6
                       Giuliana Passamani e Paola Masotti
Smoothed Common Trends in Multivariate Air Pollution Data
5

Smoothed Common Trend in Multivariate Time Series Air Pollution Data

Trend comune 'smoothed' in serie storiche multivariate di inquinanti atmosferici
Giuliana Passamani and Paola Masotti1

Abstract Air quality improvement is a fundamental issue, given the possible effects of air pollution on human health. The paper focuses on detecting the trend component of an unobserved dynamic factor that we consider as a pollution indicator. This factor emerges from the multivariate monthly time series analysis of the levels of four air pollutants measured at four different monitoring sites in the Alpine Province of Trento over the last ten years. In particular, we suggest a procedure that can be used in order to assess whether any improvement in the pollution level has been observed during the period of observation. The suggested procedure is based on the double exponential smoothing which is simpler than state space time series analysis and gives comparable results.
Abstract Il miglioramento della qualità dell'aria è una questione fondamentale, dati i possibili effetti dell'inquinamento atmosferico sulla salute umana. Il lavoro si focalizza sulla stima del trend di un fattore dinamico latente considerato come indicatore di inquinamento. Questo fattore emerge dall'analisi multivariata delle serie storiche mensili relative ai livelli di quattro inquinanti misurati in quattro diverse stazioni della Provincia di Trento in dieci anni. In particolare, si suggerisce una procedura che può essere utilizzata per capire se vi sia stato un miglioramento nel livello di inquinamento durante il periodo di osservazione. La procedura suggerita utilizza un doppio lisciamento esponenziale che, pur dando risultati simili, è più semplice da applicare rispetto ad un'analisi temporale nello spazio degli stati.
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1 Introduction
The effects of air pollution on human health have been widely studied and a number of scientific papers correlate the exposure to hazardous air contaminants to respiratory and cardiovascular diseases as well as to an increase in hospital admissions and daily mortality. The World Health Organization (WHO) estimated that approximately 800,000 premature deaths per year can be attributed to air pollution exposure in large cities, Krzyzanowski and Cohen (2008).

To protect public health the European Union adopted many Directives on Air Quality. The latest framework Directive (2008/50/EC) on ambient air quality and cleaner air for Europe was adopted in 2008, it defines evaluation and management methods to improve the monitoring and the assessment of air quality on the basis of standardized measurement techniques and common criteria for the number and location of measuring stations. Furthermore it establishes upper and lower assessment thresholds and alert thresholds for pollutants to provide information to the public. 

In Italy the Directive 2008/50/EC has been implemented by the Legislative Decree n° 155 of August 2010. As requested by the legislation the Province of Trento has divided its territory in zones on the basis of meteorological characteristics, air emissions load and territory urbanization level and defined the location of sampling points for fixed measurement for those pollutants that exceed or are below the established upper assessment threshold. Seven fixed monitoring sites have been located in the valleys corresponding to areas where the level of pollutants exceeds the upper assessment threshold established by the law. Another fixed station has been located up to mountain in order to detect the air pollutants concentration in an area where pollutions should be at the lowest level, with the exception of ozone which is an ubiquitous contaminant.

The aim of this paper is to asses and better evaluate the change in ambient air quality in the Province of Trento. Analysing the general pattern over time of a set of measured variables is a common question in environmental time series studies. The problem is that the available time series are often short and non-stationary and the most frequently used time series techniques are not appropriate. Dynamic factor analysis is, instead, a technique which can be used as shown in Zuur et al. (2003). In their paper they consider as common trends the unobserved random walk factors estimated through the state space analysis of a multivariate environmental time series. The procedure we're going to suggest is made up of two steps: first the estimation of the unobserved dynamic factor as if it were a pollution indicator and then the analysis of its evolution during the period of observation. 

The data set we work on consists of time series observations relative to four pollutants: Particulate Matter (PM10), nitrogen dioxide (NO2), nitric oxide (NO) and ozone (O3). The monthly observations correspond to a ten years’ period from January 2002 to December 2011. They are obtained from continuous measurements of each pollutant, the unit of measurement is μg m-3. Four monitoring sites have been considered: (i) Trento Parco S. Chiara, a residential area of the city; (ii) Rovereto Largo Posta, located in the city center; (iii) Borgo Valsugana a town with a population of about 6,000 inhabitants; (iv) Riva del Garda, in the North-western corner of Garda Lake. Figure 1shows the four pollutants for each monitoring site
. 
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Figure 1: Time representation of the series for the four pollutants, PM10, NO, NO2 and O3, recorded at the four monitoring sites during the period January 2002 – December 2011.
The structure of the paper is the following. In Section 2 we discuss the methodological procedure which, starting from the dynamic factor model, leads to the determination of the smoothed common trend. In Section 3 we describe the results for each site and in Section 4 we conclude the paper.
2 The methodological procedure
Given the characteristics of the observed data, we consider dynamic factor analysis as a dimension reduction technique through which we arrive at detecting the latent smoothing function of time representing the final aim of the paper. The dynamic factor model considered is the following:

