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Abstract --Air pollution has become one of the most critical environmental and public health challenges in
India. Major metropolitan cities such as Delhi, Mumbai, and Hyderabad frequently record hazardous Air
Quality Index (AQI) levels due to vehicular emissions, industrial activities, meteorological variability, and
urbanization. Accurate short-term and multi-horizon AQI forecasting is essential for early warning systems
and policy intervention.
This study proposes a comprehensive spatio-temporal deep learning framework integrating Long Short-Term
Memory (LSTM) networks and Graph Neural Networks (GNN) for multi-city AQI prediction using Central
Pollution Control Board (CPCB) data from 2018-2024. The model captures both temporal pollutant
dynamics and spatial inter-city correlations. Comparative evaluation against ARIMA and Random Forest
models demonstrates that the proposed hybrid model reduces RMSE by 18-25% for 1-hour forecasting and
15-20% for 24-hour forecasting. Statistical significance testing confirms robustness (p < 0.05).
The results indicate that spatial dependency modeling significantly enhances predictive performance in urban
air quality systems.
Keywords
Air Quality Index, Spatio-Temporal Modeling, LSTM, Graph Neural Network, CPCB, Deep Learning,
Multi-Horizon Forecasting

I. INTRODUCTION

Air pollution contributes to millions of premature
deaths annually worldwide [1]. India is among the
most affected countries, with metropolitan
regions frequently exceeding WHO safe air
quality thresholds [2]. Cities such as Delhi
consistently rank among the most polluted urban
centers globally [3].

Air Quality Index (AQI) is a composite indicator
derived from major pollutants including PM2.5,
PM10, NO; SO., CO, and Os. Accurate
prediction of AQI enables proactive mitigation
strategies and public advisories. Traditional
statistical forecasting models such as ARIMA
assume linear temporal relationships and struggle
with non-stationary pollutant dynamics [4].

[5], but they lack long-term memory handling.
Deep learning architectures, especially LSTM
networks, have demonstrated strong capability in
sequential environmental forecasting tasks [6].
Recent research highlights the importance of
spatial correlations between monitoring stations
and cities [7]. Pollutant transport mechanisms
such as wind flow cause cross-city interactions,
making isolated city-wise modeling insufficient.
Graph Neural Networks (GNN) provide a
sructured way to capture spatial dependencies [8].
Contributions
1. Construction of multi-city spatio-
temporal dataset (Delhi, Mumbai,
Hyderabad, 2018-2024).
2. Development of hybrid LSTM-GNN

Machine learning  approaches  improved architecture.
performance by modeling nonlinear relationships
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3. Multi-horizon forecasting (1-hour and
24-hour).
4. Statistical validation using paired t-tests.
5. Ablation analysis of spatial
meteorological factors.
II. RELATED WORK
ARIMA and SARIMA models have been widely
applied for AQI forecasting [4], [9]. While
effective for linear patterns, their predictive

and

power declines under nonlinear environmental
variability.
Support Vector Regression (SVR) and Random
Forest (RF) improved nonlinear learning
capability [5], [10]. Ensemble methods showed
robustness but lacked temporal memory
representation.
LSTM networks introduced gated memory
mechanisms capable of capturing long-term
dependencies [6], [11]. GRU models provided
computational efficiency improvements [12].
Recent studies incorporate spatial modeling
through Graph Convolutional Networks (GCN)
and spatio-temporal graph frameworks [7], [13],
[14]. Hybrid CNN-LSTM models have also been
explored [15]. However, limited studies focus
specifically on Indian multi-city datasets with
rigorous statistical validation.
III. METHODOLOGY

A. ARIMA Model:
Linear autoregressive integrated moving average.
B. Random Forest: Ensemble regression trees.
C. LSTM: Long Short-Term Memory network
with  forget, input, and output gates.
D. Graph Neural Network: Spatial adjacency
matrix constructed using Pearson correlation.
E. Hybrid Model: LSTM extracts temporal
features; GNN models spatial interactions.

Loss Function: Mean Squared Error (MSE)
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A. Data Source
Data were obtained from the Central Pollution
Control Board (CPCB) Continuous Ambient Air
Quality Monitoring Stations (CAAQMS) portal
[16].
Cities and Stations

e Delhi: 22 stations

e  Mumbai: 15 stations

{i=1}

e Hyderabad: 12 stations
Time Period
January 2018 — December

resolution)

2024 (hourly

Pollutants
PM2.5, PM10, NO2, SO2, CO, Os
Meteorological Parameters
Temperature, Humidity, Wind Speed, Wind
Direction, Atmospheric Pressure
B. Preprocessing
1. Missing value imputation using KNN
(k=5)
2. Outlier removal using IQR method
3. Min—Max normalization:
X'=x—xminxmax—xminx' = \frac {x -
x_{min}}{x {max} - x_{min}}x'=xmax—xmin
X—Xmin
4. Sliding window generation (24-hour
sequence)
IV. PROPOSED METHODOLOGY
A. ARIMA Model

V= ¢ +
{i=1}§p}¢

+ €

(-1}

B. Random Forest Regression

Ensemble of decision trees minimizing variance
through bootstrap aggregation [10].

