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Abstract

Air pollution is a widespread problem in India. The study focuses on forecasting the air quality index
(AQI) using time series modeling techniques for the most polluted area of Dehradun City in Uttarakhand
state, India. The train test approach of machine learning and Akaike information criterion (AIC) have been
used on the monthly data of five years to select the best auto-regressive model. Using the auto-correlation
functions (ACF and PACF) and the seasonality component in the time-series dataset, a seasonal auto-
regressive moving average (ARMA) model with its minimum AIC has been chosen to forecast the AQI.
This model is also validated by comparing its predicted values with the actual values of AQI. The results
showed that the seasonal ARMA model of (1,0,0)(1,0,0),, could forecast AQI based on a stationary dataset.
The research also indicates that the asthma patients of the Himalayan Drugs-ISBT region may experience
more health effects, especially in winter, due to poor air quality. The model can be helpful for a scientist
and the government to take precautionary measures in advance.
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1. Introduction

Anyactivityleading to degradation by violating the original
nature of the environment is called pollution (1). After the
industrial revolution, things deteriorated considerably,
marking the rapid growth in the number of industries and
automobiles that contributed significantly to air pollution.
The air quality index (AQI) is a quantitative indicator
of air quality in a region. There are six AQI categories,
namely good, satisfactory, moderately polluted, poor,
very poor, and severe. There was an improvement in air
pollution during the lockdown period of the pandemic
(COVID-19) across the globe because of the restricted
emissions from different sources (2). Air pollution is
a widespread problem in developing countries such as
India, and machine learning algorithms are essential
tools for predicting the AQI value (3). Based on past
values, knowing future AQI values in different regions is
necessary. Time series analysis makes it easier as it is an
application of data science using the time parameter (4).
In past studies, researchers employed various strategies
to predict the value of AQI using machine learning

algorithms such as logistic regression, random forest,
and decision trees (5-7). Some researchers also developed
their models through the artificial neural network and
regression techniques for forecasting and prediction of
AQI (8,9). To forecast the AQI, an autoregressive model
(i.e., ARIMA) can also be used (10). Therefore, this study
aimed to predict an effective model to forecast the values
of the AQI using time series analysis for the most polluted
region.

2. Materials and Methods

The autoregressive models used in time-series forecasting
is essential in monitoring and controlling air quality
condition. These models are based on the assumption
that the future values of the AQI will resemble its past
dataset. The appropriate visualization of data is also
required to set a prediction model for the AQI. Python
language with Matplot and Pmdarima libraries is used for
data visualization. To forecast the AQI for twelve months,
we have tried to find the appropriate model to predict
the AQI using the time series technique in the Jupyter
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notebook. We have chosen the region of Himalayan
Drugs Company considering that it is the most polluted
area of Dehradun city, the capital of Uttarakhand state.
This region is located near the Inter-State Bus Terminus
(ISBT) of this city. AQI values of 5 years were obtained
from the Uttarakhand Government (CPCB) for predictive
modelling purposes and were used to forecast the AQI
values. We have used the decomposition process to see
the trend and seasonality components of our dataset. The
Dickey-Fuller test has also been used to know the status
(stationary or non-stationary) in our time series dataset.

2.1. Decomposition of a Time Series

A time series is an ordered list of observations made at
predefined time intervals. The observation of the time
series cannotbe independent of each other. Adjusting trend
and seasonality components in the data set decomposition
and differencing is applied. The decomposition process
breaks down the original time series into its components,
including a trend (T), seasonality (S), cyclic (C), and
residual (R), and studies each component separately.

2.2. Stationarity of the Time Series

The time series forecasting methods are best fitted to a
stationary time series. Therefore, the first step in applying
the time series forecasting models is to check whether
the series is stationary. The Dickey-Fuller test is the most
commonly and frequently used statistical method to test
stationarity (11). An auto-correlation function (ACF) plot
can also be used to identify the status of a time series. If a
series is not stationary, then it will be made as a stationary
series to stabilize the mean values through the differencing
process.

2.3. Time Series Modeling Techniques

2.3.1. Auto-Regressive Model

Auto-regressive (AR) model refers to a model where
the dependent variable is the current value and the
independent variables are N previous values of the time
series. AR model considers past values and error terms
for predicting future value. AR models are called the
long memory model as the first observation of the series
always somehow affects the current value of the variable
irrespective of the time. The primary assumption for
estimating the time series is that the correlation with the
increase in lags should decrease, so the impact should be
highest for the first lag and slowly diminish to zero. A
time series of p’ past values with error is called AR (p).
The model that only depends on the previous value of the
previous lag or one lag in the past is called AR (1).

2.3.2. Moving Average Model

Moving average (MA) model refers to a model in which
the variable does not depend on any other variable.
Instead, it depends on the lag of error. In this model, we
estimate the future value based solely on past errors in
the series. The value of error is the difference between the
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expected value and the actual value in the past. It is based
on the assumption that the literal error from the past time
affects the current value. MA model is also called the short
memory model because these errors do not last long into
the future. A time series of g past errors is called MA (g).

2.3.3. ARMA or ARIMA

Auto-regressive integrated moving average (ARIMA)
model is used when a time series is non-stationary,
whereas the auto-regressive moving average (ARMA) is
used when the variable in a series is stationary. In ARMA
or ARIMA modeling, we can find out how many orders
the AR and MA go up through the ACF (g) and partial
ACF (p). In ARIMA, T means integrated, which indicates
that the original series has already been transformed into
a stationary one through the differencing process. If a time
series has a seasonality component, seasonal ARMA or
seasonal ARIMA (SARIMA) will be used (12). Similar to
ARIMA, the SARIMA model also considers the p, d, and q
parameters. SARIMA also includes seasonal components:
P, D, Q, and m parameters. Here, P means seasonal auto-
regressive, D means the order of seasonal differencing, Q
means the seasonal moving average, and m is the number
of seasonal periods (13,14).

