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1. Introduction 

Particulate matter (PM) are microscopic particles of solid or liquid matter suspended in 

the air. Its sources can be natural or anthropogenic. It has a significant impact on both 

climate and precipitation, and therefore has both health and social costs. In particular, it 

affects the amount of incoming solar radiation and outgoing terrestrial radiation. The 

coarse particles can have a diameter between 2.5 and 10 micrometers (μm) (PM10) and 

are known to be a very harmful form of air pollution given their ability to penetrate into 

the lungs and blood streams and cause respiratory and heart diseases as well as 

premature death.  Various countries have therefore set limits for particulars in the air, 
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Naveen and Anu (2017) studied air quality in India using ARIMA, seasonal ARIMA 

(SARIMA) and other models. Pan and Chen (2008) is one of the few studies using long-

memory AutoRegressive Fractional Integrated Moving Average (ARFIMA) models for 

air pollution data (
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2. Methodology 

As 
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the US EPA standard (United States Environmental Protection Agency). Specifically, 

we use daily data for the past 7 years (2014-2020) concerning eight European capitals: 

Amsterdam, Berlin, Brussels, Helsinki, London, Luxembourg, Madrid and Paris. The 

series represents 
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where yt stands for PM10 in each European capital in turn; B is the backshift operator, 

and xt is an I(d) process such that the error term ut is I(0); the disturbances are assumed 

to follow a white noise (see Tables 2 and 3) and an autocorrelated process (see Tables 4 
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When allowing for autocorrelation (Tables 4 and 5) the time trend appears to be 

negative and statistically significant in the case of Brussels, Berlin and Paris, which 

might reflect the anti-pollution policies adopted in these three capitals. In particular, a 

low emission zone (LEZ) was established in the Brussels region with the aim of 

meeting the Eu
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(0,1); this implies that mean reversion occurs and shocks do not have permanent effects. 

However, the degree of persistence is different in the eight capitals examined; in 

particular, the effects of shocks take longer to die away in the case of Brussels, 

Amsterdam and London. Such evidence should be taken into account by policy makers 

aiming to design effective measures to reduce pollution. 

The estimated values of d are lower under the assumption of autocorrelated 

errors; in this case three of the capitals examined (Brussels, Paris and Berlin) exhibit 

statistically significant negative time trends, which suggests that the policies they have 

adopted to reduce pollution (such as the establishment of LEZs) have been successful, 

at least to some extent. 

Other statistical properties of PM10 that could be investigated are seasonality, 

non-linearities and structural breaks; the forecasting properties of rival models could 

also be examined; all these issues are left for future work. 
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Table 2: Estimates of d: White noise errors 

Series No deterministic 
terms An intercept An intercept and a 

time trend 