(1)             
[image: image2.wmf]011

,   ,   

ttttttttt

fff

an

--

=++=+=+

y

γγuuΦuε

,
where 
[image: image3.wmf]t

y

 represents the 
[image: image4.wmf](41)

´

 vector of dependent variables, the four pollutants for each site, and
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 the unobservable common factor. 
[image: image6.wmf] and 

tt

u

ε

are 
[image: image7.wmf](41)

´

 vectors of disturbances, 
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 vectors containing  the constant level parameters and the unknown factor loadings, 
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 is the autoregressive factor parameter and 
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 matrix of autoregressive parameters. Model (1) can be considered as a dynamic factor model
 with vector autoregressive errors, where the conditional mean of the factor is assumed to vary over time according to an AR(1). It is estimated by using a maximum likelihood approach implemented by writing the model in state space form
 and by using the De Jong diffuse Kalman filter to derive and implement the log likelihood
.

Once the model has been estimated, we use it in order to predict the unobserved common factor, 
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. The prediction method adopted estimates the states at each time by a Kalman smoother and using all the sample information.

In order to detect the varying trend component of the estimated common factor, a straightforward procedure would be based on a state space model as follows:

(2)
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where 
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 represents the trend component which is assumed to follow a random walk and 
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 represents the seasonal component which can be assumed constant from year to year. 
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 are error components. The variance of 
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 determines the smoothness of the trend component, which becomes smoother as  the variance decreases towards zero. In model (2) 
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 represent the unobserved states that can be estimated through the Kalman filter and the smoother algorithm using all sample information. This estimation approach, however, needs long time series in order to initialise the procedure and to get an estimate of the trend component.
When the time series are not particularly long, a simpler procedure which has shown to give comparable results with the ones obtained using model (2), is the estimation of the trend component of the predicted unobserved factor through a double exponential smoothing procedure, where the first smoothed variable 
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 is obtained with a single exponential  smoothing procedure and the double smoothed variable 
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 is the result of the same smoothing procedure applied to the smoothed variable
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. The smoothing procedure suggested for detecting the trend component is the following: 
(3)
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In order to get comparable trend components for the different monitoring sites, the smoothing parameter 
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 has been set to a fixed value for each site.

3 Results

Estimating
 model (1) for each monitoring site, where the observed variables are PM10, NO, NO2 and O3, and predicting  the unobserved factor using all the sample information, we get a time series of observations of what we call the pollution indicator. Then, using model (2), we estimate the trend component of each pollution indicator. To the same four indicators we also apply the double smoothing procedure with a fixed smoothing parameter (
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, which is a reasonable value leaving some seasonal behaviour), described in (3). The representation of the state space estimated trend component is given in Figure 2, while the representation of the smoothed common component is given in Figure 3. 
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Figure 2: The state-space estimated trend component according to model (2)
As we can observe the evolution of the pollution indicators estimated either with model (2) or with model (3) are quite similar, even though they show some clear different behaviours across the monitoring sites
. In particular, we can notice an improvement in air quality in three out of four monitoring sites in the most recent years.
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Figure 3: The estimated smoothed component according to model (3)
Conclusions


As already remarked, the aim of the paper is the proposal of a simple methodological procedure for estimating the evolution of a pollution indicator and not to suggest a strategy for the construction of another synthetic air quality index as, among others, in Bruno and Cocchi (2007). The multivariate dynamic factor model and the double exponential smoothing procedure used in the analysis and tailored to the problem at hand, offers a rather simple and flexible approach to detect the trend of an unobserved variable as pollution, given the observations on pollutants.
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� 	The monthly data set for the empirical analysis has been provided by “Agenzia Provinciale per la Protezione dell’Ambiente (APPA)” of the Province of Trento (Italy).


� 	A similar model was used by Fontanella et al. (2007) for the analysis of environmental pollution in the Milan district, following the work of Forni et al. (2000).


� 	For state-space representation the reference is Harvey (1989).


� 	The number of autoregressive lags in the model specification and the covariance structure of the errors have been decided on the basis of some preliminary analysis and in order to avoid convergence problems that can arise in the optimization phase of the likelihood, when estimating the model. Convergence problems are mentioned in Stata 11 Manual.


� 	ML estimation has given interesting results: for each site the estimated parameters of PM10, NO and NO2 on the common factor are largely significant and with positive signs, while the estimated parameters of  O3 is significant and negative. The ML estimates are not reported for reasons of space, but are available upon request.


�	For the first monitoring site the representation starts in 2006 because of missing data on PM10, while for the others it starts in 2005, just to cut off the effects of the initializing values for model (2).
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