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ABSTRACT 

In this rapidly developing industrialized world, several factors negatively influence the environment with 
problematic consequences. One of the major problems is in air quality. Understanding pollutants’ spatial 
distribution and monitoring the air quality by applying geostatistical approaches is challenging and topical 
in data quality research field. Prediction of air pollutant distribution and air pollution mapping could be 
improved by extending geostatistical approaches in spatio-temporal domain with the help of atmospheric 
models, in-situ field measurements and remote sensing data and techniques.  

The research aims to model and to map air pollution data by applying geostatistical space-time approach 
integrating secondary information from different sources. 

Data pre-processing and combining all available dataset, primary in-situ measurements of PM10, grid data 
of CTM outcome, raster dataset of DEM and land cover map have been done prior to the implementation 
of spatio-temporal modelling.  

Overall, 580 monitoring stations in the north-western European five countries were used in the spatio-
temporal modelling. Observed PM10 concentrations vary in space and time. And it’s interesting to see 
that these variations are different in different month spatially and temporally. During the months of the 
warm seasons (May, June, July and August), concentrations are relatively lower, and in colder seasonal 
times, extreme high concentration were observed. This could be explained by factors that influence the air 
pollution become active in cold seasonal days. On the other hand, PM10 concentrations in April are 
observed to be high concentrations and even their CTM outcomes were high. Reason of this was 
explained by huge clouds of ash in the atmosphere due to the volcanic eruption in northern Iceland in 
between end of March and April.  

Multiple regression analysis was carried out in order to choose significant explanatory variables as 
covariates. Due to insignificant result from DEM, it is neglected from the further analysis. And CORINE 
Land cover LABEL1 category and CTM outcome were used as explanatory variables and factor. 

Separable spatio-temporal model was implemented. It was assumed for the modelling that spatial structure 
of the daily PM10 concentrations is constant over a year, but unknown (second-order stationarity). Spatio-
temporal variogram function is defined as a function of spatial and temporal distance  and  
respectively. Kriging has been performed based on this variogram estimation using the complete dataset. 

Prediction map was created by spatio-temporal universal kriging based on the fitted separable spatio-
temporal model at unsampled locations of CTM grid dataset using stations that have continuous 
observation during whole month (no missing value). As for the remaining stations, there were used for the 
validation.  

Probability map of exceedance has been achieved by spatio-temporal indicator kriging based on given 
threshold value of daily PM10 concentrations. And exceedance map has been created by defining 
probability threshold as 0.697 in January. 
 

Key words: PM10 concentrations, geostatistical mapping, separable model, spatio-temporal model, 
indicator kriging. 
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1. INTRODUCTION 

1.1. Motivation and problem statement 
In this rapidly developing industrialized world, several factors negatively influence the environment with 
problematic consequences. One of the major problems is in air quality. Polluted atmosphere has a harmful 
impact on human health and quality of our life. Dickey (2000) explained role of primary pollutant groups, 
such as ozone (O3), sulfur dioxide (SO2), nitrogen oxides (NOx), carbon monoxide (CO), particulate 
matter (PM) and other air pollutants, and mentioned that they typically present together pollution but vary 
by location, source activity, season, weather and year. Understanding pollutants’ spatial distribution and 
monitoring the air quality by applying geostatistical approaches is challenging and topical in data quality 
research field. 

Geostatistics is a branch of science that applies statistical methods to spatial interpolation. It has broad 
application in different disciplines and its methods could be integrated with geoinformation technologies 
to improve the quality of mapping. Nature of spatial variables varies in space and in time, and 
understanding their spatial distribution at any given location and at specific time gives an opportunity to 
predict the events over a particular area. Prediction of air pollutant distribution and air pollution mapping 
could be improved by extending geostatistical approaches in spatio-temporal domain with the help of 
atmospheric models, in-situ field measurements and remote sensing data and techniques.  

Research has suggested that accuracy of mapping could be improved by integrating those different 
information sources, specifically using geostatistical modelling. van de Kassteele, Stein, et al. (2006) 
focused on statistical techniques for detailed mapping of major air pollutants: ozone, NO2 and PM and its 
uncertainties, and concluded that additional information such as chemical transport model (CTM) and 
aerosol optical thickness (AOT) from Moderate Resolution Imaging Spectroradiometer (MODIS) led to 
more accurate and precise spatial interpolation result. Other types of geographic information such as 
elevation, land cover, traffic and so on could also be used to improve modelling and mapping (Mwenda, 
2011; Desta, 2012). Although, additional source data is integrated in the modelling and prediction, 
temporal aspect of the variables were neglected in the most cases.  

Nevertheless, spatio-temporal context is not a new field of research. It has been actively studied over 
decades. In order to integrate the multiple data sources and to model the local and/or global variation, 
model-based analysis with spatio-temporal context could be applied (Lark & Cullis, 2004; Denby et al., 
2008; Mwenda, 2011; Desta, 2012; Gräler et al., 2012). In integrating the air pollution data with the other 
additional data, the data quality of the different sources draws attention and it would effect on estimating 
the model parameters, further the spatial and temporal prediction of the air pollution data.  

Data analysis and predictions which based on joint spatial and temporal dependencies between 
observations are provided by geostatistical spatio-temporal models in probabilistic framework, and the 
joint space-time dependencies is not fully modelled in estimation of the unknown value at unmonitored 
location (after Kyriakidis & Journel, 1999). Moreover the most recent paper reviewed that spatial aspect of 
the variables has been extensively studied by applying geostatistical approaches with the help of remote 
sensing and image analysis, but the time aspect has been disregarded in most cases (van der Meer, 2012). 
Since the PM concentrations vary in short temporal and spatial scale (Koelemeijer et al., 2006; Kloog et al., 
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2011) and given datasets are rich in temporal context, geostatistical joint space-time models, which are 
supported by the secondary sources, are needed to be taken into consideration further. 

As modelling the air pollutants’ concentrations, health impacts of air pollution could be quantified with 
the help of identifying certain thresholds. In 2005, World Health Organization introduced Air quality 
guidelines (AQGs) which are intended for offering global guidance on reducing the health impacts of air 
pollution (WHO, 2011). As defined in the AQGs (World Health Organization, 2006), no threshold for 
PM has been identified, the lowest PM concentration need to be achieved as much as possible. Thus, 
exceeding of the PM consideration over the specified thresholds needs to be mapped and its implication 
for human health should be emphasized. 

Therefore, by extending the previous research, geostatistical space-time models should be implemented 
based on the exploring the spatial patterns of the PM concentrations integrating with additional sources 
such as land cover, and elevation data at different spatial resolution and temporal aggregation. This would 
give improved results in geostatistical mapping of air pollution since temporal aspect of the distribution of 
PM concentrations is involved in the modelling. 

1.2. Research objectives 

1.2.1. Overall research objective 
The research aims to model and to map air pollution data by applying geostatistical space-time approach 
integrating secondary information from different sources. In order to achieve the overall objective, the 
following research specific objectives and research questions are stated. 

1.2.2. Specific research objectives 
1. To investigate spatial correlations between in-situ measurements of PM concentrations, CTM and 

additional sources such as elevation and land cover over the regions in different temporal scales. 
2. To examine temporal correlation between in-situ measurements of PM concentrations, CTM and 

additional sources. 
3. To integrate data with different spatial resolution and different qualities. 
4. To create map of PM concentrations, including specific threshold exceedance. 

1.2.3. Research questions 
Q1. What is the spatial distribution of the PM concentrations over study area? 
Q2. What is the spatial relationship between in-situ measurements, CTM and additional sources such 

as elevation and land cover over the regions in different temporal scales? 
Q3. What is the temporal correlation between in-situ measurements, CTM and additional sources such 

as elevation and land cover over the regions in different temporal scales? 
Q4. How to integrate data with different spatial resolution and different qualities? 
Q5. How can we develop space-time models of PM concentrations? 
Q6. How can exceedance map of PM concentration be made based on the defined threshold value? 
Q7. What area of Europe has a high probability of exceeding PM concentrations? 

