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Abstract—Urbanization has led to a sharp increase in exposure
to air pollutants in developing regions & the New Delhi capital
of India is no exception to it. This paper proposes an approach
where the Delhi region is divided into Hexagonal bins of dif-
ferent sizes. Then the spatial interpolation is performed using
Inverse distance weighting (IDW) for pollutants and Ordinary
Kriging for the meteorological parameters at the centroid of
each grid. Two deep learning architectures 2D-Convolutional
Neural Network (CNN) and Long Short-term Memory (LSTM)
are developed and used for multivariate time series regression
for prediction of PM2.5. Three scenarios are considered based on
the size of hexagonal cells. The results from both the models are
compared using various performance matrices, and experimental
predicted results show that LSTM outperforms 2D-CNN for more
than half of the grids in each scenario. Among the three scenarios
of different hexagonal grids, the smaller grid sizes are performing
better due to an increase in the dataset. The inclusion of dynamic
data in prediction modeling can increase data points and improve
the models’ accuracy.

Index Terms—Deep Learning, Machine learning, CNN, LSTM,
Air Pollution, Particulate Matter

I. INTRODUCTION

Air pollution in urban areas has a substantial negative
impact on the environment, ecosystem and human health [1].
Urban air quality indicates significant concerns to the health of
residents in areas of higher population density [2, 3], centers
with dense activities and to particular user groups [4]. The air
pollution exposure to users (e.g., travelers) is heterogeneous
and dynamic [4, 5]. Various health problems such as throat
and lung infections, cardiovascular diseases, and respiratory
problems surface due to particulate matter exposure to people
[6].

A dense network of air quality monitors allows the collec-
tion of quality data, but due to higher costs of static monitors, a
dense network cannot be formed. Therefore to obtain dataset
at the higher spatial resolution, interpolation techniques are
employed [7]. Spatial interpolation such as IDW (Inverse
Distance Weighting), Trans-Gaussian Kriging, splines, landuse
regression methods are used to solve the issue of data scarcity
due to sparsely located air pollution monitors [8, 9].

The PM2.5 concentration gets affected by various meteoro-
logical parameters that change with time, indicating the need
for forecasting [10]. Based on historical data of particulate

matter and weather information, a prediction model was devel-
oped using multivariate regression modeling [11, 12]. Multiple
regression methods and support vector machine methods were
used to model the non-linear relationship of PM2.5 with other
air quality parameters [6, 13]. Regression and classification
models, such as RF (Random forest) and XGBoost (eXtreme
Gradient boosting) were also used to investigate atmospheric
pollutant concentration [14]. Deep-learning methods were em-
ployed to improve the accuracy of prediction and forecasting
[15]. Neural network based techniques such as CNN (Convo-
lutional Neural Network), ANN (Artificial Neural Network),
and RNN (Recurrent Neural Network) are predominantly used
in deep learning [16, 17, 18, 19].

In a few studies, air quality index was predicted using
CNN, and LSTM (Long Short Term Memory) models, where
temperature, particulate matter concentrations, gaseous pollu-
tants, and wind direction, etc., are employed as independent
variables [15, 20]. LSTM is recognized for learning the long
and short-term dependencies of pollutant concentrations and
the inherent parameters extracted using historical data [21].
Efficient and accurate prediction models for different pollu-
tants were studied to understand the influence of pollutants
spatio-temporally [22]. The deep learning models ensure better
accuracy in temporal dimension, but for spatial predictions,
the availability of large dataset is essential for good predic-
tions. High spatial resolution can be considered to understand
regional variation of particulate matter along with temporal
variations.

The present work is an extension of the study that focuses
on providing prediction models at different spatial resolutions
with a one-hour temporal resolution.

Historical data of particulate matter concentration and me-
teorological data from the existing monitors in the study area
are considered for the prediction models. In the present work,
CNN and LSTM models are used in spatiotemporal prediction
modeling of PM2.5 for Delhi, India. The increase in spatial
resolution by the formation of hexagonal grids and model
development for each cell can help overcome the limitations of
pollutant concentrations depending on local parameters [19].