C. LSTM Network

LSTM equations:
Forget Gate:

fo = o(Wilhg-y x| + by)
Input Gate:

it = O’( Wi [h{t—l}' xt] + bl.)
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Cell State:
{C}, = tanh( Wc[h{t_l},xt] + b,)
Output:
oy = o(Wolhg—vy, x| + b,)

D. Graph Neural Network (GNN)
Graph G=(V,E)G = (V,E)G=(V,E)
Adjacency matrix constructed using Pearson
correlation between city AQI series.
Graph convolution:
H(+1)=c(AMH()W()H N {(1+1)} =
\sigma(\hat{A} HMN (D}
WA HH(+1)=o(A"HHW(D))
E. Hybrid LSTM-GNN Architecture
Step 1: LSTM extracts temporal features
Step 2: GNN captures spatial correlations
Step 3: Fully connected layer outputs AQI
forecast
V.IMPLEMENTATION DETAILS
Frameworks:

e TensorFlow 2.12

e PyTorch Geometric
Hardware:

Where:

3. Coefficient of Determination (R? Score)

where,

truel
Vi

MAE = Ziyl'"ed

n= Total number of samples

ypred: Predicted value

yiue= Actual (true) value

SSies
St

R?=1-

n
& 2
S5 = Z(yf“ -3™)

Siot = Z(ytme -y?

$S,.s= Residual Sum of Squares

§5S,o= Total Sum of Squares
y= Mean of the actual values

NVIDIA RTX GPU
32GB RAM

n= Total number of samples

Hyperparameters:

e Learning rate: 0.001

e Epochs: 100

e Batch size: 64

e  Optimizer: Adam

e Loss: MSE
Train/Validation/Test Split: 70/15/15
B. RESULTS AND ANALYSIS
A. Evaluation Metrics
1. Root Mean Square Error (RMSE)

Z( pred __ true 2

RMSE =

Where:

e n= Total number of samples

pred _
[ ] yl

e y/™e= Actual (true) value
2. Mean Absolute Error (MAE)

= Predicted value

Vol. 22, No.3, 2026

B. 1-Hour Forecast Results

ARIMA|29.4  [224.1 22.8 |
RF  [235 P02 19.3 |
ILST™ [[182 168 15.9 |
Hybrid |[14.9  [[13.7 13.1 |

Figure 1: LSTM Prediction vs Actual

LSTM vs Actual AQI

170

164

S

140

130

— Actual
120 LSTM

M hf \\
. j\[\ \r Jmﬁ\}\

0 20

Figure 2: Hybrid Model Prediction vs Actual

0 60
Time (Hours)

https://ijerst.org/index.php/ijerst

556



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991

%T’ International Journal of Engineering Research and Science & Technology

Hybrid LSTM-GNN vs Actual AQI
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Figure 3: RMSE Comparison

Model Comparison (1-Hour Forecast)

ARIMA RF LSTM Hybrid
Models

The hybrid model achieves lowest RMSE (15.2)
compared to LSTM (18.7) and ARIMA (28.5),

demonstrating superior spatial-temporal
modeling capability.
C. 24-Hour Forecast Results

Delhi Mumbai ||Hyderabad
Model || MSE |[RMSE  |[RMSE
IARIMA|(36.8  |[31.5 ||29.4 |
IRE |01 [264 |l24.8 |
ILsT™ |47 |[21.9 [[20.3 |
[Hybrid |[20.6  |[18.7 [l17.8 |
VI. CONCLUSION

This study presented a comprehensive spatio-
temporal air quality forecasting framework
for Indian cities by integrating Long Short-
Term Memory (LSTM) and Graph Neural
Network (GNN) architectures. The proposed
hybrid model effectively captured both
temporal pattens and spatial dependencies
among air quality monitoring stations,
resulting in  improved  forecasting
performance. The inclusion of

Vol. 22, No.3, 2026

meteorological ~ parameters  such  as
temperature, humidity, wind speed, and
atmospheric pressure further enhanced the
model's predictive capability by accounting
for environmental factors influencing air
pollution.

Experimental evaluation demonstrated that
the hybrid LSTM-GNN model achieved
superior predictive accuracy compared to
conventional machine learning and deep
leaming approaches for both short-term and
multi-horizon forecasting tasks. Lower
prediction errors and higher robustness
indicate the effectiveness of the proposed
framework in modeling complex air quality
dynamics. The developed system can assist
environmental agencies, policymakers, and
smart city administrators in implementing
timely pollution control measures, issuing
early health wamings, and supporting data-
driven decision-making for sustainable urban
development.

Future Work includes:

e Develop Transformer-based spatio-
temporal attention models to capture
long-range temporal and spatial
dependencies more effectively.

e Integrate satellite-derived aerosol
and remote sensing data to improve
forecasting accuracy, particularly in
regions with  limited ground
monitoring stations.

e Deploy the framework as a real-time
cloud-based system for continuous
air quality monitoring and smart city
applications.

e Incorporate Explainable Artificial
Intelligence (XAI) techniques to
improve model transparency and
interpretability for decision-makers.

e Extend the framework to support
transfer leaming and federated
learning for scalable deployment
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across multiple cities and regions
while preserving data privacy.
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