1.3. Innovation 
Innovation of the research aims at improved geostatistical space-time modelling and mapping of air 
pollution data by integrating secondary information from different sources considering temporal aspects. 
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1.4. Thesis structure 
The thesis consists of seven chapters. Research motivation, objectives and questions are described in 
Chapter 1. Chapter 2 provides literature review on previous studies related to the air pollutants and space-
time models of air pollution. Chapter 3 defines description of study area and given datasets. Methodology 
part and results are provided in Chapter 4 and Chapter 5 respectively. Discussion and limitation of the 
research are provided in Chapter 6. Chapter 7 delivers conclusion and recommendation of the research. 
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2. RELATED WORK 

2.1. Data related work 
As exposure to air pollutants has harmful impact on quality of air, human health and ecosystem (WHO, 
2011; EEA, 2012), limit values of air pollutants are defined. European Commission has set daily1 and 
yearly limit values for PM10 which are 50 g/m3 and 40 g/m3 (EEA, 2012) over Europe. To control the 
exceedance of PM10 over a region, geostatistical modelling and mapping of air pollutants have been 
actively studied (Koelemeijer et al., 2006; van de Kassteele, Koelemeijer, et al., 2006; Denby et al., 2008; 
Dadvand et al., 2011; Kloog et al., 2011; Lee et al., 2011).  

Different countries use different measurement and calibration methods for obtaining air pollution data 
which complicates the regional modelling and mapping (van de Kassteele, Koelemeijer, et al., 2006; Denby 
et al., 2008). Statistical method for standardizing PM measurements from different countries was proposed 
by van de Kassteele, Koelemeijer, et al. (2006). They used three factors called internal explanatory variables 
and included them in the linear model in order to achieve standardized PM10.  

In order to improve understanding of air pollutants, secondary information from other sources e.g., CTM, 
meteorological condition, elevation and AOT, has been used in the statistical modelling of air pollution 
(van de Kassteele, Koelemeijer, et al., 2006; Konovalov et al., 2009; Kloog et al., 2011). CTM is a 3D 
computer simulation which is designed for prediction of air pollutants’ concentrations. AOT products are 
derived from MODIS satellite imagery to support climate modelling. These products have been found to 
be advantageous for the modelling in many studies. van de Kassteele, Koelemeijer, et al. (2006) studied the 
interpolation of PM10 concentrations using these secondary information. They achieved improved results 
from adding either CTM outcome or AOT to the statistical modelling. Koelemeijer et al. (2006) compared 
spatial and temporal variations of yearly and monthly averaged AOT and limited PM concentration 
respectively, over Europe which concludes AOT products could be useful to improve monitoring of PM 
distribution as well.  

Lee et al. (2011) proposed the calibration approach of MODIS AOT to investigate spatial patterns of the 
PM2.5 concentrations, extended their work by considering temporal aspect of the PM2.5 concentrations 
on land use regression model (Kloog et al., 2011). In their studies, daily PM2.5 concentrations and AOT 
values are used.  

As studying the previous related work, the research considered CTM outcome and land cover and 
elevation as secondary information in order to support limited in-situ measurements of PM10 
concentrations. 

2.2. Space-time modelling 
To capture the high level of PM concentrations, hourly and daily measurements are taken in fixed 
monitoring stations. This enables statistical analysis in both space and time domains. Previous studies have 
developed and proposed geostatistical models are mostly neglect temporal aspect of the data (van de 

                                                      
1 Not to be exceeded on more than 35 days per year. 
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Kassteele, Koelemeijer, et al., 2006; Lee et al., 2011). Since both spatially and temporally available data are 
at hand, space-time geostatistical model are preferable. Moreover, recent studies are more considered on 
this subject and approaches has been developed in various application, for example, space-time 
distribution of soil water in Jost et al. (2005), for human health in Gething et al. (2007); de Fouquet et al. 
(2011), Romanowicz et al. (2006) etc.  

There are studies that reviewed how geostatistics is used and developed. van der Meer (2012) reviewed 
how geostatistics is played role in remote sensing studies which concluded space-time analysis is neglected 
most of the time. Kyriakidis and Journel (1999) and Sahu and Mardia (2005) provided clear reviews on 
research in geostatistical space-time domain. They extensively studied previous and recent geostatistical 
work of spatio-temporal domain in different field of disciplines. Kyriakidis and Journel (1999) reviewed 
various stochastic space-time models, and their pros and cons were highlighted. They discussed joint 
spatiotemporal models and gave formulation by adding additional time dimension ( ) to the two-
dimensional space ( ) 2 . Random function of variables  at locations  and instants  in time are 
expressed as, 

 

Sahu and Mardia (2005) reviewed and discussed about textbooks, articles and history of development of 
geostatistical space-time models in number of disciplines which gives clear direction of recent trend of 
space-time models. After publication of these reviews, spatio-temporal models have been studied actively 
in mapping of air pollutants’ concentrations. Such researches could be found in Cesare et al. (2001), De 
Iaco et al. (2002), de Fouquet et al. (2011), De Iaco et al. (2011), De Iaco and Posa (2012), Gräler et al. 
(2012), Gerharz et al. (2013), among others. 

Cesare et al. (2001) introduced the product-sum covariance model which requires additional three 
parameters in the calculation of covariance function. These parameters could be achieved by computing 
covariance functions at zero spatial and time, and should be positive definitive. On basis of this model, De 
Iaco et al. (2002) estimated total air pollution in the Milan district, Italy by proposing new generalized 
space-time functional model.  

Temporal variability of ozone concentrations has been studied in de Fouquet et al. (2011). In this paper, 
they gave clear description of geostatistical model and applied in hourly ozone observation, and compared 
the result with chemistry-transport model outcome over France. From their studies, temporal variability of 
the air pollutants is important for the modelling. 

Sampson et al. (2011) presented spatio-temporal modelling of air quality data to provide long-term 
prediction of the PM2.5 concentrations using data from Air Quality System (AQS) fixed site monitors. 
Recent study, Gräler et al. (2012), analysed and interpolated daily and annual mean PM10 concentrations in 
European scale. They investigated and compared types of variogram models and concluded that 
interpolation using daily mean PM10 concentration gave improved result than using yearly mean 
concentrations.  

Other than spatio-temporal covariance/variogram models, hierarchical Bayesian space-time models are 
studied as well (Banerjee et al., 2003; Riccio et al., 2006; Cocchi et al., 2007). Textbook by Banerjee et al. 
(2003) explained hierarchical models in spatiotemporal context and gave formulation of its models and 
prediction. 

                                                      
2 Some notation of the formulae differs 
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While spatio-temporal models are being developed, proper software or packages that can handle the new 
models and spatio-temporal data structure are needed. Integrated packages and programs  have been 
developed by the software developers. Some are gstat with spacetime package in R (Pebesma, 2004, 2012), R-
INLA package (Blangiardo et al.), and GSLib routine in FORTRAN (De Iaco et al., 2010; De Iaco & Posa, 
2012). GSLib is the customized routine for kriging based on generalized product-sum model proposed in 
De Iaco et al. (2001). R-INLA package is designed for Integrated Nested Laplace Approximation 
approach. spacetime package enables data structure in space and time and allows gstat functions to run 
spatio-temporal analysis (Pebesma, 2012) in R. 
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3. STUDY AREA AND DATA DESCRIPTION 

3.1. Study area 
EEA (2012) reported air quality of previous years over Europe. From their compared statistics for each 
country, it’s shown that exceedance of PM10 concentrations is relatively reduced. However, spatio-
temporal interpolation is required for investigating spatial and temporal variability of air pollutants in 
order to limit the concentrations as much as possible. Hence north-western European five countries were 
selected as study area in this research. Namely, they are Belgium, Czech Republic, Germany, The 
Netherlands and Poland (Figure 3-1). 

Countries have different types of methods of correction factors to account for underestimation of the PM 
mass (van de Kassteele, Koelemeijer, et al., 2006). Basically, to avoid the heterogeneity in space, study area 
has been narrowed down from European scale to regional even though data is available in most of the 
European territory. Monitoring stations are spatially limited in space but continuous in time; however, 
measurements are averaged on a daily basis and there are some missing values as well. Therefore, in-situ 
measurements of PM10 concentrations are fixed in space and discrete in time. 

 
Figure 3-1 Study area and location of monitoring stations 

Northern part of the area is shown to be lower elevated than southern part (Figure 3-3). According to the 
CORINE3 digital elevation model (DEM), the highest elevated monitoring station is "PL0304A" with 
983m and the lowest is "PL0168A" at -39m both in Poland. 