The paper is structured as follows: Section II contains the
data description, which is used in the study, the study area,
and the methodology. Section III consists of data preprocessing



performed to obtain a valuable dataset to be used by models
and the development of different models for PM2.5 prediction.
Section IV presents the results, accuracy of models, and
comparison of results at different spatial resolutions. The
conclusions, limitations, and future scope of the work are
discussed in Section V.

II. STUDY AREA AND DATA COLLECTION

Delhi, India, has repeatedly been occurring in the most
polluted cities of the world over the last decade [23, 24]. South
Delhi district of Delhi has been considered for the study area,
where six static monitors deployed by Delhi Pollution Control
Committee (DPCC) authority are located. The historical data is
available for four monitors, including Dr. Karni Singh shooting
range, Nehru Nagar, Okhla Phase-2, and Sri Aurobindo Marg.
The hourly particulate matter concentrations (PM2.5 and PM10,
in µg/m3), and hourly meteorological data in the form of
relative humidity (RH, in %), temperature (temp, in ◦ C),
wind speed (WS, m/s), barometric pressure (BP, in mm
Hg), and wind direction (WD) are extracted from the central
pollution control board (CPCB), for the period January 2019 to
April 2021, for all four static monitors [25]. A dense network
of monitors is required for accurate results from prediction
models, i.e., a higher number of data points in the study area.

To see the variations in accuracy of prediction models with
higher resolution, in contrast to Mittal et al. [19], hexagonal
grids of 1 km, 3 km, and 5 km spacing (horizontal and vertical
spacing, see Fig. 1 for a comparison of three grid sizes) are
considered, and then, the models are compared. Three hundred
twenty-six grids are formed for 1 km size, fifty grids for 3 km
size, and fifteen grids for 5 km sized hexagonal cells, covering
the South Delhi region.

Fig. 1: Study area and hexagonal grids location.

III. MODEL DEVELOPMENT

A. Data preprocessing

Data preprocessing transforms the raw data collected by
manipulating data and removing the noise and error for robust
prediction model development. The missing values can lead

to failure of the model or lower accuracy of results. The null
values are replaced with mean values of the previous hour and
following hour values to eliminate the errors in the model.
The variables employed for the model are of different scales,
which may lead to bias; therefore, the dataset is normalized
between 0 and 1. Normalization of the dataset can also help in
boosting the training speed and improve prediction accuracy
by providing a consistent database.

B. Correlation matrix

Correlation is determined between the input variable for
the machine learning model to interpret the dependence of
variables on each other. Correlation analysis can help in
better understanding the data and trends of model results.
Table I displays Pearson’s correlation for different parameters
in the dataset. It can be observed that PM2.5 has a positive
correlation with relative humidity, wind direction, and baro-
metric pressure. Whereas, with an increase in temperature and
wind speed, the PM2.5 concentration will decrease. These are
aligned with the findings in the literature. A higher correlation
is observed between PM2.5 and PM10. For the modeling pro-
cess, PM10 is considered as an influencing parameter, because
including it results in better predictions [26].

TABLE I: Correlation between input variables

Variables PM2.5 PM10 Temp RH WS WD BP
PM2.5 1
PM10 0.9 1
Temp -0.56 -0.41 1
RH 0.24 0.051 -0.48 1
WS -0.17 -0.18 0.086 -0.19 1
WD 0.068 0.082 -0.1 -0.088 -0.017 1
BP 0.54 0.45 -0.79 0.15 0.044 0.13 1

C. Spatial interpolation

For each hexagonal cell, the data point is considered at the
centroid of the cell. The inverse distance weighting (IDW)
interpolation method is used to determine the PM2.5 and PM10
concentrations at each centroid based on the concentrations
available at the static monitors. At the same time, the ordinary
2D kriging method is used to determine the relative humidity
and barometric pressure for each data point.

