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Abstract: Time series analysis and forecasting has become an important tool in many applications in the field of air
pollution and environmental management. ARIMA (Autoregressive Integrated Moving Average) models form an
important part of the Box-Jenkins approach to time series data modelling. In this study Box-Jenkins method was
used to construct ARIMA model for monthly particulate matter of air pollution data with a total of 108 readings
from Dhaka meteorological station for the period 2002-2010. An attempt has been made to construct an ARIMA
(0, 0, 2) (2, 1, 0)12 model in a systematic and scientific manner. Based on the fitted ARIMA model, monthly particulate
matter of air pollution for further two years has been predicted. It will help to make better decision for controlling air
pollution in Dhaka city.
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Introduction

An ordered sequence of values of a variable observed at
equally space time intervals is referred to as time series
(Makridakis et al., 1998). There are several types of data
analysis method available for time series which are
appropriate for different purposes. This study particularly
deals with ARIMA (Autoregressive Integrated Moving
Average) described by Box-Jenkins. In time series
analysis, Box-Jenkins methodology, named after
statistician George Box and Gwilym Jenkins, applies
ARIMA model to find best fit of a time series data in
order to make forecast.

Particle pollution, called particulate matter or PM, is
a combination of tiny specks of soot, dust, and aerosols
that are suspended in the air we breathe. “A mixture of
mixtures” is how the U.S. Environmental Protection
Agency (USEPA) describes them (e.g. http://
www.epa.gov/ttn/naaqs/standards/pm/s_pm_cr_
cd.html). PM can be solids, like dust, ash, or soot. PM

can also be sulfate, nitrate, or carbonaceous aerosols.
They are measured in microns. The largest of concern
are 10 microns in diameter or smaller (PM10). Burning
fuel is a major source of the smallest types of particle
pollution. The sources may be woodstoves, diesel trucks
and buses, and coal-fired power plants. Larger particles
also come from other sources including construction,
agricultural practices, and mining. Short-term increases
(over hours to days) in particle pollution have been linked
to: death from respiratory and cardiovascular causes
including strokes (Dominici et al., 2002; Hong et al.,
2002; Franklin et al., 2007; D’Ippoliti et al., 2003; Ghio
et al., 2000), increased numbers of heart attacks,
especially among the elderly and in people with heart
conditions (Dominci et al., 2006), inflammation of lung
tissue in young, healthy adults (Tsai et al., 2003)
hospitalization due to aggravated asthma attacks among
children (Lin et al., 2002; Norris et al., 1999; Tolbert et
al., 2000; Slaughter et al., 2003). Time series analysis
techniques were used to investigate the association
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between outdoor air pollution and mortality effects by
cause, age and socioeconomic status (Nelson and Tony
et al., 2000).

Methodology

The basis of the Box-Jenkins approach for modelling
time series data consists of three phases. Identification
is the first step in this process which is broadly classified
into two categories: data preparation and model selection.
In data preparation part data is transformed to stabilize
variance and differences of data are considered to obtain
stationary series. In model selection, part data is examined
by checking ACF (Auto Correlation Function) and PACF
(Partial Autocorrelation Function) to identify potential
model. ACF plot is frequently used to identify whether
or not seasonality is present in a given time series data to
identify appropriate model for specific situations and to
determine if data are stationary. The general non-seasonal
model is known as ARIMA (p, d, q) where p is order of
autoregressive part, d is degree of first differencing
involved, and q is order of moving average part. The
ARIMA notation can be extended readily to handle
seasonal aspects and general notation is ARIMA (p,
d, q) (P, D and Q)12

 where P, D, Q are seasonal
autoregressive, seasonal difference, and seasonal moving
average part respectively. For illustrative purpose
consider the following general ARIMA (1,1,1) (1,1,1)12
model:
(1 – f1 B)(1 – a1B12)(1 – B)(1 – B12)

Yt = (1 – q1 B)(1 – g1B12) et (1)
where 1 – f1 B = non-seasonal autoregressive of order 1;
1 – a1B12 = seasonal autoregressive of order 1; Yt =
current value of the time series examined; B = backward
shift operator BXt = Xt-1 and B12Xt = Xt-12; 1 – B = 1st
order non-seasonal difference; 1 – B12 = seasonal
difference of order 1; 1 – q1 B = non-seasonal moving
average of order 1; and 1 – g1 B12 = seasonal moving
average of order 1.