                                                      
3 Coordination of information on the environment 
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3.2. Data description 
The research handles number of spatially and temporally available data including in-situ measurements and 
CTM output of PM10 concentrations, and remote sensing products such as land cover map and DEM. 
Data descriptions of these are explained in the following sub-sections. 

3.2.1. In-situ measurement of PM10 concentration 
The whole European data is archived in NetCDF4 format by air quality data base (AirBase). With the help 
of ncdf4 library and given R codes, archived data has been extracted and reconstructed into R 
environment. Later, measurements in study region are extracted from the whole dataset. In-situ 
measurements of PM10 concentrations from 580 monitoring stations over the study area are used for the 
geostatistical modelling and mapping. The provided original data contained whole three years (2008, 2009 
and 2010) daily-mean of PM10 concentrations. According to research interest, measurements from 2010 
have been selected out of the whole dataset. Since the data is available in both space (location and its 
attribute) and time (daily measurements over a  year), data has been reconstructed into STFDF format 
which is a class for spatio-temporal data with full space-time grid using spacetime package in R environment 
(Pebesma, 2012). Further explanation of the data is in the section 4.3 Data Exploratory analysis. Daily in-
situ measurements are not available for all stations continuously. Missing values exist. AirBase monitoring 
stations have its type of area regards to the location of the stations, which are rural, suburban and urban. 

3.2.2. CTM outcome 
As CTM is designed for the assessment of particulate air pollutants (LOTOS-EUROS, 2011a), this model 
outcome is used as a covariate to improve the accuracy of modelling and as a grid for prediction as well. 
Along with the in-situ measurements of PM10 concentrations, CTM outcome is provided at European 
scale including concentrations over ocean (Figure 3-2). Study area has been subset from this dataset. Grid 
dataset has 100  × 140  cell size and PM10 concentration is provided in unit of kg/m-3.  

 
Figure 3-2 Provided grid dataset of PM10 concentration from CTM at European scale. Reference system is in 
geographical WGS84. Concentrations (kg/m-3) are increasing from blue to orange. 



GESTATISTICAL MODELLING AND MAPPING OF AIR POLLUTION  

9 

3.2.3. Elevation data 
European Environmental Agency (EEA) provides world digital elevation model (ETOPO5) and the data 
has been downloaded from EEA’s website4. From this European DEM, study area’s part has been subset 
(Figure 3-3). The resolution of the DEM varies from 5-minute for the ocean floors, the USA., Europe, 
Japan, and Australia to 1 degree in data-deficient parts of Asia, South America, northern Canada, and 
Africa (European Environment Agency). So approximately, the pixel size is 10 km × 10 km. 

 
Figure 3-3 CORINE DEM over study region.  

3.2.4. Land cover/use  map 
CORINE Land Cover 2006 raster data (Figure 3-4) has been downloaded from EEA’s website5. This land 
cover product is derived from SPOT-4/5 and IRS P6 LISS III satellite images having geometric accuracy 
better than 100m (Büttner et al., 2012). The data is provided in GeoTIFF format with 100m×100m 
resolution and it has three hierarchal categories. LABEL1 category (Table 3-1) is land cover classification 
and other two are land use information. All categories nomenclature attached in the Appendix-1. First 
category is chosen for the modelling because of its significant relationship with the observed PM10 
concentrations than other two levels.  

Table 3-1 CORINE Land cover LABEL1 category with  
corresponding area in square km over study region 

No. LABEL1 Area (km2) 
1 Artificial surfaces 58911.8 
2 Agricultural areas 495745.8 
3 Forest and semi natural areas 245256.4 
4 Wetlands 3548.6 
5 Water bodies 13188.0 

 

                                                      
4 http://www.eea.europa.eu/data-and-maps/data/world-digital-elevation-model-etopo5 
5 http://www.eea.europa.eu/data-and-maps/data/corine-land-cover-2006-raster-2 
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Figure 3-4 CORINE Land cover 2006 map 
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4. METHODOLOGY 

4.1. General methodology 
The overall methodology to answer the research questions is illustrated in Figure 4-1. Basically, it has three 
main stages including Data pre-processing and integration, Spatio-temporal modelling and Air pollution 
mapping. 

 
Figure 4-1 Overall methodology leads to geostatistical mapping of air pollution 

4.2. Data pre-processing 

4.2.1. Primary data 
Prior to the exploratory data analysis (EDA), all available data are needed to be prepared in a convenient 
and consistent way of structure for the further analysis. First of all, required primary data, in-situ 
measurements, is extracted to the R environment and its geographic coordinates are transformed into 
ETRS 1989 LAEA which is proved to be suitable for statistical mapping (Annoni et al., 2003). 

After getting required data and products, EDA is applied. Since the primary data are available in space-
time context, it is needed to be properly stored as one. spacetime package from R project team makes this 
possible. This is newly developed package which handles spatio-temporal data in fully gridded space-time 
class (Pebesma, 2012), and geostatistical methods can be applied using gstat package.  
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STFDF is a class for spatio-temporal data with full space time grid and is constructed as follows 
(Pebesma, 2012), 

STFDF(Spatial object, Time, Data, endTime) 

Where, there are n number of spatial locations and m times. The size of the dataset should be equal to 
product of n×m. endTime is there for the setting the time is true instance or interval. So the in-situ 
measurement is reconstructed as STFDF class having 580 spatial locations, 365 times and 211700 
observations. More details of structure of this class can be found in Pebesma (2012) and its vignette. 
Illustration of the structure of how STFDF class handles spatio-temporal data is attached in the 
Appendix-2. 

Missing values in the data are problematic and are needed to be taken care of carefully. Proper handling 
procedure is required; otherwise, it leads to wrong computation. If the monitoring station has no 
observation over a year, it was removed from the dataset.  
 

4.2.2. Secondary dataset 
Three types of secondary products have been used in the research. These products came from different 
sources and having inconsistent formats. Pre-processing is needed in order to have consistent structure, 
projection, and spatial resolution. 

CTM outcome is extracted where in-situ measurements are available. And for the prediction, grid data of 
model outcome is prepared. As same as in-situ measurements, model outcome is given as NetCDF4 
format, so the extraction procedure has been done and is stored as STFDF class file. This procedure is 
quite complex since provided CTM grid file does not have any attribute information but model outcomes 
and spatial locations. To assign country names attribute to the spatial locations, European boundary 
shapefile is used. All the steps (Figure 4-2) are done in combination of R and ArcGIS environments.  

Land cover information and DEM for each monitoring stations can be derived from EEA datasets using 
Spatial Analyst extension in ArcGIS and imported into R. These secondary information are attached into 
both in-situ observations and grid data. This would allow universal kriging at unsampled locations over 
study area. 
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Figure 4-2 Flowchart of preparation of CTM grid file for prediction over study region. 

4.3. Data Exploratory analysis 

4.3.1. Data Exploration 
Understanding the nature of the data is important before processing and analysing it. EDA and 
quantification of the data are handled by summary statistics such as histogram, boxplots, scatter plots and 
so forth. If the distributions of the in-situ measurements and the CTM outputs of PM10 concentration do 
not follow the normal distribution, logarithm transformation method will be applied in order to describe 
distribution with mean and variance.  

In order to visualize the pattern and to give overview of the PM10 concentrations from in-situ 
measurements and model outcome, spatial plots are plotted in monthly-wise. In this case prepared space-
time daily data need to be aggregated into monthly basis. 

4.3.2. Regression analysis 
Regression and multiple regression analysis are carried out in order to examine the linear relation between 
variables. Linear relation between response variable and covariates is formulated as follows, 

 

where,  is response variable,  is matrix form of explanatory independent variable,  is the parameter the 
model.. The following regression analysis are identified, 

a) In-situ measurement regressed on model outcome and DEM 
b) In-situ measurement regressed on model outcome and land cover LABEL1 category 
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c) In-situ measurement regressed on model outcome, DEM and land cover LABEL1 category 

Based on which of above gives significant result would be used in further analysis. gstat library is required. 
To simplify the procedure, monthly aggregated dataset is used for this regression analysis, and regression 
is carried out through whole months. Regression analysis only meant for choosing covariates. 

