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Summary 
This study investigates the potential of spatio -temporal kriging approaches for daily m ean 
PM10 concentrations. The m ethods used incl ude separate daily variogram  e stimates, 
temporally evolving variogram s, the m etric model, the separable covariance m odel and the  
product-sum m odel, and are com bined with  m ultiple lin ear reg ression. These m ethods are 
applied to daily mean rural background PM10 concentrations across Europe for the year 2005,  
and incorporate daily EMEP model data and elevation data as predictors. 

The air quality indicators used in this study are the daily and yearly mean PM10 concentrations 
and the number of days exceeding the limit value 50 µg/m³ (NOE). The quality assessment of 
the different techniques relies on a cross-validati on. Statistical measures are used to quantif y 
the improvement for different indicators. 

It is shown that daily interpolations can improve the statistical perform ance of the 
interpolation of annual m ean PM 10 concentrations, by a 7% redu ction of RMSE in cross - 
validation. Furtherm ore, som e advantages of  daily es timates are described. Besides the 
improvement in annual m ean PM10 concentration maps, studying the phenom enon in a wider  
spatio-temporal context becomes possible with  daily estimates. Especially the estim ation the 
number of days PM10 concentrations exceed certain limits can be done in a more natural way. 
Likewise, the detection  of  outliers  and data inhom ogeneity benef its f rom a daily spatio-
temporal model. 

Interpolation with the  sim ple spatio -temporal variog ram m odels used here ex ploits the  
temporal correlations present and out perform s the purely spatial interpolation m ethods by a  
5-6% reduction of RMSE in cross-validation. Based on temporal variability of the spatial 
short-distance variation component, a discussion is given on the suitability of this statistic to 
infer measurement errors, and alternative approaches are proposed.  

As in this study the m ethods used for m odelling spatio-tem poral dependencies are very 
simple, we recomm end to investigate the valu e of m ore com prehensive m ethods for this.
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1 Introduction 
The increasing num ber of sensors and m easurement stations with a f iner temporal resolution 
call for sophisticated spatio-tem poral interpola tion m ethods. Investigati ng a series of m aps 
showing the daily m ean concentration of PM 10 reveals significant temporal and hence spatio-
temporal dependencies. A purely spatial interp olation approach ignores these dependencies 
and can be seen as a sp atio-temporal interpolation where all tem poral correlations are set to  
zero. Obviously, investigating this additional source of inform ation has som e potential to 
improve the mapping of PM10 and spatio-temporal processes in general. Besides a few simple 
approaches, this report evaluates three full spatio-temporal kriging techniques. 

1.1 Aim and outline of the study 

This study was conducted to furthe r explore the potential of diffe rent spatio-temporal kriging 
methods for daily PM10 measurements across Europe. Therefore, a set of different approaches 
has been im plemented in R (R Developm ent Core Team , 2011). Daily m eans from AirBase 
(EEA: AirBase version 5) across Europe for the year 2005 serve as a sample data set. A cross- 
validation study has been conducted and a set of different quality measures has been derived 
for every method. The cross-validations have been exploited at two temporal resolutions:  

 daily, comparing the predicted daily mean concentrations, and  

 yearly, looking at the station-wise annual mean of daily predictions.  

Additionally, the cross -validations com pare the num ber of exceedance days (NOE) on a 
yearly level 

 NOE, i.e. the num ber of days where th e predicted  daily m ean exceeds  
50 µg/m³ in 2005 have been compared to the observed number of daily exceedances. 

1.2 Spatio­temporal interpolation methods 

Several spatio-temporal interpolation m ethods have been applied. The approaches are set-up 
similarly to the interpolation m ethods presented in Denby et al. (2008a), to allow for an easy 
comparison between the ever growing set of ne w methods. Furthermore, annual interpolation 
methods, sim ilar to those currently operationally im plemented by ETC/ACM, are also 
considered for comparison. 

