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Abstract— With the advent of fast paced industrialization and rapid growth and
urbanization, the grave issue of air pollution in urban areas, especially in industrial
sectors and in developing countries is at an all-time high. Air pollution can have adverse
effects on the health and well-being of humans. It can cause serious diseases and chronic
illnesses and may even lead to a sharp decline in the quantity and quality of human life
if left unchecked. Various countries have tried to build stations that observe air
pollution in order to record the amount of particulate matter around major cities and
urban centers. While there are various methods used in the forecasting of air pollution,
Machine Learning is one of the most popular techniques that is utilized for the
prediction of air pollution as well as steps to counter its increase. Specifically, Deep
Learning can be utilized in prediction of air pollution as demonstrated in this paper.
Time series analysis, as its name suggests, is a method that is used to analyze a
sequence of data values and points that have been collected over a certain period. In
this technique, analysts keep a record of the data points that are measured at consistent
periods over a fixed interval of time instead of recording the values randomly or
sporadically. What distinguishes time series analysis from other methods of data
analysis is that it has the ability to show us how the variables have changed over the
interval of time. Time is an extremely important variable because it showcases exactly
how the data has changed and adjusted over the course of the interval as compared to
the final result. Time series analysis usually requires a huge amount of data in order for
the results to be consistent and reliable. In this paper, Recurrent Neural Networks
(RNN) and Long- Short Term Memory (LSTM) is proposed to predict the air quality
from data collected by satellites to estimate the approximate range of air particulate
matter and pollutants from the years 2005-2018, Headed by the University of
Birmingham and University College London. Model performance obtained was R2=
92.6% for LSTM and R2=91.4% for the RNN.
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I. INTRODUCTION

According to a recent study, the amount of air pollution in India is rapidly increasing
[1]. The study was based on data collected by satellites to estimate the approximate
range of air particulate matter and pollutants from the years 2005-2018, Headed by the
University of Birmingham and University College London, the team measured data
from various countries and one of them was India. The rise in PM2.5 and NO2 levels
in India can be attributed to rapid increases in the number of vehicles, industrialization,
urbanization as well as the lack of implementation of proper laws and policies related to
air pollution. The study also recorded a rise in formaldehyde levels in the cities of
Delhi, Kanpur, and
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London, which leads one to think about an increase in volatile compounds, which can be
caused by development and rapid changes in consumer behaviors over the past few
years [2].

The World Health Organization claims that air pollution is a silent killer since it
worsens and causes illnesses that kill 4.2 million people annually [3]. It was estimated
that air pollution killed 6.4 million people in 2015 alone, 2.8 million of whom died
from indoor air pollution and 4.2 million from outdoor air pollution. Additional data
demonstrates that 19% of deaths from cardiovascular disease, 24% from heart disease,
21% from stroke, and 23% from lung cancer were caused by air pollution.
Furthermore, exposure to outdoor air pollution can raise a person's risk of
neurodegenerative diseases in adults and neurodevelopmental abnormalities in
children.

Like the process of forecasting weather, there are models that can be used to predict
the amount of air pollution as well as the air quality index. Due to the adverse effects
that air pollution can have if left unchecked, forecasting of air quality is an important
development. This kind of forecasting can aid people in planning ahead, which could
lead to a decrease in the effects on our wellbeing. By being aware of the air quality
forecast one can take appropriate measures to counter the harmful effects of air
pollution and prepare ahead of time.

Governments of countries with poor air quality can also use air quality prediction
to implement laws and policies to effectively curb air pollution and its adverse effects.
If people have knowledge of the quality of the air that they inhale and the grave harm
that poor quality air can cause to our health, there is a bigger chance of sticking to
these implemented changes as well as inspiring changes in public behavior as well as
government policy.

Time Series Analysis

Time series analysis, as its name suggests, is a method that is used to analyze a
sequence of data values and points that have been collected over a certain period of
time. In this technique, analysts keep a record of the data points that are measured at
consistent periods over a fixed interval of time instead of recording the values
randomly or sporadically. What distinguishes time series analysis from other methods
of data analysis is that it has the ability to show us how the variables have changed
over the interval of time [4].

Time is an extremely important variable because it showcases exactly how the data
has changed and adjusted over the course of the interval as compared to the result. Time
series analysis usually requires a huge amount of data in order for the results to be
consistent and reliable [5]. Enough data ensures that the analysis can remove noise
from the data and that the sample size is representative. Additionally, it may take
seasonal fluctuation into consideration and ensures that any trends or patterns found
are not just outliers. Time series analysis data is also useful for forecasting, or
projecting future data based on current data, which supports its applicability in air
pollution level prediction [6].