4.4. Spatio-temporal modelling  

4.4.1. Spatial correlation  
To examine the spatial structure of the space-time data, spatial variogram is computed for averaging 
variograms over every time lag. In this case temporal component is disregarded. Assuming spatial 
structure of daily measurement over year is constant, mean of all time lagged semi-variance within each lag 
is calculated. This computation is known as pooled variogram (Gräler et al., 2012) and it’s defined by: 

 

Where,  is semi-variance of lag ,  is th ( ) observation at location . Pooled 
variogram of each month is computed.  

4.4.2. Temporal autocorrelation and cross correlation 
To understand the temporal correlation at individual stations, autocorrelation and cross correlation are 
computed. Let univariate time series   is given at known locations, then the mean  and the 
autocorrelation function are estimated (Kitagawa, 2010) as, 

 

 

Where,  is number of time series ,  is the time series with time lag , and  is the autocovariance 
function at given lag . It’s clear that at zero lag , autocorrelation equals 1,  

 

Among autocorrelation function, crosscorrelations are examined.  Let be a multivariate 
time series at locations , so estimates of the mean  and cross-correlation function  are 
formulated by 

 

 

Where,  and , . Detailed explanation of correlation and covariance functions of time 
series data can be found in Kitagawa (2010). 
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4.4.3. Spatio-temporal variogram and fitting model 
Geostatistical approach to model the spatio-temporal air quality data for estimation is derived from 
models that decompose observation into spatio-temporal trend and spatio-temporal residuals (Sampson et 
al., 2011). As the joint space-time framework defined in Kyriakidis and Journel (1999), a finite space 
domain , and a finite time domain  will be considered. So the spatial and temporal correlations are 
studied in terms of factors that affect the variables in space and daily, seasonal and yearly variance of the 
variables respectfully. 

Let  be a spatio-temporal random process with  domain.  It could be expressed by 

 

 is the observation of PM10 concentration at time  and at location  (Cressie & Wikle, 2011). 
Location of each time lagged random process can be assumed as constant since each monitoring stations 
are located at fixed geographical location. And it is evolving through time . 
Modelling is applied at each month separately since the PM10 concentration varies on a monthly basis 
rather than seasonal. 
 
Types of spatio-temporal covariance models have proposed and discussed in the literature (Kyriakidis & 
Journel, 1999; Cesare et al., 2001; De Iaco et al., 2002; Gräler et al., 2012). In this research, separable model 
is used for analysing spatio-temporal structure of the PM10 concentration. This is one of the simple 
covariance models to separate independencies by adding spatial and temporal covariances (Cesare et al., 
2001). Separable semi-variance function is given by, 

 

Where, 
 – Spatial variogram 

  – Temporal variogram 
  – Spatio-temporal variogram 
  – Spatial lag 
  – Temporal lag 

Above separable semi-variance equation would be rewritten as, 

 

4.5. Prediction map 
Once spatio-temporal variogram is achieved, universal kriging applied. Due to the computational 
restriction, prediction is done separately for each country. However, all observations are used in separate 
prediction to avoid border effect. Current version of gstat package requires full set of STFDF data for the 
prediction. Hence stations that have full time values were used. Remaining stations (have at least one 
missing value) are used to validate the prediction. Validation is assessed using root mean square error 
(RMSE) and mean error (ME) which are determined by, 
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and 

 

where  is number of predicted values . 

For the prediction, new grid data is prepared in SpatialPoint format; therefore prediction map would be 
represented as spatial points. Yet, those points represent their spatial location and attributes. 

4.6. Probability map of exceedance 
Probability map of exceedance is generated by using indicator geostatistics. As defined by European 
Commission, the limit value of daily PM10 concentrations is used in the exceedance mapping for defining 
the indicator. Since prediction is based on log observed PM10 concentrations, limit value was also log 
transformed. Goovaerts et al. (1997) gave a clear description about indicator kriging approach to account 
for probability of contamination in soil. Probability of exceedance of PM10 concentration is computed 
based on the method described in this paper.  

Let PM10 concentration  exceed a given threshold  at an unsampled point . Then unknown PM10 
concentration  is regarded as a realization of . Hence conditional probability can be written as, 
given data , that  exceeds  (Goovaerts et al., 1997): 

 

For given threshold , new indicator  is created. Indicator takes value 1 if concentration is less 
than , and otherwise 0: 

 

And based on the created indicator, indicator kriging has been computed. Probability threshold  is 
defined by counting how many observed concentrations exceeded given threshold value. 

4.7. Data post processing 
To ensure the normal distribution of the data, dataset are transformed by logarithm, and kriging predictor 
is applied on the residuals form those transformed data. After kriging, back transformation is used. Back 
transformation has been done using formulation explained in Denby et al. (2008). Expected back 
transformed concentration is computed by 

 

Where denotes predicted concentration from log-transformed data at location ,  is the kriging 
variance at each predicted location . The back transformed kriging variance can be expressed by 
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4.8. Used software and package 
The following software and packages are used in the processing, analysing and visualization purposes 
Table 4-1. Used and implemented code are attached in the Appendix-4. 

Table 4-1 Description of used software packages 

Software  Package/Extension Description/usage 
R colorspace Color space manupilations 
 GISTools GIS capabilities in R 
 gplots For plotting data 
 gstat Spatial and spatio-temporal modelling and prediction 
 maps Support visualizations, graphics 
 maptools Handling spatial point, line and point objects 
 ncdf4 Read NetCDF4 file and import in to R environment 
 PBSMapping Reading and visualizing spatial point and line objects 
 RColorBrewer For colour ramp 
 rgdal For handling SHP files and reference system 

transformation 
 shapefiles Import export SHP files 
 sp Methods for handling spatial objects 
 spacetime Create STFDF object class 
 xts/zoo Create and construct time class 
 lattice Lattice graphics 
ArcGIS Spatial Analyst For Extract Raster cell value to the overlaid point data 

Subset study area region 
MS Excel  Handling text files 



GESTATISTICAL MODELLING AND MAPPING OF AIR POLLUTION  

18 

5. RESULTS AND ANALYSIS 

5.1. Data pre-processing 
Using the spacetime package, given dataset of in-situ measurements of PM10 were reformatted into the 
STFDF class in R. Given data contains values are lower or equal to zero. PM10 concentration cannot be 
observed negatively. Within whole dataset of 2010, 63 values detected, so those values are set as missing 
values. From these full dataset of Europe, study areas’ observations and CTM outcome were extracted. 
Monitoring stations that have no records over whole year are neglected from the dataset. Null values exist 
in the dataset and are problematic in regard to the modelling and prediction procedure.  

CORINE Land cover map over study region is prepared in ArcGIS. Available attribute information is 
examined and joined to the map using Spatial Join tool of ArcGIS for the analysis. CORINE DEM data is 
prepared in a same way of land cover map. Study area region was subset. 

All available dataset were projected into same reference system, ETRS 1989 LAEA. 

5.2. Data exploratory analysis 

5.2.1. Data exploration 

5.2.1.1. Primary data 
Over the study area, total 580 stations (Figure 5-1) have recorded PM10 concentration within the year of 
2010. These in-situ measurements are daily mean of PM10 concentration. In total, 211700 measurements 
including null observations of year 2010 are stored. Not all monitoring stations have continuous 
measurements.  

 
Figure 5-1 Monitoring stations over the study area. Stations are distinguished by their corresponding CORINE Land 
cover LABEL1 category 
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Number of measurements and their summary statistics by CORINE land cover LABEL1 category is 
shown in Table 5-1. About 72% of all stations over study region fall into “Artificial surfaces”. About 20% 
and 8% are in Agricultural Areas and Forest and semi natural areas, respectively. Only two stations are in 
“Water bodies” category which is the places where water bodies surrounded by urban areas. However, 
with regards to temporal resolution, these two stations have daily measurements with 38 days of null 
values (Figure 5-13). No stations are in “Wetlands” category. And within 580 stations, 144, 122, and 314 
stations fall into rural, suburban and urban respectively. 

Table 5-1 Number of measurements and their summary statistics for each country 

 Count Min Median Mean Max NA’s 
Agricultural areas 114 0.30 18.00 22.60 299.50 3929 
Artificial surfaces 419 0.20 21.29 27.51 455.00 15026 
Forest and semi natural areas 45 0.32 13.22 16.30 256.00 1546 
Water bodies 2 3.70 23.14 25.43 155.50 38 
Wetlands 0 - - - - - 
Total  580 0.20 20.00 25.66 455.00 20539 

In order to understand the nature of the data, histograms and normal QQ plot were plotted. These plots 
show that data is positively skewed (Figure 5-2). To achieve the normality, logarithmic data transformation 
has been applied (Figure 5-3). 