The set of e valuated spatio-temporal kriging m ethods is applied to differently pre-processed 
daily mean PM10 concentrations as provided by AirBase. We consider: 

1. the unaltered daily means 
2. residuals af ter m ultiple linea r r egression of  the  observed  d aily m ean c oncentrations 

with altitude, EMEP model data and a periodic temporal predictor 
3. residuals af ter m ultiple linea r reg ression of  the logs of  observed daily m ean 

concentrations with altitude, EMEP model data and a periodic temporal predictor 
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The kriging methods we investigate include: 

a. daily estimation of the variogram (see 2.2) 
b. evolving variograms using previous variograms to weight the current one (see 2.3) 
c. the constant pooled variogram over the year (see 2.4) 
d. the constant mean variogram over the year (see 2.4) 
e. moving window variogram estimation (see 2.5) 

The aforementioned methods only m ake use of the temporal inform ation through the 
variogram estimation. In additional three fully spatio-temporal methods were applied: 

f. a metric model (3D kriging, see 2.6) 
g. a separable covariance function (see 2.7) 
h. a product-sum covariance function (see 2.8) 

The separable and product-sum  covariance functions assum e the spatial and tem poral 
correlation processes to  be disjo int for space an d time. The 3D kriging assum es time to be a 
third orthogonal dim ension with identical co rrelation stru cture for s patial, tem poral and  
spatio-temporal d istances. Therefore, a rescaling of the tem poral dom ain is necessary  to  
reduce anisotropy in 3D kriging. 

Finally, the regression predictions  and their residuals are unite d and back-transformed where 
necessary. The desired yearly averages are calculated per interpolated grid cell throughout the 
year. 

1.3 Assessment methodology 

The quality of all m ethods is assessed using sta tistical measures and applicability concerns in 
terms of processing time. The comparison of different interpolation methods takes place on a 
yearly (com paring y early m eans for predictions and m easurements) and daily (comparing 
daily means for predictions and measurements) level as well as in terms of the NOE. The root 
mean squared error (RMSE), th e bias (BIAS), m ean absolute  error (MAE) and  Pearson ’s 
correlation coefficient (COR) between predicti ons and m easurements at every location are 
calculated using leave-one-out cr oss-validation. Furthermore, a linear m odel for predictions 
and m easurements is f itted and th e adjusted R²  considered as a f ifth measure to a ssess the 
prediction quality. All methods are compared using the above measures where applicable. As 
reference values of the statistical measures, we provide values for different approaches relying 
on simpler models as well. All m ethods are im plemented in R (R Developm ent Core Team , 
2011) and heavily rely  on the R packages spacetime (Pebesm a, 2011) and gstat (P ebesma, 
2004).  

1.4 Data 

The daily mean PM10 concentrations test data is obtained from EEA’s AirBase (version 5) for 
all European countries.  To enhance com parability to form er interpolation approaches in 
Denby et al. (2008a), all m ethods are applie d to daily m ean values in 2005 of rural 
background stations. D ifferent than in the year ly interpolation approach in Horálek et al. 
(2007), we used all m easurement stations and not  only those providing a data integrity of at 
least 75% throughout the year. Thus, the numbe r of m easurement stations am ounts to 194. 
However, when consid ering the co mplete space-time lattice, i.e.  where every  space and tim e 
combination is available, the data set yiel ds 2568 m issing values (3.6%). Som e m ethods 
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benefit from the spatio-temporal setting and can  correct for these m issing values while others 
require a complete spatio-temporal data set. Details will be given in the following section. 

Daily mean PM 10 concentrations derived from  model data by the European Monitoring and 
Evaluation Programme (EMEP) serve as additional data in the multiple linear regression. The 
50 km EMEP Polar Stereographic grid is converted and projected to match the 10 km gridded 
interpolation dom ain in the s tandard EEA  ETRS89-LAEA5210 projection.  Addition ally, 
altitude data is used from both the AirBase measurement stations and from  the EEA 10 k m 
grid originating from the 30 arcsec GTOPO altitude grid (WGS84) as applied in Horálek et al. 
(2007).
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2 Details on spatio­temporal interpolation methods 
We consider a range of different spatio-tem poral kriging m ethods varying from  simple daily 
interpolations up to a full 3D approach, each highlighted in this chapter. 

The interpolation methods consist of using:  

a. separate daily variograms (see 2.2) 
b. daily evolving variogram s with different we ighting for current and previous day’s 

variogram (see 2.3) 
c. pooled variograms (see 2.4) 
d. mean variograms (see 2.4) 
e. moving window variograms (see 2.5) 
f. complete 3D variogram with either 100 or 1000 nearest neighbours (see 2.6) 
g. separate covariance function (see 2.7) 
h. product-sum covariance function (see 2.8 

 The underlying data are  

1. daily mean PM10 concentrations,  
2. residuals after a multiple linear regression of the concentrations, and  
3. residuals after multiple linear regression of the log-transformed concentrations.  