The second step of Box-Jenkins approach is modelling
time series data by estimating parameters and testing the
significance. This step involves the estimation of the
parameters to fit potential models and to select a suitable
criterion which can be used to determine the best model
among plausible models. This criterion is well known as
Akaike’s Information Criterion (AIC) developed in 1974
defined as:

AIC = (–2 log L + 2 m) (2)
where L is the maximized likelihood function and m is
the number of parameters estimated in the model. The

model which attains minimum AIC value is considered
as the best model. After choosing the most appropriate
model, parameters are estimated by using the method of
maximum likelihood. The method of maximum
likelihood finds the values of the parameters, which
maximizes the likelihood function. Computer programs
for fitting ARIMA models will automatically find
appropriate initial estimates of the parameters and then
successfully refine them until the optimum values of the
parameters are found. A test of significance of the
estimated parameters is done from the parameter estimate
and its standard error. Some of the estimated parameters
may have been found insignificant (p-value larger than
0.05). If so, a revised model is considered dropping the
insignificant explanatory variables. In diagnostic
checking step check autocorrelation function (ACF) of
residual. This is usually done by correlation analysis
through the residual ACF plots and the goodness-of-fit
test by means of Chi-square (c2) statistic. If the residuals
are correlated, the model should be re-considered as
discussed in step one. Otherwise, the model is adequate
to represent the time series data.

The third step of Box-Jenkins approach is to use the
best fit model (as adjudged in step 2) for forecasting
purposes.

Result

Statistical software R version 2.13.0 has been used for
developing the ARIMA (Autoregressive Integrated
Moving Average) model. The descriptive statistics for
our data is shown in Table 1. First, the data was checked
for stationarity by using control chart which is a useful
graphical device for detecting the lag of stationarity in a
time series data. Figure 1 represents monthly particulate
matter (µg/m3) of air pollution data for Dhaka station;
from the figure it can be reasonably concluded that there
is a seasonal cycle of the data set indicating non-
stationarity of the given time series data. To check
non-stationarity of the data set, the ACF and the PACF
were calculated and plotted. Figure 2 (a-d) represents
(a): Autocorrelation function (ACF), (b) Partial
Autocorrelation function (PACF) for original data
set (particulate matter of air pollution data),
(c) Autocorrelation function (ACF), and (d) Partial
autocorrelation function (PACF) for first order seasonal
differences (de-seasonalized) data set. It is clearly evident
from Figure 2 (a-b) that the given time series data
(monthly particulate matter) is not stationary. To fit
ARIMA model to the data set it must be stationary. In
order to make data stationary, the seasonal differences
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Table 1: Basic statistics for Dhaka station monthly particulate matter data

No of obs Mean St.Dev Variance Min Max
108 127.70 70.06362 4908.91 15.80 271.00

Figure 1: Monthly particulate matter (µg/m3) of air pollution data for Dhaka station.

Figure 2: (a): Autocorrelation function (ACF), (b) Partial autocorrelation function (PACF) for original data set (particulate
matter of air pollution data), (c) Autocorrelation function (ACF), and (d) Partial autocorrelation function (PACF) for

first order seasonal differences (de-seasonalized) data set.

of original data was considered. Thus considering D = 1
the differences of the original data were calculated and
again the ACF and PACF were calculated for the
differences and presented in Figure 2(c-d). Figure 2

(c-d) suggests that differences (de-seasonalized) time
series data is stationary.