  
Figure 5-2 Histogram and normal QQ plot of the in-situ measurements in January, 2010 

  
Figure 5-3 Histogram and normal QQ plot of the log transformed in-situ measurements in January, 2010 

After logarithm transformation has been applied, the distribution of the data followed a log normal 
distribution (Figure 5-3). Histograms are displayed as probability densities. 
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Spatial plot of PM10 concentrations are shown in Figure 5-4 and concentrations varies gradually. It shows 
that mean of daily observations are not constant over a month. PM10 concentrations are high on 1st, 13th-
15th and lower in end of the month.  

 
Figure 5-4 Daily observed PM10 concentrations in January, 2010. Lower to higher observations are symbolized by 
colour composition between yellow, blue and red. 

Daily measurements are averaged to monthly base and are plotted to see if there is any pattern over a year. 
Monthly aggregation is applied only because overall visualization purposes and multiple regression for 
choosing covariates. Highest value (455 g/m3) is recorded in February in Poland. From May to August, 
PM10 concentrations are relatively lower, and increase from September till April. Interestingly, 
concentration in April suddenly gets higher than March and from May they became lower again (Figure 
5-5). 

 
Figure 5-5 Monthly averaged observed PM10 concentrations, 2010  

In order to visualize the PM10 concentration’s variation over the year, daily measurements at each station 
were plotted (Figure 5-6). As well as shown in Figure 5-5, in the plots PM10 concentrations became 
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relatively higher in April in all stations (Figure 5-6). In-situ measurements of PM10 concentrations showed 
that PM10 concentrations are higher during the cold season and become lower during the warm season.  

 
Figure 5-6 Daily measurements of observed PM10 concentrations at each monitoring stations over a year, 2010 

5.2.1.2. Secondary information 

CTM outcome at monitoring stations 

CTM outcome covers whole study area at each station where in-situ measurement is available. Histogram 
and normal QQ plot of CTM outcome has been plotted in Figure 5-7 and Figure 5-8. Its summary 
statistics are shown in Table 5-2. This table only represents CTM outcome at each monitoring stations 
where in-situ observation are available. 

Table 5-2 Summary statistics of CTM outcome by CORINE Land cover LABEL1 category at monitoring stations 

 Count Min Median Mean Max NA’s 
Agricultural areas 114 0.92 11.06 12.44 75.92 0 
Artificial surfaces 419 0.68 10.93 12.40 75.92 0 
Forest and semi natural areas 45 1.45 10.29 11.66 67.91 0 
Water bodies 2 1.99 12.41 13.39 55.91 0 
Wetlands 0 - - - - - 
Total  580 0.68 10.90 12.36 75.92 0 

Model outcome at each location over a year ranges between 0.68 g/m3 and 75.92 g/m3. The highest 
values occur in April in area of Belgium and The Netherlands. From the table, there is no clear difference 
between observations.  

  
Figure 5-7 Histogram and normal QQ plot of CTM outcome at monitoring stations 
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Figure 5-8 Histogram and normal QQ plot of log transformed CTM outcome at monitoring stations 

To see the variation over a year, monthly average outcomes plotted over the study area (Figure 5-9).  

 
Figure 5-9 Monthly average CTM outcome at monitoring stations, 2010 

Time versus measurement plot (Figure 5-10) shows how outcome results over a year vary. At each 
location, values in April are higher than other. To relate with the PM10 in-situ measurements, in April, 
either PM10 concentration becomes higher. This emergent phenomena draw attention. The reason could 
be due to either the meteorological condition, huge smoke in the atmosphere or instrument error or there 
could be bias in the measurements. The cause of this phenomenon has been investigated. Meteorological 
condition has been examined over the study area, however nothing attention-grabbing found out. But 
between 20th March and 20th April of 2010, the Eyjafjallajökull volcano which is located in the northern 
part of European Iceland country, Iceland, has been erupted ("The 2010 Eruptions of Eyjafjallajökull," 
2011).  According to the news (The New York Times, 2010), the volcano had two active phases. First 
phase started in the late evening of March 20th and ended on April 12th in 2010. Within this time, olivine-
basaltic andesite lavas were flowing into the air. After two days gap, second phase started intensively and it 
lasted from April 14th to 20th in 2010. Clouds of ash were exploded up to several kilometres in the 
atmosphere and causes air traffic in northern Europe (The New York Times, 2010). This explains the 
higher PM10 concentrations in April. The two phases of the eruption are being indicated by the two peaks 
in the both Figure 5-6 and Figure 5-10.   
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Figure 5-10 Daily CTM outcome of PM10 concentrations at each monitoring stations over a year, 2010 

Grid data of CTM outcome 

Grid data of CTM outcome are available in study region and its summary statistics are presented in Table 
5-3. It has outcome values range between minimum 0.59 g/m3 and maximum 58.98 g/m3. Its spatial plot 
in January is illustrated in Figure 5-11. Higher PM concentrations were occurred on 6th, 7th and 19th in 
January. 

Table 5-3 Summary statistics of CTM grid data by country 

 Counts Min Median Mean Max NA’s 
Belgium 33 2.66 13.20 14.55 53.89 - 
The Netherlands 38 2.48 13.04 14.22 47.64 - 
Germany 369 0.93 10.49 11.50 58.98 - 
Poland 322 0.59 8.92 9.92 54.09 - 
Czech Republic 81 1.52 9.61 10.56 39.65 - 
Total  843 0.58 10.02 11.05 58.98 - 

 
Figure 5-11 Spatial plot of CTM grid product of PM10 concentrations in January, 2010 

CORINE DEM 

Whether there is linear relationship between PM10 concentration and elevation, CORINE DEM is 
analysed (Table 5-4). The distribution of the elevation values could not be assumed normal because of 
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irregular variation of the surface. Due to lower elevations than mean sea level, data transformation 
produces null values. Therefore, in further analysis raw DEM values is used. 
 
Table 5-4 Summary statistics of CORINE DEM 

 Min Median Mean Max 
Elevation -39.00 209.00 230.10 983.00 

 
Figure 5-12 illustrates the histogram and the normal QQ plot of DEM. 

  
Figure 5-12 Histogram and normal QQ plot of DEM of monitoring stations 

5.2.2. Regression analysis 
Regression analysis has been done as following ways, and although, only result from regression in January 
is shown, all months’ regression results are considered for the final analysis. 

a) In-situ measurement regressed on CTM outcome and DEM 
b) In-situ measurement regressed on CTM outcome and land cover LABEL1 category 
c) In-situ measurement regressed on CTM outcome, DEM, and land cover LABEL1 category 

 
Table 5-5 Partial results of regression analysis, Significance codes in R:  0 ‘***’; 0.001 ‘**’; 0.01 ‘*’; 0.05 ‘.’; and 0.1 ‘ ’ 1 

  a) b) c) 

  signf.code 
(DEM)  Adj.R F-stat Res. 

SE Adj.R F-stat Res. 
SE 

signf.code 
(DEM) Adj.R F-stat Res. 

SE 

January   0.49 0.93 0.00 0.43 46.50 0.24   0.43 37.70 0.24 
February *** 0.46 26.37 0.08 0.42 41.39 0.22   0.41 40.43 0.26 

March *** 0.40 32.87 0.10 0.37 45.64 0.24 ** 0.36 38.34 0.25 
April *** 0.29 21.65 0.07 0.28 20.57 0.12 *** 0.28 19.70 0.14 
May *** 0.26 10.06 0.03 0.25 19.89 0.12 * 0.25 17.02 0.12 
June ** 0.25 64.17 0.18 0.24 54.64 0.28   0.24 44.38 0.28 
July * 0.26 57.50 0.17 0.25 42.73 0.23   0.25 34.36 0.23 

August ** 0.25 28.51 0.09 0.24 27.27 0.16   0.24 22.13 0.16 
September   0.32 17.95 0.06 0.30 26.64 0.15   0.30 21.73 0.15 

October *** 0.36 16.96 0.05 0.33 40.25 0.22 * 0.33 33.41 0.22 
November ** 0.42 147.20 0.34 0.39 108.30 0.43 *** 0.39 93.59 0.45 
December *** 0.48 81.74 0.22 0.45 65.35 0.32 *** 0.44 60.62 0.35 

 
Regression results from (a), PM10 in-situ measurements regressed on CORINE DEM, gave significant 
modelling result despite of insignificance of DEM from January and September. And for the (c), 
significance lever for DEM became even lower, only 6 months showed significant result out of 12. Results 
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from (b) showed, Land Cover categories are significant for the modelling, however, “Water Bodies” 
category provided insignificance in each month. This is could be due to only 2 monitoring stations fall in 
this category. Even in the analysis of (c), this category gives insignificant result. Values from this category 
are relatively higher (Figure 5-13) and they are located in water area surrounded by urban/settlement. So it 
is decided that replace these two stations’ category into “Artificial surfaces” and DEM is not used as a 
covariate. LABEL1 information from CORINE Land cover product and CTM outcome are chosen as 
covariates. 