The spherical variogram model rep eatedly appears to be best suit ed to capture the spatial and 
temporal dependencies and is therefore adopted in all methods. Its parameters are fitted using 
the functions provided by the R package gstat (Pebesma, 2004). The R scrip ts that were used  
are available from the authors upon request. 

To support the m ulti-linear reg ressions the PM 10 concen trations and  their log -transforms 
undergo some pre-processing (sec tion 2.1). W hen adding the inte rpolated residuals again to 
the es timates produced by the m ulti linear regre ssion som e post-processing (section 2.9) is 
needed to compensate for bias in  case of using log-transformed data.  

2.1 Pre­processing 

A m ultiple linea r r egression is ap plied to th e daily m ean PM 10 concentrations from  the 
AirBase database and their log-transforms. The predictors include: 

 the daily EMEP grid cell’s prediction value for every station 

 a temporal index to adjust for periodic yearly changes:   





  2

365
cos day   

 station altitude 

In contrast to the yearly interpolation ap proach for rural areas (Horálek et al., 2007),  
meteorological data (wind speed, solar radiation) are not used here as the predictors.  

Variations in the com bination of the chosen predictors are also tes ted. This set-up is  used for 
multiple lin ear regre ssion of  the daily m ean and th e lo g tran sformed daily mean PM 10 
concentrations. An overview of the estim ated regression coeffi cients for t he di fferent 
parameters can be found in Table 1 below. 
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Table 1: Multiple linear regression coefficient estimates and stan dard errors for dail y mean PM10 concentrations and their  
log-transforms. The adjusted R² is given in square brackets. 

multi linear regression coefficients … 

  … for PM10 [0.05]  … for log(PM10) [0.10] 

  Estimate  Std. Error  Estimate  Std. Error 

Intercept  23.7929  0.0996  3.0190  0.0042 

EMEP model  0.0800  0.0091  0.0035  0.0004 

Time  3.5697  0.1392  0.1195  0.0058 

altitude  ‐0.0089  0.0002  ‐0.0006  0.0000 

model:time  ‐0.0848  0.0126  ‐0.0040  0.0005 

time:altitude  ‐0.0053  0.0002  ‐0.0004  0.0000 

 

Figure 1 sh ows the nor mal quantile -quantile-plots f or both  line ar regr ession m odels. These  
plots are well suited to visually judge the underlying assum ption of nor mal distributed 
residuals. Perfectly normal distributed residuals would follow the dotted diagonal line. 

Figure 1: Diagnostic plots showing the normal quantile-quantile-plots for both regression models. 

Referring to the upper plot, the assumption of norm al distributed residuals does not hold as 
the dots heavily deviate from the line on the right side. This indicates a right skewed data set. 
However, the res iduals of  the log -transformed data do  seem  to f ulfil this r equirement. 
Therefore and due to the higher adjusted R² value,  most of the resu lts presented in this report 
refer to the  log-tr ansformed multip le line ar re gression. Fo r com parison, a f ew results a re 
based on the non-transformed regression as well. 

2.2 Separate daily variograms (a) 

The simplest approach is to in terpolate the daily mean PM10 concentrations for every single 
day separately by independently fitted daily va riograms. This allows the spatial dependence 
pattern to change on a d aily basis. However, large local variability for single days may result 
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in singular variogram estimates neglecting any spatial dependence. Kriging is then performed 
for every tim e slice separately. The tem poral component of this approach is reflected in its 
flexibility allowing for changing spatial depende nce structures. This m ight be advantageous 
compared to the interp olation of yearly m ean PM 10 concentr ations with a sing le spatial 
variogram. This is the kriging method applied by Denby et al. (2008a). 

2.3 Daily evolving variograms (b) 

Assuming tem poral continuity in the spatial dependence patterns that m ight be  partially 
covered by white noise processes raises the idea of daily evolving variograms. The estimation 
of the variogram’s parameters is to a certain degree controlled by the history. In order to allow 
for a f lexibly varying sill f or ever y day, it is estim ated f rom the current day o nly. The 
nugget/sill ratio is then controlled using previous estim ates. Th is method introduces an 
additional p arameter tha t contro ls th e weightin g between current and previous estim ates as 
follows: 

prevcurr rangerangerange  )1  (                  

curr
prev

prev

curr

curr sill
sill

nugget

sill

nugget
nugget 










 )1  (            

nuggetsillsillpartial curr                

Where the subscrip t curr ind icates the es timate of the cu rrent day and prev refers t o t he 
weighted estimate of the previous day. The recursive structure includes all preceding days but 
with an exponentially decaying influence. As before, kriging is performed time slice wise, but 
the estimation of the variograms to some degree utilizes the temporal information. 