Time series analysis is actually not a recent development. Recommended texts used
for learning and teaching this method have been written decades ago[7]. The technique
itself can be traced even further back, as humans have been using elementary models
based on the process of time series analysis for thousands of years, with respect to
ancient scholars and their studies on movement of planets etc.

Some of the most widely used applications of time series analysis include finance,
consumer retail etc. as currency, inventory and customer behavior and demographics
are constantly changing [8]. Stock market is another example that employs the use of
time series analysis. Time series analysis is also excellent for weather forecasting and
recording changes ranging from the weather variation over a week as well as climate
change over a decade, as well as the air quality as evidenced in this paper.

Algorithms Used

Deep learning is a machine learning technique that makes use of neural layers—
many layers of networks constructed with neurons—to aid in the processing and
interpretation of massive volumes of data. Algorithms for deep learning are inspired by
how the human brain works [9]. Without human oversight, deep learning algorithms
are able to acquire knowledge and then learn.

Due to the rapid increase in the amounts of data generated over the recent few years,
Deep Learning has become an un-expendable tool in time series analysis models,
getting wonderful results. For our project, we have used two Deep Learning
algorithms, RNN and LSTM [10].
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Recurrent Neural Networks (RNN)

Recurrent Neural Network is an algorithm that utilizes networks of neurons or
nodes that are coordinated into progressive layers, with an architecture that is similar
to that of Neural Networks [11]. The neurons, or nodes, are separated into three levels:
input, hidden layers, and output layers. This division is also akin to that of normal
neural networks. There is a matching trainable weight for each neuronal interaction.
Each iteration uses the result of the preceding calculation as input. All nodes are
typically given to a fixed time step, which sets them apart. The second layer, or hidden
layer, neurons are sent forward in a direction that depends on time. This means that
each neuron in the hidden layer will only be fully connected to other neurons in the
layer that share the same assigned time step and will also have a one-way connection
to every other neuron assigned to the next time step. The input and output layer
neurons will only be associated with the same assigned time step hidden layers. The
activation of all of the neurons is calculated according to the order of their time steps.
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Figure 1. RNN Architecture

Advantages of RNN:

Missing values do not have a huge impact on its performance ability.

It can find and analyze complex patterns in the input data sets.

It can produce a module in such a way that each sample is assumed to be dependent on
the ones before it, yielding more accurate results.

Disadvantages of Recurrent Neural Network:

An RNN model experiences the vanishing gradient or ballooning gradient problem
when it is trained on a lengthy time series. This constraint results in instability in the
overall numerical values because the parameters found in the hidden layers do not vary
greatly.

RNN's weak long-term memory also prevents them from taking into consideration
different historical parameters when predicting the future.

Long Short-Term Memory (LSTM)

To overcome the limitations of RNN, various models have been developed, one of
them being LSTM [12]. LSTM was designed to overcome the vanishing gradient
problem as described earlier that occurs in the standard RNN models. It does so by
increasing the gradient flow within the network. In order to achieve this, in place of the
standard hidden layer an LSTM unit is used. This unit consists of a cell state that
gathers information throughout the whole sequence and uses it to represent the
memory of the network. The forget gate makes the decision of what is important to
retain in memory based on the previous steps and an input gate decides which of this
information from the current time step is relevant, as well as an output gate that
decides generated output value at the current time step.

by

Figure 2. LSTM Architecture
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II. LITERATURE REVIEW

Prediction of Air Quality has been complicated because of the frequent change in
environment and high variability in particulate matter. Particulate matter are the most
harmful pollutants, which can cause effects on the health of living beings [13]. The
models were applied to Indian Metro cities, Delhi, and Faridabad. Two components
(NO2, SOy) are considered for the prediction. The main drawback in the work is the
implementation of time series forecasting models. With the use of Deep learning
models we can optimize the predictions much further [14].

With the huge amount of past data as well as new data that is stored each second, is
available for prediction and analysis. The increasing popularity of Machine Learning
models in forecasting have drawn attention to work with time series forecasting [15] .
Deep Learning models are considered as some of the most accurate models for giving
solutions for prediction problems. Long Short-Term Memory (LSTM) is a Deep
Learning model that has a type of Recurrent Neural Network which can memorize past
events. It can be used in solving recognition problems[16].

Our work demonstrates the implementation of two Deep Learning models, LSTM
and RNN. To showcase the comparative prediction for both the models and understand
the concepts behind both the models.

Number of works have been published using Deep learning models for time series
forecasting. Cezar Kongoli demonstrated predictions using Long Short Term Memory
(LSTM), Recurrent Neural Network (RNN) and Gated Recurrent Unit (GRU) and their
various combinations. Sarbani Roy did a comparative analysis on various statistical
and deep learning models. Apoorvi Sood worked on the Air quality index data of Delhi
and applied LSTM. The conclusion that can be put together after studying the previous
research papers is that Deep learning approach works much better than the statistical
method whereas deep learning models are believed to predict for a short length of
time. But with the implementation of LSTM this problem can be resolved.