2.4. ACF and PACF

The ACF allows the experts to compare the current value
of the dataset to its historical value. Therefore, auto-
correlation means the correlation between two variables
at a specified point in the time series, and its function can
be more understandable with the help of a graph. The
ACEF plot can quickly determine the pattern of trend and
seasonality. The partial auto-correlation function (PACF)
only considers the direct effect between two dataset
observations. The PACF plot is used to specify regression
models with time series data and the ARIMA model. The
ACF and PACF determine the order of p and g, whose
values are utilized in the auto-regressive model (15).

2.5. Akaike Information Criterion

To validate an auto-regressive model, the Akaike
information criterion (AIC) has been used (16). The
favored model is the one with the minimum AIC value.
With the help of AIC, a data scientist can select the model
that minimizes the estimated information loss.

3. Results and Discussion

The time series techniques were used to predict a model
for forecasting the AQI values for the region of Himalayan
Drugs-ISBT in Dehradun city. For this purpose, 60 valid
data points (2017-2021) have been collected from the State
Government’s Central Pollution Control Board (CPCB).
Auto-regressive models implicitly assume that the future
will resemble the past, which means predicted future values
are based on past values. Therefore, an auto-regressive
model was developed and the fitting effect of this model
was verified (17). Using the train test approach of machine
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learning, we split our data points into a training dataset
and a test dataset (18). In this study, AQI values of four
years (2017, 2018, 2019 & 2020) were taken as the training
dataset and the rest (2021) as the test dataset. The auto-
regressive model is best fitted on a stationary time series
dataset. As a preliminary step of our work, we checked out
the stationarity of our dataset to find out whether our AQI
dataset was stationary or not. We investigated this with the
help of the augmented Dickey-Fuller test (19). Here, the
P value (0.003) was less than the significance level (0.05),
indicating that our AQI dataset was a stationary dataset,
so there was no need for differencing. Fig. 1 also shows
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Fig. 1. Time Series of AQI Dataset for Himalayan Drugs-ISBT Region
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a stationary time series of our dataset due to the missing
trend. It is also clear from our ACF plot (Fig. 2) because
we know that in the case of a non-stationary dataset, there
is a significant spike at lag 1, which slowly decreases over
several lags (20).

The next step was to select the auto-regressive model to
forecast the AQI for the most polluted area of Dehradun
city located in the region of Himalayan Drugs-ISBT. Based
on the stationarity of the dataset, many researchers have
used the ARMA or ARIMA model to forecast the AQI
(21-23). The seasonal component is an essential factor in
choosing the best auto-regressive model. Therefore, we
first had to check the seasonality component in our AQI
dataset. For this purpose, we decomposed our time series
dataset into trend, seasonal, and residual components
(Fig. 3). Here, we identified the seasonal component in
our AQI dataset, which validated that the seasonal ARMA
model could best forecast the AQI.

Based on the seasonality component of the stationary
time series AQI dataset, the next step was to finalize the
order [(p, g) and (P, Q)] of our seasonal ARMA model.
We have already plotted the ACF and PACF plots to
figure out the seasonal order of P(AR) and Q(MA)
parameters. Figs. 2 and 4 indicate that P(AR) and Q(MA)
can be 1.

At last, we used the Pmdarima library in the same
language (Python language), which could provide the best
order based on their minimum AIC. According to the AIC
criterion, the smaller the AIC value, the better the fitting
effect of the model. Table 1 shows different parameters
{(p, d, @) (P, D, Q), [m]} of the seasonal ARMA model with
their AIC values provided by the Pmdarima library (24).
Here, many experiments have been performed several
times. It was concluded that the seasonal ARMA (1, 0, 0)
(1,0, 0), [12] model with a minimum AIC value of 630.19
comprised the best parameters (p, g and P, Q) to forecast
the AQIL
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Fig. 3. Time Series Decomposition of AQI Dataset
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To forecast the AQI for the next 12 months, we have Table 2. Forecast Values of AQI
taken the values up to December 2020 as a training dataset Date Forecast Values
and January 2021 as a test dataset for validation purposes.

X 2022-01-01 227.77
Using the seasonal ARMA {(1,0,0) (1,0,0), [12]} model,
¢ 2022-02-01 222.15
predicted values have been calculated for the test dataset.
. . 2022-03-01 226.36
We have plotted these predicted values with our actual
(test) dataset for the model validation purpose, and it 2022-04-01 214.94
seemed quite acceptable to refit the entire dataset (Fig. 5). 2022-05-01 189.83
After this validation process of the model, the last step 2022-06-01 192.78
was to forecast the AQI values for 12 months. Table 2 and 2022-07-01 194.33
Fig. 6 show the forecasted AQI values for the following 2022-08-01 217.22
year. 2022-09-01 200.36
2022-10-01 210.59
Table 1. SARIMA Model Fitting Results
2022-11-01 210.54
Seasonal ARMA Model Evaluation Parameter
4,9 (°,D, Q m] (AIC Values) 2022-12-01 210.51
ARMA(1,0,1)(0,0,0) [12] 632.95
ARMA(1,0,0)(1,0,0) [12] 630.19 P — Decompositionof | .. .
i Time Series i
ARMA(0,0,1)(0,0,1) [12] 634.90
ARMA(1,0,0)(2,0,0) [12] 631.51 Stationary
ARMA(0,0,0)(1,0,0) [12] 653.70 EESEeres
ARMA(2,0,0)(1,0,0) [12 630.62 .
( i 1121 Splitting of Dataset
(Train & Test)
Partial Autocorrelation Time-series Modeling Techniques
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