2.4 Pooled variogram (c) and mean variogram (d) 

Assuming a constant spatial structure throughout the year leads to another extreme case where 
every day is interpolated using the sam e variogram. Averaging the em pirical variograms for 
every lag class leads to  the pooled variogram. Every day is treated as a copy of the same  
spatial dependence structure by taking the m ean of all daily  semi-variances within e ach lag-
class. An alternative approach  consists of averaging all variogram  param eters (i.e.  nugget, 
partial sill and range) of the non-singular daily estim ates referred to as mean variogram. The 
estimated parameters of the spherical variogram s of both approaches ar e given in Table 2 for  
comparison.  
Table 2: Estimated variogram parameters for different spherical vari ogram models for th e residuals of th e log-transformed 
PM10 concentrations. 

  pooled variogram (c)  mean variogram (d) 

Nugget  0.0916  0.0842 

partial sill  0.2538  0.2477 

range [m]  880534  568081 

2.5 Moving window variograms (e) 

This method is a union of using separate dail y and constant variogram s. The variogram s are 
calculated as the m ean variogram  for a m oving window. Beside the current estim ate, 
estimates of three preceding and th ree followi ng days are used to average the variogram 
parameters. This m ethod allows for daily ch anging variograms without  only relying on the 
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structure present in a single day. Kriging is ag ain performed for every day separately utilizing 
the tem poral inf ormation in the es timation process only.  Adaption of seasonal or trend 
components in the spatio-temporal dependence structure is the strength of this method.  

2.6 Time as a 3rd dimension (f) 

Considering tim e to be  the third orthogonal dim ension leads to a natural 3-dim ensional 
extension of 2-dim ensional kriging.  In order to  allow f or m eaningful results, th e tem poral 
dimension has to be rescaled to align with th e spatial directions. A r easonable fit (by visual 
comparison of the spatial and tem poral variograms) could be achieved assum ing one day to 
correspond to a distance of 120 km, which refl ects the ratio of the ranges of the spatial 
variogram a nd the tem poral variogram . W ith this  resc aling, the set of  the m ost correlated  
neighbours in space and tim e will have the stro ngest influence on the prediction. Otherwis e, 
mostly temporal neighbours would be used showing no more dependence after approximately 
6 days. This m ethod relies on a single variogr am (nugget: 0.09, partial sill: 0.29, range: 
816859 m; see Figure 2) and predictions can be m ade for any point in the space-tim e cube. 
Therefore, this app roach enables  us to generate transition m aps between days. The 
interpolation is no longer restrict ed to single time slices and every location is estimated based 
on its 100 nearest neighbours in th e space-tim e cube (note that predictions m ade for early 
January mostly depend on following observations where predictions in late Decem ber mostly 
rely on past observations). Additionally, 1000 neighbours were selected to study the influence 
of the neighbourhood. In this approach, m issing values in a single tim e slice are m ade up for  
by using values from  the preceding and followi ng tim e s lices. Thus,  all th e av ailable data  
across space and time is incorporated. 

 
Figure 2: Variogram of the 3D kriging approach of  the residuals of the log-tr ansformed PM 10 concentr ations. Dis tance 
corresponds to meters, where a temporal difference of 1 day equals 120 km. 

2.7 Separable covariance function (g) 

Extending the kriging approach fro m space to space-time alters th e covariance function. In 
space and under the assumptions of isotropy and stationarity, the covariance is a function C(h) 
of the separating distance h between two locations. A spatio -temporal covariance function is 
thought of as a function of a spatial and a temporal distance C(h, t). In general, this function is 
hard to estimate. A separable covariance function is assumed to fulfil C(h,t) = Cs(h) ∙ CT(t) and 
the distinct spatial and temporal effects can be estimated with relative ease. The interpolation 
is perform ed based on the com plete spatio-t emporal data set provided for the variogram 
estimation. This allows predicting values at any location and point in time. 

A drawback of this approach potentially affecting the predictions occurs when one has to deal 
with incomplete da ta s ets. The estim ation of  the krig ing weights re lies on identical and 
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complete time series for every spatial location. In order to adopt for a large number of missing 
values in th e AirBase data se t, a month wise  spatio -temporal inte rpolation is perform ed. 
However, the spatial an d temporal variograms used in the mont hly interpolations are fitted 
once for the full set of observations only. Thus, the predictions are based on a discrete set of 
temporal neighbourhoods. The spatial variogram is  the m ean variogram as m odelled before, 
and for the tem poral variogram we use the spheri cal model and all av ailable time series were 
taken as representative for the sam e temporal process (nugget: 0.10, pa rtial sill: 0.48, range: 
5.5 days). 