Our research deals with the data and understanding the data and applying LSTM
and RNN on the data. Considering City, Delhi and pollutant particles such as, PM10,
PM2.5, CO, NO, NO,, Os, NOx, NHs, SO, Xylene and Toluene,. Though there
has been much research done on air quality prediction and forecasting, most of them
have only considered one or two general pollutant particles.

METHODOLOGY
Model Development

The development of the model has been divided into various phases:
Understand the problem

The first and foremost phase that comes while developing a machine learning model
is understanding the problem. It involves understanding what its impact is and how
much it is affecting our lives. Air pollution has always been one of the most dreadful
and serious threats to human health and the environment. We need to define the
objective and assess how our model will be of use to solve the problem. A proper
understanding of the problem gives a clear picture of obtaining our objective and we can
properly plan the development of our model. The objective was to develop a model that
could effectively predict the AQI taking into account the concentration levels of
various pollutants like NO, NO2, CO, PM2.5, etc. Collect the Data

Data is a valuable asset and holds a lot of importance in the domain of Machine
Learning. It is the one that fuels Artificial Intelligence and helps in achieving its
purpose. Collecting the data for the development of a model is a really important phase,
without it we cannot create an effective solution. It is also important to collect the data
from a reliable source. The dataset that we collected consists of the AQI of various
cities of India recorded from the year 2015 till 2020. It shows AQI recorded for each
day. Along with the AQI, the dataset consists of levels of various pollutants like
PM2.5, PM10, NO, CO, etc affecting the AQIL.

Explore the data

The goal of this phase is to gain insights and get a clear picture of the data. This is
similar to the Exploratory Data Analysis. In this phase the data is explored or
investigated giving us the idea that how the various features of the dataset are related to
each other. It is a very important step as we understand and process visual data more
easily than the numerical data. Exploration is done to analyse and visualize the data
using various techniques which reveal certain patterns, show the presence of outliers
enabling us to get a comprehensive view of the data. In our project we have visualized
the data using some of the following plots:
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Figure 3. Categorical plot
The x-axis of Categorical plot denotes the AQI level of the cities shown at y-axis
of the plot during the year 2015- 2020.
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Figure 4. Line plot for PM 2.5
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Figure 5. Line plot for PM 10

The line plot shows the decline of PM 2.5 and PM 10 levels.
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Figure 6. Heatmap

The heatmap shows that PM 10, PM2.5 and CO are highly correlated with AQI
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Figure 7. Bar plot

Bar plot shows the AQI of Delhi in the year 2015-2020
e Pie Chart
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Figure 8. Pie Chart

Pie chart describes the quality of air for major Indian cities in the years ranging from
2015 to 2020 with majority percentage of air quality as moderate.Prepare the Data

This step involves data cleaning. The dataset may have some incorrect values,
missing values, some outliers so, to handle all such cases data cleaning is necessary. If
a dataset having inconsistent values, missing values is used to train the model then the
model can give inaccurate results. So, in the AQI dataset there were few missing
values which were replaced by the mean of the respective column. This phase also
involves normalization, we normalized the data using the MinMaxScaler. Unnecessary
columns were also removed from the AQI dataset. Then the dataset was divided into
training and test data. 20% of data was allocated for testing and the rest was allocated
for training the model.

3) Modelling and Evaluation

Long-Short Term Memory (LSTM) and Recurrent Neural Network (RNN)
algorithms are used to develop the model for predicting the AQI. The model was built
and trained using the training data. Then the AQI was predicted on the test data and the
values were compared. Root Mean Squared Error (RMSE) was calculated to test the
model’s accuracy.

B. Working with various Libraries
1) NumPy

Numerical Python or NumPy is one of the most popular libraries. Created in 2005,
it is now being used in numerous fields of science and engineering. Being an open-
source python library, anyone can use it freely and with the source code available it
can be modified further by the developer’s community. NumPy library gives us the
benefit of working with arrays and provides various functions that are quite helpful for
working in the domain of Fourier transform and linear algebra and along with various
functions to operate on multidimensional arrays and matrices.[5] Although NumPy
provides us array object that serves the same purpose as lists in Python, we make use of
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NumPy array as they process faster than the lists and eases up our process of working
with array by providing various supporting functions.

Pandas

Pandas, a python library, is extensively used for developing various machine
learning and data science tasks. Just like NumPy it is also open sourced and is built on
top of the NumPy package only. Using Pandas, we can load the dataset, analyse and
manipulate the data so as to retrieve information. We can retrieve information like
identifying if there is any correlation between the columns of the dataset, what is the
minimum, maximum and average value of the columns.[6] Pandas help in simplifying
the tasks that are time consuming and repetitive. We can perform various tasks like data
cleaning, data visualization, normalization and analysis on the dataset.