 
Figure 5-13 CTM outcome and in-situ measurements of two stations that are in "Water body" land cover category. 

5.3. Spatio-temporal modelling 

5.3.1. Spatial correlation 
Sample variogram of sole log PM concentrations (a) and sample variogram of log PM10 concentrations 
regressed on log CTM model outcome and CORINE Land cover.(b) for each month are calculated at 580 
monitoring stations. Exponential variogram model is fitted to each sample variogram with min and max 
sums of square error ( ) of 11.6 10-3 and 0.01 10-3 in (a) and of 0.1 10-3 and 4.9 10-3 in (b) respectively. 
Sample variograms and their exponential variogram models are shown in Figure 5-14. 

  
Figure 5-14 Spatial variogram, on the left log in-situ PM10 concentrations, and on the right covariates are used 
variogram and their fitted exponential model. 
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Estimated parameters of exponential model for each month are listed in Table 5-6. Depending on the 
variability of the observation of PM10 concentrations over months, variogram parameters vary. 

From the result of sample variograms and their fitted exponential model, nugget values range between 
0.08-0.16 in model (a) and 0.07-0.11 in model (b). Nuggets are measurement of non-spatial variability of 
the observations, and it is decreased in variogram (b) compared to (a) (Figure 5-15). It is proved that 
adding secondary information to the model is improved the model by decreasing the non-measurement 
error in the observed data. 

Table 5-6 Fitted exponential model parameters 

 nugget Partial sill Range (km) SSE (10-3) 
 (a) (b) (a) (b) (a) (b) (a) (b) 

January 0.16 0.11 0.36 0.30 296 343 11.60 4.9 

February 0.14 0.11 0.44 0.51 507 911 2.26 1.0 
March 0.12 0.11 0.48 1.29 704 3505 0.52 0.2 

April 0.09 0.09 0.35 1.73 798 9201 1.19 0.8 
May 0.08 0.07 0.13 0.88 584 7395 0.01 0.1 
June 0.09 0.09 0.10 0.09 321 780 1.49 0.3 
July 0.10 0.10 0.18 0.04 1108 339 0.63 0.4 

August 0.09 0.08 0.07 0.04 180 79 1.25 0.8 
September 0.09 0.09 0.36 0.12 927 406 0.45 0.5 

October 0.13 0.11 0.41 0.11 725 246 1.74 0.8 
November 0.13 0.10 0.41 0.17 475 173 5.72 3.4 
December 0.15 0.11 0.53 0.24 631 382 4.15 3.3 

 
Figure 5-15 Variation of nuggets from variogram (a) and (b) 

5.3.2. Temporal correlation 
Temporal correlation has been examined through autocorrelation and cross-correlation function at each 
monitoring location. Results of randomly chosen four stations in Czech Republic are provided here. Daily 
PM10 concentrations over a year are plotted in Figure 5-16, and their spatial distances to each other 
provided in Table 5-7. CZ0BBNE and CZ0BBNY stations are located closely to each other. Others are separated 
by distance more than 120m. 
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Table 5-7 Spatial Distances (in meters) between 4 monitoring stations in Czech Republic 

 CZ0BBNE CZ0BBNY CZ0CCBA CZ0TCEL 
CZ0BBNE 0 13072 160640 129850 
CZ0BBNY - 0 164193 128439 
CZ0CCBA - - 0 290272 
CZ0TCEL -   - - 0 

 
Figure 5-16 PM10 concentrations over a year at CZ0BBNE, CZ0BBNY, CZ0CCBA and CZ0TCEL monitoring 
stations 

Autocorrelations at these stations are above confidence level at minimum four days-time lag. Although the 
resulting plot shows (Figure 5-17) that asymmetry of the cross-correlations is not really strong, it forms 
similar to autocorrelation function result. Cross-correlation of stations which are closer to each other is 
higher than that of stations that are far from each other. Hence the spatial distance played role in temporal 
correlation. 

 
Figure 5-17 Temporal autocorrelation and cross correlation between CZ0BBNE, CZ0BBNY, CZ0CCBA and 
CZ0TCEL monitoring stations in Czech Republic. Time lag equals a day. 
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5.3.3. Spatio-temporal variogram and fitting model 
Spatio-temporal variograms were calculated at each month separately. As defined in the methodology 
section, separable spatio-temporal variogram was calculated and exponential model was fitted at each 
month separately. Wireframe plot of spatio-temporal variogram, fitted model and sample variogram of 
January are illustrated in Figure 5-18 and Figure 5-20 respectively. Fitted model map and sample 
variogram maps are shown in Figure 5-19. For the spatial process, the model parameters: nugget, sill and 
range are estimated as 0.42, 0.58 and 300km respectively. For the temporal process, they are estimated as 
0.29, 0.71 and 14days respectively. The result of the spatio-temporal variogram shows that as time lag 
increases, variogram increases and variograms reached the sill at the range, meaning that spatial and 
temporal correlation are decreased. 

 
Figure 5-18 Wireframe plot of spatio-temporal variogram. Time lag in days 

 
Figure 5-19 Fitted separable model (on the left) and sample spatio-temporal variogram map (on the right) 

 
Figure 5-20 Fitted separable model (on the left) and sample spatio-temporal variogram (on the right) 
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5.4. Prediction map 
Prediction map is computed based fully gridded space-time data at unsampled locations where CTM grid 
outcome is available. Due to the size of the prediction grid, computational progress is slow and requires 
much memory size. Hence spatio-temporal kriging has been done in each country separately and 
combined together afterwards. However, all observations are used for each separate kriging prediction. 
Prediction map of air pollution over study region in January is illustrated in the Figure 5-21. Figure 5-22 
shows prediction variance. To relate the prediction variance with predicted value, variance is higher where 
PM10 concentration is higher. 

 
Figure 5-21 Prediction map of log transformed PM10 concentrations in January, 2010 

 
Figure 5-22 Prediction Variance of log transformed PM10 concentrations, January 1st and 2nd, 2010 
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As fully gridded data were used in the prediction, remaining data which contains missing values are used 
to assess the prediction. In January, 334 stations are used for prediction and 236 stations are used for 
validation. Spatio-temporal kriging is applied those 236 stations, and its predicted value is compared to 
observed ones at those stations. Numbers of stations used in the prediction and in the validation are 
shown in Appendix-3.  Computed RMSE and ME are 0.48 and 0.01 respectively in January. And adjusted 

 of linear model for predicted versus observed is computed as 0.63. Scatter plot of the result is shown 
in the Figure 5-23. Linear model for predicted versus observed showed reasonable fit of the relationship 
between them. 

 
Figure 5-23 Scatter plot of cross validation, January, 2010 

5.5. Probability map of exceedance 
Indicator was defined by setting 1 where observed value is less or equal than given threshold, otherwise 0. 
In January, 69.7 percent of observation is below the threshold, hence probability threshold was defined as 

. Figure 5-25 shows indicator map of in-situ measurements of first four days of January. 
Number of exceedance varies day by day. 

Semi-variances of indicator values are only can be 0 and 0.5 since it is half variance of binary value. These 
values have been averaged using indicator variogram.  