2.8 Product­sum covariance function (h) 

A powerful extension to the above is the introduction of the product-sum covariance function. 
It relies on the assum ption that the s patio-temporal covariance function C(h,t) can be written 
as C(h,t) = k1Cs(h)∙CT(t) + k2Cs(h) + k3CT(t) where k1 > 0  and k2,k3 ≥ 0  are real coefficients. W e 
follow an estimation approach introduced by De Iaco (2001) where the coefficients k1, k2 and 
k3 depend on the spatial, temporal and spatio-temporal sills. Figure 3 shows the empirical and 
the estimated spatio-temporal v ariogram. The ex tended covariance m odel gains flexibility in 
modelling the spatio-temporal process. This appr oach has a similar technical drawback as the 
one before: the estim ation can only be based on complete spatio-temporal datasets. Thus, we 
follow the sa me month-wise interpolatio n work around using disjoint tem poral 
neighbourhoods which m ight as well affect th e predictions. Addition ally, we res trict the 
method to all locations within a range of 1200 km , otherwise the necessary inversion of large 
matrices in the kriging process would fail due to the very small weights of far apart stations.  

2.9 Post­processing 

After the residuals have been interpolated, they are added again to the estimates produced by 
the multiple linear regression. In general, the kriging predictor is asymptotically unbiased and 
will give the correct estimate. In our case, th e estimates are correct for the log -transformed 
concentrations. The non-linear back-transformation using exp alters the weights of  the line ar 
prediction on the non-log scale resulting in biased predictions. Unfortunately, a full correction 
for this bias of the joint linear regression and kriging predictor cannot be derived and we are  

Figure 3: Empirical and fi tted spatio-tem poral variogram (g amma) of the re siduals of lo g-transformed PM 10 
concentrations used in the product-sum covariance method. 
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restricted to use the kriging varian ce σ2(s) of the residuals at each prediction location  s as an 
estimate. Predictions th at have been log-tran sformed in the pre-processing step are back-
transformed using )2/)()(exp()( 2ssZsY   including the c orrection f actor to lowe r the  
effect of the unbiased estimator (Denby et al., 2008b). Here,  Z(s) denotes the estimate at some 
location s  combining th e m ultiple linear regr ession m odel with the k riged res iduals. The 
kriging variances are back-transformed by V(s) := (exp(σ2(s)) – 1) ∙exp(2Y(s) + σ2) (Equation 2, 
Denby et al. , 2008b). The annual PM 10 averages are given by the m eans per grid cell of all 
daily interpolated valu es and the annual variance is roug hly approxim ated by the form ula 
given by Denby et al. (2 008b, Appendix A). The number of exceedance days is calculated by 
checking for exceedances at a daily prediction level. 
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3 Results 
In general, most of the spatio-tem poral interpolation techniques perform reasonably well. None  
of the cross-validation scatterp lots shows a com pletely d ifferent stru cture th an the others. 
However, a method in favour can be selected based on the statistical analysis.  

3.1 Statistical measures 

The sequential cross-validation leaving each  stat ion out once and p redicting the m easurements 
from the remaining ones is  the key to com pare the different interpolation approaches. For every  
cross-validation a set of statistical m easures is calculated: the root m ean square error (RMSE) 
providing the standard deviation of the errors, th e bias (BIAS) and m ean absolute e rror (MAE) 
indicating the m ean and m ean absolute d eviation of the prediction. Fu rthermore, Pearson’s 
correlation coefficient and the adjusted R² of a linear model for predictions vs. measurements are 
calculated. The full set of all cross valida tion results is given in Table 3 that com pares the listed 
methods on a daily and yearly basis.  The row de noted with ‘ID’ refers to num bers and letters 
assigned to the methods introduced in Section 1.2. Table 3 provides the set of benchmarks for:  

 direct kriging  
 multiple linear regression only  
 results for different kriging approaches using the residuals after multiple linear regression 

of PM10 concentrations  
 results for different kriging approaches using residuals of the multiple linear regression of 

log-transformed PM10 concentrations.  