D. Train, validation, and test dataset

The formatted dataset is split into 80%-10%-10% for train-
ing (data used to learn, see, and train), validation (tuning of the
model), and testing (unbiased testing) of models, respectively.

E. Model training

Two of the deep-learning models, i.e., CNN, and LSTM are
employed for the training of PM2.5 prediction models. CNN
is a deep neural network method used for computer vision
and image processing, and LSTM is a network model capable
of long-term dependencies. The data from January 2019 to
April 2021 was divided into 72-hour window and 1-hour stride
through sliding window approach.



1) Convolutional neural network model: A 2D-CNN is
proposed to capture multiple trends of pollutants and mete-
orological parameters for the current multi-variant problem.
Fig. 2 shows the simplified architecture of the CNN model
with input of 7 parameters. The kernel size is set to 3 x 3
with 90 feature maps for the convolution layer, and padding
is set to SAME. Max pooling of size 1 x 3 is applied to the
output of the first layer, which discards the noise activation and
reduces the dimensions. The output of the max-pooling layer
is batch normalization which stabilizes the learning process
and minimizes the learning time for the model. Batch normal-
ization follows the same sequence of layers, starting with a
convolution layer with 45 feature maps, followed by a max-
pooling and a normalization layer. The output of the series is
converted to the dense layer (45 x 72 x 3 neurons) using a
sigmoid function to predict the outcome. The model predicts
the particulate matter concentrations and the meteorological
parameters.

Fig. 2: Basic convolution neural network architecture.

2) Long short term memory model: LSTM performs best
for learning sequential data and forecasting future values.
Based on the historical data of particulate matter concentra-
tions and meteorological parameters in hourly time-frame, and
the trends followed by this data, LSTM can predict all the
parameters for the future. The proposed prediction models
are developed with the dataset formulated for each cell in the
different hexagonal grids (see Fig. 1). Like the CNN model,
the input for the LSTM architecture is a 72 x 7 matrix data
layer that represents data of 7 parameters for a 72-hour sliding
window. Hyper-parameters, parameters used to control the
learning process, are tuned to build a robust prediction model
by striving with different LSTM cells and layers. The first
LSTM layer includes 80 LSTM cells, followed by another
LSTM layer with 50 LSTM cells. A dropout layer of 0.25
is added between the LSTM architecture to stop the over-
fitting conditions and improve performance. Another LSTM
layer with 25 cells is added, followed by a dense layer and an
output layer with a sigmoid activation function. The simplified
architecture of the LSTM is shown in Fig. 3.

Fig. 3: Basic long-short term memory model architecture.

IV. RESULTS

In this study, spatiotemporal predictions of the CNN and
LSTM models are implemented to predict PM2.5 concentra-
tions based on PM10 and the meteorological parameters for
the next hour in the region of South Delhi. The dataset for
each grid is formatted by interpolating static monitors data
for the centroid of each cell through IDW and kriging. The
models for grids of different sizes are evaluated separately, and
the accuracy for different scenarios is also compared through
evaluation indices as shown below.

A. Actual Vs. Predicted values

The predicted values are compared with the actual values
for each model to test the accuracy of the models. Scatter plots
are used to show the difference between predicted and actual
values of PM2.5, predicted using CNN and LSTM models.
The data from Feb. 5, 2021 to Apr. 30, 2021 is used for
showing the predictions in all scenarios as shown in Fig. 4.
For the 1 km and 3 km grids, LSTM models are performing
better, and it can be seen evidently by the closeness of points
in the scatter plots. While for the 5 km grids, both CNN and
LSTM models are performing similarly. The R2 values of these
models show that the LSTM models perform comparatively
better than the CNN models.

B. Model evaluation

To evaluate and compare the accuracy of PM2.5 predictions
for the data, the RMSE (Root Mean Square Error) and MAE
(Mean Absolute Error) methods are used. These evaluation
indices explain the performance of deep learning models de-
veloped for predictions. The average magnitude of the errors is
measured by MAE. The errors of the prediction are considered
by taking modulus. Similarly, RMSE measures the square
root of the average of squared differences between actual and
predicted observations.

