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Abstract- This study investigates the use of machine
learning models like Random Forest and XGBoost to
predict Air Quality Index (AQI) in Indian urban cities.
By analyzing major pollutants such as PM2.5, PM10,
NO2, and CO, the research aims to support early
warning systems and data-driven environmental policy
decisions.

Index Terms—AQI, Machine Learning, Random Forest,
XGBoost, Pollution Prediction.

L. INTRODUCTION

Air pollution in the present world become a major
environmental as well as public health concern in
many Indian cities, mainly in densely populated urban
areas. The aim of this study is to improve early
warning systems and sustainable living in the urban
areas. As cities such as Delhi, Mumbai, and Kolkata
face dangerous levels of air pollution, there is a
subsequent requirement to have intelligent models that
would facilitate proactive health planning and policy-
making. The analysis makes use of indicators of
pollutants, including PM2.5, PM10, NO2, SO2, CO,
and others, combined with a machine learning method
based on regression. Random Forest and XGBoost
models are elaborated with the aim of finding the most
accurate predictors of AQI.

IL. PROBLEM STATEMENT

The short-term AQI levels in Indian urban cities are
not easily predicted because of the dynamic nature of
various pollutants and environmental conditions. The
prediction model of machine learning is required to
enhance real-time insight to forestall the chances of
projecting the AQI (Pande er al. 2025). The
emergency interventions in the city health sectors and
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informed policy formulations to deal with the air
quality of the urban environment can occur.

III. OBJECTIVES

e To gather and pre-process the past air quality and
other pollutant levels, such as PM2.5, PM10,
NO,, CO, SO, and other important indicators of
the environment in various Indian urban cities.

e To compare and apply machine learning
regressions, including Random Forest and
XGBoost, to predict air factors correctly.

e To assess the effectiveness of the model using
suitable error measures such as MAE, RMSE, and
R? to identify the effectiveness of the prediction.

e To present observations that enhance -early
warning and data-based environmental policy
programming.

Iv. METHODOLOGY

The processing of the results of the work is based on
the methodology of collecting and preprocessing the
historical information on the air quality of the major
Indian cities. The main characteristic of the pollutants,
including PM2.5, PM10, NO,, CO», and so on, is
chosen to be analyzed (Natarajan ef al. 2024). The data
is loaded and cleaned by eliminating duplicates and
nulls using pandas or other Python libraries. Linear
Regression, Random Forest, and XGBoost regression
models are applied in predicting AQI, which reflects
the pollution level (Binbusayyis et al. 2024). The data
recorded is separated into a training and a testing set.
The performance of the model is measured using the
values of MAE, RMSE, and R? to achieve accuracy
and strength.
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be obtained to help predict short-term AQI levels and m B "m :’ MM:L jww ;,: 5

assist in early health warnings and environmental s s o o oo oon o
decisions based on data. Figure 2: Checking for null values and
ingort nuspy 25 np showing the dataset and Descriptive Statistics
import pandas as pd The output has no missing values or null values in any
iagort atplotlib.pyplot s plt of the columns of the urban data DataFrame. The

isport seaborn as sns

fron sklearn.model_selection import train_test_split figure presents the first five records of the data,

fron sklearn.ensesble inport RandonForestRegressor consisting of the level of various air pollutants such as

fron sklearn.metrics isport mean absolute error, mean_squared_error, r2_score PM2.5, PM10, NO?, CO, and SO? of various cities and
their AQI as well as AQI category.

- Loading the dataset The descriptive statistics present the presentation of

pollutant concentrations throughout 18,265 records.
Every pollutant displays the count, mean, standard
deviation, minimum, and quartiles of the pollutant.
The dispersions and averages of PM10 and PM2.5
[4] urban_data.drop_duplicates(inplace-True) demonstrate extreme values, showing large variations
in the level of pollution across urban areas in India.

[2] urban_data = pd.read_csv( city_day.csv")

- Removing duplicate values

[~ RemOV[ n g nu “ va I ues Correlation Matrix of Air Quality and Pollutant Features Lo
PM2.5 X X X X . .00 :
[5] urban_data.dropna(inplace=True) P10 ) !
Figure 1: Importing libraries and removing duplicate w0
and null values
- 0.6
The Python code loads the dataset, which contains the
air quality data in the file city day.csv, into a
. . - 0.4
DataFrame entitled urban data. It drops duplicate o001l o00 o
rows to maintain the integrity of data and then drops enzene . 000] 0.01]-0.01 o1
. . . 0.2
the rows with missing data to leave the dataset, oluene 90|00
. . Xylene
preparing it to be analyzed or modelled. mmmm WWWWWWWW
a1 0.0
Checking null values s g 85 5 2 8 5 8 ¢ &£ fog
g E z o g § o g é é é
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print{urban_data.isnuwll{)}.swm) ]
> Ccity o AQI Bucket Distribution Across All Cities)
Datetime =] Moderate
PM2 .S =]
Prae =] Very Poor
MO L=
MO2 =]
PO = =]
MNH3 =]
[t ) 2
SO2 =]
oz -l Severe
BenTaerne =
Toluene &
MWy dlenae a
Tl (=] Poor
AT Bucket (=]
Showing the dataset
urban_data. head()
city Datetine PM2.5 PMI® MO NOZ MNOx WH3 (O 502 03 Benzene Toluene Xylene AQI AQI Bucket Satisfactory
Dei 2150101 1533 2417 1829 330 813 385 187 645 836 1893 2081 832 2045 Severe Good
Mumbai 20150101 705 3127 1950 420 1225 315 722 838 1080 20 1941 286 609 Safisfactory

Figure 3: Correlation matrix and AQI Bucket
Bangalore 20150101 1716 N7.7 1233 124 619 497 126 797 1643 604 1274 959 4897 Good Distribution across AH (CltleS)