Each interpolation approach is  a composition of the pre-proce ssing strategy (indicated by 1 – 3)  
and the kriging m ethod (indicated by a – h), and i ndicated in the blue h eader cells. Thus, som e 
kriging techniques appear several tim es in Table 3, but under different pr e-processing strategies. 
Every column defines a unique interpolation approach. 

The three d irect kriging  m ethods (first three columns) do not use residuals of a multi linear 
regression and are applied directly to the m easurements. The direct methods “yearly means” and 
“yearly log  m eans” interpo late th e m easurement station s’ yearly (lo g) m ean values across 
Europe. Hence, they can not be compared on a d aily basis and do not predict days exceeding the 
limit concentration and are thus mainly given as reference values. 

The second set of columns entitled “multi linear regression” describes pure regression models 
predicting the PM10 concentrations in Europe. The residuals of these approaches provide 
ultimately the data for our kriging approaches of which their statistical results are presented in 
the third and fourth set of methods. The multiple linear regression used at the method “TP 
2007/8 (3a)” differs from all regressions introduced earlier in this report and is therefore not 
represented in the table at this second set of methods. The approach “TP 2007/8 (3a)” uses 
residuals from daily multiple linear regression models of the EMEP model data and altitude.  

We re-implemented the method described by Denby et al. (2008a) and re-performed their 
analysis with all available data as in our approaches to increase comparability. The third and 
fourth set of methods represents their statistical results. 
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Table 3: Statistics for the cross-validation of the benchmarking of the methods. Yellow cells score second best, green cells score best. The red 
numbers in the NOE rows indicate the worst under-prediction of 0 exceedance days. (NA = not applicable). 

2005
yrl. 

means
yrl. log 
means

3D 
[100] once

log, 
once

TP 
2007/8 

(3a)
3D 

[100]
sep. 
days mean

yrl. 
means

sep. 
days

evo: 
λ=0.9

evo: 
λ=0.5

evo: 
λ=0.1 pooled mean mow

3D 
[100]

3D 
[1000]

sep. 
COV

p-s. 
COV

ID none none 1-e 2 3 none 2-e 2-a 2-d none 3-a 3-b 3-b 3-b 3-c 3-d 3-e 3-f 3-f 3-g 3-h
Daily

RMSE NA NA 10.69 15.16 15.68 10.04 10.10 9.86 9.80 NA 9.86 9.85 9.87 9.91 9.92 9.87 9.84 9.84 9.86 9.63 9.37

BIAS NA NA ‐0.29 0.00 3.70 ‐0.07 ‐0.25 ‐0.14 ‐0.15 NA ‐0.14 ‐0.14 ‐0.14 ‐0.21 ‐0.12 ‐0.36 ‐0.15 ‐0.24 ‐0.21 0.59 0.49

MAE NA NA 6.28 10.17 9.68 5.91 5.84 5.65 5.61 NA 5.57 5.57 5.57 5.60 5.60 5.59 5.56 5.66 5.71 5.61 5.50

adj. R² NA NA 0.53 0.05 0.04 0.58 0.58 0.60 0.60 NA 0.60 0.60 0.60 0.59 0.59 0.60 0.61 0.60 0.60 0.59 0.61

COR NA NA 0.73 0.22 0.20 0.76 0.76 0.77 0.77 NA 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.77 0.78

Yearly
RMSE 5.84 5.88 5.96 6.77 7.78 4.87 4.97 4.96 4.98 5.04 4.93 4.94 4.98 5.01 5.03 4.98 4.97 4.66 4.76 5.31 5.14

BIAS ‐0.13 ‐0.06 ‐0.28 0.03 3.72 ‐0.05 ‐0.24 ‐0.12 ‐0.14 ‐0.20 ‐0.12 ‐0.12 ‐0.12 ‐0.19 ‐0.10 ‐0.34 ‐0.13 ‐0.22 ‐0.19 0.34 0.19

MAE 4.09 4.10 4.13 4.95 5.25 3.35 3.46 3.40 3.43 3.49 3.31 3.32 3.34 3.38 3.41 3.35 3.33 3.24 3.34 3.71 3.67

adj. R² 0.38 0.37 0.37 0.16 0.15 0.58 0.55 0.55 0.55 0.54 0.55 0.55 0.54 0.53 0.53 0.54 0.58 0.61 0.59 0.49 0.52

COR 0.62 0.61 0.61 0.41 0.40 0.76 0.74 0.74 0.74 0.74 0.74 0.74 0.74 0.73 0.73 0.74 0.74 0.78 0.77 0.70 0.72

NOE
RMSE NA NA 19.09 27.30 27.30 17.23 17.37 17.39 17.54 NA 16.25 16.26 16.44 16.44 17.10 16.09 16.56 14.85 15.18 20.62 20.91