TensorFlow

With the creation of TensorFlow library implementing machine learning models is
no longer the intimidating task that it used to be. It helps in building and deploying
Machine Learning models. It is used for numerical computation and can train the deep
neural networks [17]. Instead of being concerned about the minute details while
implementing the algorithm, TensorFlow gives us the advantage of just focusing on the
logic of our application.

Matplotlib

To be able to develop effective Machine Learning models we need to have a sound
understanding of the data that we will be using for training our model. So, to help us
have a better understanding of data, Data visualization plays a very significant role.
We are better able to process the data when we have it in the form of some graphs and
plots instead of some numerical data. Matplotlib library provides us with various Data
Visualization techniques and is an open source graph plotting library. It is used to draw
2D plots from the data. With the benefit of being freely available and open sourced,
the Pyplot module of Matplotlib provides an alternative to MATLAB. Various plots
like Line plot, histogram, scatter plot, bar chart, pie chart can be generated with this
library giving us a better understanding of our data.

RESULT AND ANALYSIS

Delhi city data was abstracted from the dataset, and We filled in the missing values
by the mean of each column, dropped unnecessary columns and made the date column
the index column of our dataset, before starting the analysis. The train and test data is
divided in the ratio of 80:20. The time series data cannot be divided randomly like in
any other model as it can disrupt the main ‘Time” component. For LSTM and RNN we
used python packages such as keras, scikit-learn, Min-Max scaler, numpy, Tensorflow
and for visualization we used matplotlib. Both the models were built using certain
parameters to prevent the data from overfitting or underfitting in the model. 250
neuron layers have been used and dropout is set to 0.2 to overcome the overfitting. We
considered ‘“ADAM’ as optimization algorithm and Mean Absolute Error (MSE) as
error metric in the compile function.

Root mean square error (RMSE), error function is considered to measure the
performance of LSTM and RNN models

Mathematical representation of RMSE =
1 2| 4

A _ 2

{ n E:l(yipred yitrue) } |

Coefficient of Determination (R?), another error function used to measure the
performance of our models.

ss
RZ =1 — R
Mathematical representation  of R? = Sy

, where SSR is residual sum of squares and SST is total sum of squares.

Below table shows the comparison results on test and train data. Looking at the
graphs we can tell that LSTM works better than RNN.
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LSTM RNN

RMSE R? RMSE R

Train 41.004 0.864 #7.720 0825

Test
30.308 0.926 32.687 0914

Table 1. RSME & R? values of LSTM and RNN

A model is said to be good if the difference between Train data RMSE and Test data
RMSE is smaller. Here Difference for the LSTM model is 10.696 and for RNN model
is 15.033. Hence, the LSTM model is better for Time series prediction of Particulate
matters. R-squared takes value between 0 and
1. The high R-squared value is considered to be good to fit a model whereas low R-
squared value is considered bad. From the table we can say that LSTM have higher R?
value therefore LSTM shows much better results.

The models trained from our train data for which we are forecasting future values
for time frame according to test data shows multi step prediction

actual
predicted

Figure 9. LSTM actual and predicted

actual
predicted

Figure 10. RNN actual and predicted
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Figure 11. Graph of AQI
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Figure 12. LSTM graph to show multi step prediction
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Figure 13. RNN graph to show multi step prediction

CONCLUSION

Various human activities have led to emissions of toxic pollutants that not only affect
the environment but also cause adverse effects on human life. Air pollution being a
serious issue needs to be addressed. So, predicting the AQI level can help in tackling
this issue by taking necessary preventive measures. In our project, we have developed
a model that would predict the AQI level. We have trained the model using the AQI data
of Delhi recorded during the years 2015 to 2020. The dataset contains data of various
pollutants like NO, CO, SO, and NO,, particulate matter (PM2.5 and PM10) that are
responsible for causing air pollution and therefore play a significant role in predicting
the Air Quality Index of the region. We have developed the model using Recurrent
Neural Network and Long Short Term Memory methods for predicting the AQI

FUTURE WORK

In this paper, we utilized Deep Learning methods namely LSTM and RNN to analyze
and predict the values of the Air Quality Index for a major city using time series and
compared the results from the various analyses. However, these two are not the only
methods that can be used for time series forecasting. Another popular Deep Learning
algorithm that can be used for the purpose is GRU or Gated Recurrent Network,
which based on experimental research yields even better results. There are also various
Statistical methods like ARIMA/SARIMA that can be used for prediction. For future
work, we aim to continue our analysis and prediction using these different algorithms
for multiple cities, as well as utilizing multivariate data including data from time
periods with unique results (such as festivals, holidays etc.) in order to produce a
conclusive and detailed comparison.
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