Suppose the ARIMA (p, 0, q) (P, 1, Q)12 model is
considered for the given time series data (particulate
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matter in air). After considering the ARIMA model, the
problem is to determine the values of the parameters p,
q, P and Q of the considered model. Considering different
combinations of the values of the parameters p, q, P and
Q, a number of ARIMA model has been defined. To
identify the best fit model, the AIC corresponding to each
identified ARIMA model has been calculated. From the
set of identified ARIMA models it was found that the
ARIMA (0, 0, 2) (2, 1, 0)12

 model attains the lowest AIC
value 884.18. Thus, the ARIMA (0, 0, 2) (2, 1, 0)12 model
is tentatively the best fit model for the given time series
data.

Considering the ARIMA (0, 0, 2) (2, 1, 0)12 model,
the seasonal autoregressive parameters a1 and a2 were
estimated to be 0.9239 (p-value = 0.00) and 0.6936
(p-value = 0.00) respectively and the moving average
parameters q1 and q2 were estimated to be 0.2788
(p-value = 0.00) and 0.2440 (p-value = 0.01), respectively
as shown in Table 2. Small p-value indicates that the
coefficients of the selected model are significant.

After estimating parameters for this model the
adequacy of the model was checked by their residuals.
Figure 3 represents the diagnostic checking values of
the residuals. From Figure 3 we can conclude that

Table 2: ARIMA (0, 0, 2) (2, 1, 0 )12 model characteristics parameters and p-values

Coefficients Parameters Standard error p-value
ma1(qqqqq1) 0.2788 .0995 0.00
ma2(qqqqq2) 0.2440 .1037 0.01
sar1(qqqqq1) 0.9239 .0872 0.00
sar2(qqqqq2) 0.6936 .0753 0.00

Figure 3: The diagnostic checking of ARIMA (0, 0, 2) (2, 1, 0)12 model.
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residuals are independently and identically distributed
sequence with mean zero and constant variances. ACF
of residual suggests that residual did not deviate
significantly from zero mean white noise process. Ljung-
Box shows high p-value associated with the statistic.

Figure 4 shows that the histogram of standardized
residuals for the selected model follows approximately
normal distribution which is also shown in the normal
Q-Q plot. The goodness-of-fit of the model was also
tested by chi-square statistic (c2 = 17.19) and observed
that the residuals are white noise.

Finally, based on the above results, the ARIMA (0, 0,
2) (2, 1, 0)12 model was found adequate to represent the
considered time series data on particulate matter in air
for Dhaka meteorological station and used for forecasting
purpose.

Figure 5 shows the predicted value and the observed
value of the particulate matter in air. Close proximity of

the original and the predicted values indicate that the
considered model provide acceptable fit to predict
particulate matter of air in Dhaka city.

Hence, the fitted ARIMA (0, 0, 2) (2, 1, 0)12 model
could be written as:
(1 – a1 B12 – a2B24)(1 – B12)

Xt = (1 – q1 B – q2 B2) et (3)
This can be re-written as:

(Xt = (1 + a1) Xt – 12 + (a2a1)
Xt – 24 – a2 Xt–36 – q1 et–1 – q2 et–2 + et (4)

Finally the model in equation (4) is used for the
forecasting purpose.

Figure 6 shows a comparison between the observed
data and fitted data that resulted from the developed
ARIMA model for the period between 2002 and 2010.
The observed data is relatively close to the fitted data.
Besides, it is clear that particulate matter of air pollution

Figure 4: Testing normality and identifying outliers of residual.
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Figure 5: Actual and predicted values for 2002-2012 of overall time series by using ARIMA (0, 0, 2) (2, 1, 0)12 model.

Figure 6: The comparison of actual and fitted value of particulate of air pollution.

pattern continues for the upcoming years and there is an
indication of slight decreasing trend of the amount of
particulate matter of air pollution with time.

Conclusion

Air pollution is a constant threat to the population of
Dhaka city. In this study, ARIMA (0, 0, 2) (2, 1, 0)12

model well reflected the trend in the particulate matter
of air pollution in Dhaka city. It was observed that the
ARIMA model is capable of representing air pollution
in subsequent year with relative precision. This result
also indicates that statistical time series models lead to
better understanding to prevent air pollution from Dhaka
city.
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