BIAS NA NA 4.84 15.43 15.43 4.84 4.85 5.06 5.08 NA 4.12 4.11 3.99 3.75 4.66 3.38 4.04 3.95 4.10 10.12 9.98

MAE NA NA 10.03 15.43 15.43 8.66 9.08 8.86 8.90 NA 8.21 8.28 8.39 8.36 8.72 8.39 8.41 7.88 7.94 10.84 11.10

log multi linear regression + residual Krigingdirect kriging
multi lin. 

regression
multi lin. regression + 

residual Kriging
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Comparing the results on a yearly  level, the tw o 3D kriging approaches using residuals of a  
multiple linear regression on log-transform ed measurements (with 100  and 1000 neighbours in  
space and tim e) perform best. Especially the pr ediction of Num ber of Exceedance d ays (NOE) 
shows a clear gain. Even if both methods have a considerable bias, they seem  to capture the 
exceedance struc ture better than the competitive approaches. It is interesting to notic e that the 
approach relying on fewer neighbours performs better.  

The ranking on a daily level is not as straight forward as on a yearly level. In terms of adj. R² and 
COR, most approaches are hard to  distinguish from each other. The lo west bias was found for  
the method following the one by Denby et al. (2008a), “TP 2007/08 (3a)”. However, RMSE and 
MAE are within the range of the larger ones. Using the spatio-tem poral product-sum covariance 
model, “p-s. COV (3-g)”, results in the sm allest RMSE and MAE. Unfortuna tely, its bias is one 
of the highest. 

It is in teresting to notic e that the multiple lin ear reg ression presente d in this re port perf orms 
worse than regressions presente d earlier (Denby et al.,  2008a ) although the ove rall prediction 
improves. Thus, the residuals seem to provide a stronger spatial dependence structure. 

Two cross-validation scatter plots on a daily and yearly lev el are g iven in Figure 4 . They are 
based on th e multiple linear reg ression of the log-tran sformed PM10 daily m ean values and 3D 
kriging over 100 neighbours (see Section 2.6). The plots show a reasonable fit on the yearly level 
where the daily cro ss-validations still have pretty large deviations. Extreme outliers observed in 
the daily comparison are discussed in more detail in chapter 4.  

 

 
Figure 4: Two cross-validation plots of the best performing method for yearly and daily mean PM10 concentrations. 

3.2 Maps 

We chose the best perform ing procedure according to th e statistical m easures on a y early level 
(3D with 100 neighbours, 3-f) to produce a m ap of rural background concentrations over Europe 
in Figure 5. The standard deviation shown in Figure 5 (right) approxim ates the standard 
deviation of the predicted annual m eans. It is derived as described by Denby e t al. (2008b, 
Appendix A) using a temporal correlation coeffi cient of 0.3. However, block kriging (Cressie 
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and W ikle, 2011) where the blocks are years w ould provide m ore correct values than the 
approximate approach suggested by Denby et al. (2008b).  

 

Figure 5: Interpolated m ap of yearly m ean P M10 concentrations  in Europ e 2005  (left)  and the  approximate annual standard 
deviation of the predictions calculated as b y Denby et al. (2008b) using a temporal correlation coefficient of 0.3 (right). Th e 
method adopted is the 3D interpolation using 100 neighbours. 

Figure  6   shows   the   observed   and    estimated   number  of   exceedance   days.  Some
of   the   very   high   values   in   Eastern    Europe   have   to   be   read   with   care.    The 
high kriging variances in these areas cause high er predictions due to th e aforementioned back-
transformation function. Thus, one should consider the map of residual kriging variances as well 
(Figure 5,  right). Unfortunately, the values for France are probably not as low as the maps 
suggest. The data provided by France for the year 2005 were not corrected for a different  
measurement technique.  The m easurements are known to be roughly 30% below their official 
European reference m easurement equivalent (MEEDDAT 2008). A tim e series of interpolated 
maps is shown in Figure 7 and illustrate the day to day evolution of the in terpolated mean PM10 
concentration levels that may occur. 