 
Figure 5-24 Indicator spatio-temporal variogram plot, in January, 2010 
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Beside this indicator value of in-situ measurements of PM10 concentrations, selected explanatory variables 
(CTM outcome and CORINE Land cover type) were used for the separable spatio-temporal variogram 
calculation. Result of indicator variogram plot is shown in Figure 5-24. Fitted exponential model 
parameters are estimated and those are spatial nugget: 0.58, partial sill: 0.42, spatial range: 300km, temporal 
nugget: 0.44, temporal partial sill: 0.56 and temporal range 7 days.  
 

 
Figure 5-25 Indicator map of observed PM10 concentrations. Above/Below threshold is in red/green, 

 
Figure 5-26 Probability map of exceedance at prediction locations. From yellow to red colour probability of 
exceedance increases 
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Using modelled indicator variogram, prediction of probability of exceedance at unsampled locations has 
been carried out. Range of predicted values of probability is [-0.033, 1.297]. In theory probability range 
should be in between 0 and 1. Therefore, these predicted probability values were limited to the theoretical 
range. Figure 5-26 shows probability of exceedance of PM10 concentrations over the study region in 
January 1st-4th. Spatial distribution of the probability varies depending on the distribution of the high 
observed concentrations.  

Based on the probability threshold exceedance binary map has been created (Figure 5-27). 
 

 
Figure 5-27 Predicted exceedance binary map. Red colour represents exceeded PM10 concentrations and green 
colour indicates below the defined thresholds. 
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6. DISCUSSION 

6.1. Discussion 
The aim of this research was to model and to map air pollution data by applying spatio-temporal 
geostatistical methods using secondary information.  

Data pre-processing and combining all available dataset is essential and have been done prior to the 
implementation of spatio-temporal modelling. Besides primary in-situ measurements of PM10 
concentrations, three different types of dataset were used. There were grid data of CTM outcome, and 
raster dataset of DEM and land cover map. All come with different formats and resolutions. In order to 
eliminate uncertainties come from resampling, spatial point based dataset was prepared based on given 
grid data of CTM outcome.  

Overall, 580 monitoring stations were used in the spatio-temporal modelling. Referring to Figure 5-2, 
observed PM10 concentrations are positively skewed. This is due to the higher PM10 concentrations in 
the polluted atmosphere. Hence to achieve the normality, logarithmically transformed PM10 
concentrations were used in the analysis (Figure 5-3). Observed PM10 concentrations vary in space 
(Figure 5-5) and time (Figure 5-6). And it’s interesting to see that these variations are different in monthly-
wise. During the months of the warm seasons (May, June, July and August), concentrations are relatively 
lower, and in colder seasonal times, extreme high concentration were observed. This could be explained 
by factors that influence the air pollution become active in cold seasonal days. On the other hand, PM10 
concentrations in April are observed to be high concentrations and even their CTM outcomes were high 
(Figure 5-6 and Figure 5-10). Reason of this was explained by huge clouds of ash in the atmosphere due to 
the volcanic eruption in northern Iceland in between end of March and April. This kind of natural 
phenomena which affect air quality could be emerged at any time of the year. Therefore temporal 
aggregation like daily, monthly, seasonal or annual should be determined based on the exploratory analysis 
of the provided data.  

Comparing summary statistics of in-situ measurements and CTM outcomes (Table 5-1 and Table 5-2), 
observed PM concentrations are higher than model outcome. According to LOTOS-EUROS (2011b), 
CTM underestimates the PM10 concentrations due to the large uncertainty in the modelling of secondary 
organic aerosols and crustal matter components. However, basic form of variation remains similar (for 
example, Figure 5-13 ).  

In regards to data quality of in-situ measurements of PM10 concentrations, within the study region 62.5 
per cent of given data had no observations at all during the year of 2010. And the remaining number of 
stations which are used in the analysis contains 9.7 per cent of missing values. Few numbers of daily 
observations have values less or equal than 0. Since it is a measurement of concentration, it cannot be 
negative. To avoid those, negative and 0 concentrations were replaced as missing values. In this research, 
data used as it is, however, presence of missing values and their cause should be examined at data 
exploration stage. And pre-interpolation could be useful to fill the gaps before the modelling and 
mapping. 

Multiple regression analysis was carried out in order to choose significant explanatory variables as 
covariates. Regards to results of the regression analysis (Table 5-5), elevation gave insignificant 
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relationship with the observed PM10 concentrations. Land cover types from CORINE showed improved 
linear relationship. Although the regression analysis has been done in each month in order to study spatial 
relationship between dependent variables and explanatory variables, temporal aspect of the variables was 
disregarded. 

It should be noted that used CORINE Land cover dataset has been created using satellite images that are 
acquired in 2006 with time consistency ± 1 year (Büttner et al., 2012), and in-situ measurements of daily 
PM10 concentrations are observations in 2010. Four years difference in the two datasets could add 
uncertainty in the modelling.  

Unlike the other studies (Beelen et al., 2009; Desta, 2012), elevation did not give significant result in 
relation with the observed PM10 concentrations. Including elevation into the model is problematic since 
their values can be negative as well. Logarithm data transformation produces null values because of these 
negative values. And its distribution does not follow normality. Alternative solution could be replacing 
elevation values into factor for instance low, medium and high elevated. 

Spatial and temporal correlations were examined separately using spatial variogram and auto and cross 
correlation functions. Figure 5-14 showed that variograms and their fitted exponential models of each 
month. Where variation of PM10 concentration is low, variogram tends to reach the sill at longer range. 
On the other hand, where the observed concentrations are relatively higher months, nuggets are estimated 
higher than others and variogram reaches sill at shorter range.  Referring to the Table 5-6, variogram used 
secondary information reduced nugget effect. This could be concluded that non-spatial variability which 
cannot be conveyed by the data is reduced by using secondary information like CTM outcome and land 
cover types. As considering the data is multivariate time series, auto and cross correlation were computed. 
Correlation is dependent on time separation. In overall, cross correlations between two stations are 
significantly high up to four days. And as time lag increases, correlation decreases.  

For the implementing spatio-temporal modelling, separable spatio-temporal variogram was used and 
exponential model was fitted. Referring to Figure 5-20, at 0 time and spatial lag, semi-variance could not 
be calculated. It is draw attention that at 0 spatial lag, semi-variances are relatively lower than other 
consecutive semi-variances. And these are increased abruptly at second spatial lag (20km). This could be 
explained by the no computed semi-variance at 0 time and spatial lag, and this variogram at 0 spatial lag is 
the purely temporal variogram which does not account for spatial structure in the computation. This 
separable model could be improved by extending the separable spatio-temporal model into product-sum 
model which has been actively studied and discussed in the De Iaco et al. (2002), De Iaco et al. (2011), De 
Iaco and Posa (2012) and Gräler et al. (2012).  

It was assumed for the modelling that spatial structure of the daily PM10 concentrations is constant over a 
year, but unknown (second-order stationarity). However, data showed that PM10 concentrations vary 
both space and time (Figure 5-5). Thus, in order to improve the modelling, non-stationarity in the spatio-
temporal process is needed to be taken into account.  

Prediction map was created by spatio-temporal universal kriging based on the fitted separable spatio-
temporal model at unsampled locations. Spatio-temporal kriging requires full dataset without any missing 
values. So for this reason, the stations that have continuous observation during whole month (more than 
55 per cent of the data) were selected for the prediction. As for the remaining stations, there were used for 
the validation. This could lead to the lack of spatial support in the kriging when number of stations is 
decreased by around 40 per cent. Therefore, as mentioned before the cause and handling of missing values 
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should be carried out.  As shown in the Figure 5-23, linear relationship between predicted versus observed 
values agreeably fitted to the model line with adjusted .  

Back transformation of the predicted values was done as explained in the Denby et al. (2008), however 
prediction result tends to smooth, large deviation between predicted and observed measurements at the 
same locations, and large prediction variances were obtained. This is because the equations provided in the 
paper are for the back transformation of the estimates from simple kriging (Webster & Oliver, 2008). 
Mean is known for simple kriging, while for the ordinary kriging the mean is unknown and only predicted 
values can be obtained. Kriging is based on weighted sum of observed values (Webster & Oliver, 2008), 
and according to identity of the logarithm, sum of logarithm is the logarithm of a product (Huntington, 
1916). Hence weighting system becomes different than original. Back transformation equation for 
ordinary kriging is given in the Webster and Oliver (2008) with the additional term LaGrange multiplier. 
However, in this research universal kriging is used, meaning that observations are conditioned on CTM 
outcome and land cover types. Moreover back transformation would be differing than that for ordinary 
kriging. Furthermore, this back-transformation for universal kriging is worth studying in the further study. 