Fig. 5 shows the varying MAEs in each model for all cells in
three different sized hexagonal grids. For all three scenarios, it
is observed that the MAE values are lower for LSTM models,
indicating the better performance of LSTM models compared
to CNN models. It can be seen that the MAE values are lower
for 3 km grids compared to 1 km and 5 km grids.

Fig. 6 shows the RMSE values for three scenarios, each
with both CNN and LSTM models. A similar trend to MAE
values is observed the LSTM models perform better than CNN
models. The comparative results confirm that the LSTM model



(a) CNN model (1 km grid) (b) LSTM model (1 km grid)

(c) CNN model (3 km grid) (d) LSTM model (3 km grid)

(e) CNN model (5 km grid) (f) LSTM model (5 km grid)

Fig. 4: Actual vs. predicted values for cell G for time period
from February 5, 2021 to April 30, 2021.

performs better than the CNN for more than half of the cells
in each case. It can be observed from Fig. 5 and Fig. 6 that
when the group of smaller sized grids is aggregated in large-
sized grids, the MAE and RMSE values accumulates to lower
values. The grids at shorter distances from the static monitors
have smaller MAE and RMSE values; therefore, the inclusion
of dynamic monitoring for data collection can improve the
accuracy of results. Through dynamic monitoring, the dataset
can be enriched, and the prediction modeling can be further
improved.

C. Performance evaluation

After developing the models on the data collected from
CPCB for the two years from January 2019 to April 2021,
hourly data of pollutant concentrations and meteorological
parameters for the next two months from 1st May to 30th June
2021 is collected to determine the robustness of models. The
data is interpolated using IDW and Kriging for the centroid
of each cell. Fig. 7 shows the actual and predicted values
of PM2.5 using proposed deep learning techniques of CNN
and LSTM to verify and visualize the trends and confirm that
the proposed models can predict PM2.5 efficiently. For the
long-term predictions, similar to Fig. 4, the LSTM models are

(a) CNN model (left) and LSTM model (right) for 1 km grids

(b) CNN model (left) and LSTM model (right) for 3 km grids

(c) CNN model (left) and LSTM model (right) for 5 km grids

Fig. 5: Mean absolute error values for hexagonal grids of (a)
1 km, (b) 3 km and (c) 5 km.

performing slightly better than CNN models, but the difference
is minor.

V. CONCLUSIONS AND FUTURE WORK

This paper proposed two deep learning methods for the
prediction modeling of PM2.5 pollutant, using different spatial
classification in the South Delhi region of India. The hourly
particulate matter concentrations and meteorological data for
the four static monitors were collected from CPCB. The CNN
and LSTM models were trained and validated using particulate
matter concentrations and meteorological data from Delhi,
and the performance was evaluated using the test data. The
prediction model inputs the data of the previous 72 hours
and predicts particulate matter (PM2.5) for the following hour.
The experimental results found the LSTM model to perform
better than the CNN model in terms of RMSE and MAE. The
models were developed and tested for three different sized
hexagonal grids to understand the role of spatial resolution in
the prediction of PM2.5. The grids of 1 km, 3 km, and 5 km



(a) CNN model (left) and LSTM model (right) for 1 km grids

(b) CNN model (left) and LSTM model (right) for 3 km grids

(c) CNN model (left) and LSTM model (right) for 5 km grids

Fig. 6: Root mean square values for hexagonal grids of (a) 1
km, (b) 3 km and (c) 5 km.

hexagons were prepared, the results from these models showed
that the models of smaller sized grids were performing better
than 5 km grids. Data collection through dynamic monitoring
can play a crucial role in improving performance by increasing
the number of data points in the area.

In the future, hybrid prediction models can be incorporated
to understand the complex features and provide better predic-
tions. These models can also incorporate dynamic monitoring
data to provide more data points covering a more prominent
city area. The proposed models can be applied in different
cities by planners and practitioners.
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