0

1

2 Chennai 20150101 1741 2754 562 688 2309 265 656 608 439 1907 1019 963 4865 Severe
3 Kokata 250101 4772 5438 141 764 2259 456 241 421 1711 931 165 939 1744 VeryPoor
4
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The heat-map demonstrates low associations between

Yearly PM10 Mean & Median Levels Across Indian Cities

the majorities of pollutants. There is a low positive 20 TS = Nean
correlation between PM2.5 and PM10, whereas AQI s \".
does not strongly correlate with a particular pollutant. e \\ gt
The pie chart demonstrates that the distribution of ey Y A}
AQIs is somewhat even, with a slight dominance of E:” ‘\‘ ‘\
Severe and Satisfactory. This indicates the changing e ‘1\ / A
levels of air quality among the cities of India that s L
highlights the variability, and inconsistency in s e _wm wa wa
pollution control performance.
PM2.5 Levels by City 1 10-19 Tﬁ’pﬂl‘lo ey A‘ig-r:-'? — Lf:il: 10.02
500
s
400 %g .
g 200 2
100 e aﬁ&
0 —
95“\ ;@\ f"’ \\;@ ;\e& Figure 5: Average and median PM10 over time, all
+ ¢ ¢ & cities and Top 10 cities by average Benzene Levels
d The decrease in 2020 implies a decline in activity
Distribution of NO2 Levels Across Al Cities linked to the pandemic. This is because the mean and
e N o - T median values are very close, which means they are
11| =T —_:j TUTE AT fairly distributed without large outliers in most of the
m years. The plot of the time series of PMI10
o0 measurements made in Google colab by the help of
2 Python. The average levels of benzene are highest in
" 0 Kolkata, closely followed by Delhi and Chennai.
Benzene is a carcinogenic chemical, as this is an
e indication of a health issue among citizens exposed to
oL ‘ ‘ | ‘ | industrial pollutants and fuel-burning discharges. The
° ® ° gy small variation in value indicates high prevalence of
Figure 4: PM2.5 distribution by city and Distribution benzene in the urban space and not a single region.
of NO2 across all cities PV WWMMQ 0

Boxplot comparison interprets that Chennai and
Mumbai are the highest in terms of the median of
PM2.5. Wide variability is observed in all cities, which
indicates that PM2.5 is a high pollutant in all urban
centers of India probably caused by traffic,
construction, or industrial activities. =

o

Histogram interprets that NO, have a distribution
across different cities except that there are slight peaks
showing that there is regular exposure. This regularity
is an indication of regular sources of pollution such as

emissions by vehicles, but the slight variation is a sign Figure 6: Pairwise relationships between PM2.5,
that there are local causes. PM10, AQI, NO2

L]
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The scatterplots indicate that there is no significant
clustering between PM2.5 and AQI, though one can
observe weak clustering. The right-skew nature of the
pollution levels on the diagonals confirms the
occurrence of extremely high levels of pollution in
some cases despite the majority of the available data
points being moderate. The weak linearity trends
highlight the reasons behind the use of a non-linear
ML model.

Random Forest Model Performance:
MAE : B83.74

RMSE : 87.21

R Sguared Value : @.42

Actual vs Predicted AQI
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Figure 7: Random Forest Model Performance
The Random Forest model exhibits average results
with one of the values being the MAE, which is 63.74,
and the RMSE of 87.21, which suggests that values in
the predictions are moderately accurate. The amount
of predictability, R? value, implies that the model has
a 42 percent chance of explaining the variance in AQI
and therefore has a partial predictive ability.

Linear Regression Model Performance:
MAE @ £69.4531

RMSE @ 89.7419

R Squared Value : 8.39

Figure 8: Linear Regression Model Performance
The Linear Regression model shows satisfactory
results as its MAE is 69.45 and RMSE is 89.74, and it
comes to the predictive performance.. The R? of 0.39
also means that it explains 39 percent of the variance
of AQI with limited but reasonable accuracy.
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¥GBoost Model Performance:
MAE : 65.84

RMSE : 89.25

R Squared Value : @.49

Figure 9: XGBoost Model and LSTM Model
Performance
The XGBoost model has an MAE at the level of 65.04
and RMSE 89.25, which is moderate prediction
accuracy. The model exhibits moderately better results
compared to those of the linear regression, as the R? is
0.40, with 40 percent of AQI variance being explained.

VL SCOPE & LIMITATIONS

This study focuses on predicting short-term AQI levels
in Indian urban cities using historical air quality data
and machine learning models. The scope covers the
analysis of major pollutants such as PM2.5, PM10,
NO2, and CO within several cities and the
implementation of models as Random Forest and
XGBoost to forecast accurately (Swamynathan et al.
2024). These models are effective and work with
complex trends of data; their precision is always prone
to what is within the data. The limitations arise due to
the quality and magnitude of data available. Publicly
sourced data is utilised, and this data can be non-
representative of pollutant hotspots or real-time
changes (Barthwal and Goel, 2024.). The models are
trained using past data, and thus, they are not sensitive
to sudden environmental changes. Data for only urban
centers is taken into consideration, and no data about
the rural air quality movements or about the posts of
the personal sensors can be found there (SK and
Ravindiran, 2024). The model effectively interprets
AQI by using important pollutants such as PM2.5 and
NO2.
VIIL. CONCLUSION

The current research shows that machine learning
models including Random Forest, Linear Regression,
and XGBoost, can be used to successfully forecast the
short-term levels of AQI in major cities across India.
The models assist in timely health warnings and policy
formulation using pollutant data but the predictions are
subject to the accuracy of the data and cannot reflect
instantaneous events.
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