Probability map of exceedance has been achieved by spatio-temporal indicator kriging based on given 
threshold value of daily PM10 concentrations. And exceedance map has been created by defining 
probability threshold as 0.697 in January. However, this value is subjective to the observations. When 
probability of exceedance is different in each day (Figure 5-25), the probability of threshold value should 
be set for each day. It is interesting to see that the patterns of the probability map. Lots of fireworks were 
occurred the end of December in previous year and this could explain the high probability of exceedance 
on 1st of January (Friday). To relate with the daily human activity for example working days and traffic, on 
Monday, high probability may occur and is gradually decreased until Sunday. But there are also several 
factors that affect the higher PM10 concentrations at any time in the atmosphere, for example, that 
volcano eruption in April, 2010 in Iceland. 

Indicator kriging produced unrealistic prediction of probability, [-0.033, 1.297]. This is the one of the 
drawbacks of the indicator kriging which is that indicator kriging does not account for monotonic cdf 
(cumulative distribution function) property (Chiles & Delfiner, 1999; Christakos, 2000). Therefore, the 
probability map of exceedance could be improved by using other methods like simulation or disjunctive 
kriging approaches. 

6.2. Limitation of the research 
The research has encountered two main limitations and there were as follows, 

 Limited to the given data and their characteristics; 
 Limited to the available software environment and existing packages which are still under 

development. 
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7. CONCLUSION AND RECOMMENDATION 

7.1. Conclusion  
The conclusion has been made by answering the research questions. 

1. What is the spatial distribution of the PM concentrations over study area? 
Over the study area, spatial distribution of the PM10 concentrations varies. Based on the data exploratory 
analysis, distribution of the PM10 concentrations is positively skewed due to the higher concentrations 
then limited values are occurred in the some part of the region. Range of PM10 concentrations is between 
0.20 g/m3 and 455.0 g/m3. 

2. What is the spatial relationship between in-situ measurements, CTM and additional sources such as elevation, 
and land cover over the regions in different temporal scales? 

The additional sources for the research were DEM, CTM outcome grid dataset and CORINE Land cover 
map. Referring to Table 5-5, DEM did not have significant correlation with observed PM10 
concentrations and CORINE land cover has significant relationship with the observed PM10 
concentrations. Referring to Figure 5-14, understanding the spatial structure was improved by using 
CORINE land cover types and CTM outcome. 

3. What is the temporal correlation between in-situ measurements, CTM and additional sources such as 
elevation, and land cover over the regions in different temporal scales? 

Temporal correlation has been examined only on in-situ measurements of PM10 observations since 
elevation and land cover types are temporally static compared to the daily variation of PM10 
concentrations. There is around 4 successive days significant correlations were observed. And cross 
correlation between stations are relatively lower than auto-correlation.   

4. How to integrate data with different spatial resolution and different qualities? 
Data integration is a big concern when it comes to handling different types of dataset from different 
sources. Research handled remotely sensed products: DEM and land cover map, in-situ measurements 
and CTM outcome grid dataset. To avoid the uncertainty comes from resampling remotely sensed 
products, representing the CTM grid data as a point and corresponding elevation and land cover 
information were assigned to the point based grid data. However, one could argue that this method is very 
naïve thing to do which does not consider scaling issues in the integration.  

5. How can we develop space-time models of PM concentrations? 
Separable spatio-temporal model of PM10 concentrations has been developed by adding spatial and 
temporal variogram functions. CTM outcome and CORINE land cover were included in the modelling as 
explanatory variables. Spatio-temporal variogram function is defined as a function of spatial and temporal 
distance  and  respectively. Kriging approach has been performed based on this variogram estimation. 
However, for this modelling, kriging requires complete time series at each location. 

6. How can exceedance map of PM concentration be made based on the defined threshold value? 
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Exceedance map of PM10 concentrations has been created using indicator kriging. Observations below 
given threshold are set to 1 and exceeded observations are set to zero. Based on modeled spatio-temporal 
indicator variogram, prediction values of probability were obtained. Importantly, calculated probability 
threshold value (0.697) for creating daily exceedance map in January is critical, since this threshold values 
was computed from all data in January.  

7. What area of Europe has a high probability of exceeding PM concentrations? 
Area that has high probability of exceeding PM10 concentrations is different from region to region. 
However, probability map shows that probability of exceeding is likely to be higher in the eastern part of 
the study area, and to relate with the land cover, where area that covered by artificial surfaces has higher 
probability than others. For example, northern part of Belgium and southern part of The Netherlands are 
high probability of exceedance (Figure 3-4 and Figure 5-26). 

7.2. Recommendation  
Based on the outcomes of the research the following are recommended for further geostatistical mapping, 

 Investigate the cause of the missing values and fill the possible gaps by linear interpolation 
beforehand; 

 Include the DEM information as a factor into the model and check whether there is significance 
of elevation category; 

 Separable spatio-temporal model could be improved by extending the covariance function 
(product-sum model); 

 Extend the work by using dataset that has large temporal observations. This way seasonal 
variation could be modelled better; 

 Examine the back transformation formula for universal kriging and 
 Study the effect of defining the probability threshold value on daily basis and probability map of 

exceedance could be improved by other approaches like simulation and disjunctive kriging.
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APPENDICES 
Appendix-1 CORINE Land Cover Categories. Source from Büttner et al. (2012) 
 

No. CODE LABEL1 LABEL2 LABEL3 
1 111 

Artificial surfaces 

Urban fabric 
Continuous urban fabric 

2 112 Discontinuous urban fabric 
3 121 

Industrial, commercial and transport 
units 

Industrial or commercial units 
4 122 Road and rail networks and associated land 
5 123 Port areas 
6 124 Airports 
7 131 

Mine, dump and construction sites 
Mineral extraction sites 

8 132 Dump sites 
9 133 Construction sites 

10 141 Artificial, non-agricultural vegetated 
areas 

Green urban areas 
11 142 Sport and leisure facilities 
12 211 

Agricultural areas 

Arable land 
Non-irrigated arable land 

13 212 Permanently irrigated land 
14 213 Rice fields 
15 221 

Permanent crops 
Vineyards 

16 222 Fruit trees and berry plantations 
17 223 Olive groves 
18 231 Pastures Pastures 
19 241 

Heterogeneous agricultural areas 

Annual crops associated with permanent crops 
20 242 Complex cultivation patterns 

21 243 
Land principally occupied by agriculture, with 
significant areas of natural vegetation 

22 244 Agro-forestry areas 
23 311 

Forest and semi 
natural areas 

Forests 
Broad-leaved forest 

24 312 Coniferous forest 
25 313 Mixed forest 
26 321 

Scrub and/or herbaceous vegetation 
associations 

Natural grasslands 
27 322 Moors and heathland 
28 323 Sclerophyllous vegetation 
29 324 Transitional woodland-shrub 
30 331 

Open spaces with little or no 
vegetation 

Beaches, dunes, sands 
31 332 Bare rocks 
32 333 Sparsely vegetated areas 
33 334 Burnt areas 
34 335 Glaciers and perpetual snow 
35 411 

Wetlands 

Inland wetlands 
Inland marshes 

36 412 Peat bogs 
37 421 

Maritime wetlands 
Salt marshes 

38 422 Salines 
39 423 Intertidal flats 
40 511 

Water bodies 

Inland waters 
Water courses 

41 512 Water bodies 
42 521 

Marine waters 
 

Coastal lagoons 
43 522 Estuaries 
44 523 Sea and ocean 
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Appendix-2 Structure of STFDF class in spacetime package, source from Pebesma (2012) 
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Appendix-3 Number of stations used in prediction and validation 

 

 
Total monitoring 

stations 
Number of stations 
used for prediction 

Number of stations 
used for validation 

January 570 334 236 
February 567 378 189 

March 567 375 192 
April 567 356 211 
May 570 350 220 
June 564 330 234 
July 565 312 253 

August 566 331 235 
September 567 339 228 

October 596 359 237 
November 564 350 214 
December 560 339 221 
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Appendix-4 Used6 and implemented code in R 

 
                                                      
6 R code for extracting NetCDF4 archive file into data frame is acknowledged to Dr. Nicholas Hamm.  
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