities with highly variable pollution
dynamics, machine-learning  predictions  should be
complemented with additional information such as seasonal
emission patterns, local activity data, and expert-driven
thresholds. Periods of sudden socio-economic change, such as

Vol. 17, No. 3, 2026

the COVID-19 lockdown, further demonstrate that predictive
models need regular reassessment to remain reliable under
changing conditions.

At a practical level, the observed location-specific
differences in model performance support the need for zone-
level air quality management rather than city-wide
generalizations. Areas with consistently higher prediction
errors may require improved monitoring coverage or targeted
mitigation efforts. The models rely primarily on pollutant and
meteorological data, without incorporating external factors
such as traffic density or industrial activity, which may
influence prediction accuracy. Overall, this study reinforces
the importance of using machine-leaming tools as part of a
broader decision-support framework, where model outputs
inform but do not solely determine air quality management
and policy actions, including those guided by agencies such as
the Central Pollution Control Board (CPCB). Potential data
inconsistencies and missing values in real-world datasets may
affect model generalization.

VI. CONCLUSION

This research  work  successfully presented a
comprehensive analysis of traditional and advanced ensemble
machine leaming techniques to monitor air quality across
major Indian metropolitan cities using long-term, high-
resolution air quality data spanning pre-COVID, COVID-19,
and post-COVID phases. The work provides valuable insights
into how pollution patterns and model performance evolve
under varying urban and socio-economic conditions. The
comparative evaluation demonstrated that ensemble-based
approaches, particularly Extreme Gradient Boosting Machine,
consistently outperform traditional models such as Support
Vector Machine by capturing complex, non-linear
relationships between meteorological variables and different
pollution dynamics. The results further disclose pronounced
spatial heterogeneity in predictive performance, with cities
such as Bengaluru, Kolkata, and Chennai exhibiting stable and
improved accuracy, while substantially populated and
industrialized metropolitan cities like Delhi, Ahmedabad, and
several Mumbai zones, such as Vile Parle(W) and Bandra
Kurla Complex, remain challenging due to highly dynamic
emission patterns. The COVID-19 period uncovered
significant disruptions in pollution behaviour, underscoring
the limitations of logical models trained solely on
meteorological data. These findings emphasise the need for
adaptive, location-specific modelling strategies in urban air
quality surveillance. Overall, the study emphasizes the need
for location-specific and adaptive air quality modelling
strategies. Machine-learning models can serve as effective
decision-support tools when their limitations are clearly
understood and when they are used alongside domain
knowledge and regulatory frameworks.

To ensure robustness, each model was evaluated over
multiple runs, and average performance metrics were reported.
Although confidence intervals were not explicitly calculated,
performance consistency across multiple cities and temporal
phases provides a reliable assessment of model stability.
Future work will incorporate statistical significance testing
and confidence interval estimation. Future scope can expand
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the model to include more cities and larger labelled datasets to
further strengthen prediction performance. Further move to
deep learmning frameworks to train larger datasets by
improving the integrity of the domain-adaptation mechanism
so that it can perform more effectively across regions with
different pollution dynamics. With these advancements, the
overall system can evolve into a more reliable and scalable
air-quality monitoring solution that supports policy
development and public-health awareness planning.
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