Figure 6: Observed (left) and modelled (right) NOE of daily PM10 in 2005. 
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Figure 7: Interpolated maps for daily PM10 concentration from May 1 to 9, 2005. 
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4 Detecting extremes 
Investigating the very prominent outliers in the daily and yearly cross-validation plots (Figure 4) 
reveals a set of stations that typically have several m ismatches. Additionally, the m ismatches 
tend to occur at the same day for different stations  or temporally and spatially close. Those cases 
might indeed be extrem e observations com pared to the overall European daily  m ean PM 10 
concentrations. However, locations and days  showing only a single m ismatch m ight yield 
candidates for further investigation. 

Figure 6 shows that very strong under-predictions typically occur during the summer and winter 
months. Over-prediction of values  seem s to be rath er ra re. Inte restingly, a single station is 
responsible for five of the very strong deviations during winter (red dots). The time series of this 
station, CZ0TVER, is given in Figure 7. During the summer months, the most extreme values are 
due to four stations in Portugal (red dots).  Their tim e series for the corresponding m onths are 
given in Figure 8. As for any s moothing method, under-prediction of extrem es is a property of 
the kriging method used here as well. 

 
Figure 6: Cross-validation plot of daily mean PM10 concentrations by season of 2005. 
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Figure 7: Time series for 2005 of predicted and measured daily mean PM10 concentrations for the Czech station CZ0TVER. 

 

 

 

Figure 8: Subsets of four time series for 2005 of stations in Portugal. 



ETC/ACM Technical Paper 2011/10  27 

5 Discussion 

5.1 Is inclusion of spatio­temporal correlation worth the effort? 

This report shows that for the spatial interpolation of air quality parameters, it pays off to include 
temporal co rrelation to  extend spatial-on ly co rrelation. This is not surprising,  as it could be 
expected th at th ese co rrelations would be pres ent, and ign oring ( correlated) inf ormation is in 
principle to som e extent a loss. Including tempor al correlations co mes at a cost of a more 
complex modelling effort, and th e statistica l gains need  to be  weigh ed agains t the costs of 
processing.  

The com parison of interpolation m ethods wa s done based on cross-validation of rural  
background stations, and was done for one ye ar ( 2005). The choice of this year was m ade to 
allow com parison to earlier m ethod com parison studies (Denby et al ., 2008a). E valuating a 
method comparison over several years, or from year to year, might yield different results but was 
out of scope for this report. Thus, further studie s are need ed to evaluate the robu stness of the 
presented statistical spatio-temporal models that we re qualified as best perform ers in this report 
based on the 2005 data only. Once deemed r obust, these alternative spatio-tem poral 
interpolations or recommendations based on proposed evaluations of asymmetric spatio-temporal 
covariance models could be applied routinely in m apping and assessm ent activities that are  
primarily based on m easurement data. The cross- validation study carried out here w as done by 
leaving out, one-by-one, full station time series. As the number of stations is relatively small and 
the spac ing between pairs of  station s is relative ly larg e, the re is a poss ibility th at this cause s 
another source of variability to the evaluation results. In add ition, lack o f short-distance station 
pairs m eans that c ross-validation s tatistics conc ern interpolations to dis tant lo cations, whereas  
the use of interpolation for m apping involves to a large extent the inte rpolation to nearby 
locations. T hese two lim itations (v ariability, la ck of short distances) are inherent to the data 
availability and cannot be circumvented without having additional measurement sites. 

The symm etric spatio-tem poral c ovariance models evaluated in this study (3D m etric (3-f ), 
separable (3-g), product-sum (3-h)) are the m ost simple methods available. More comprehensive 
models could for instance addres s asymm etry in spatio-temporal covariance. In particular for  
hourly or daily air quality values,  it may be expected that the in terplay of emissions and weather 
cause air qu ality patterns that m ove over Europe. Seen as a stocha stic process, such movement 
can only be captured by a transport m odel or  by an asymmetric spatio-tem poral covariance 
model. Capturing spatio-tem poral dependence by covariances implies tha t, po ssibly af ter 
transformation, a multivariate Gaussian model is capable of capturing the dependence structure. 

Copulas m ay serve as a useful tool to m odel as ymmetric spatio-tem poral data (G räler et al.,  
2010). They capture the dependence structures o f multivariate distributions independent of the 
distributions’ m argins and allow to change co ntinuously over the range of the observations. 
Thus, pairs of low, high or m ixed observations may exhibit a different strength of dependence.  
Additionally, dependencies may be asymmetric such that tomorrow’s measurement may depend 
differently on today’s value than vice versa. Th e fact that dependencies may change for different 
magnitudes of the observations allows to m odel rural and urban concentrations in a single 
process considerably im proving the resolution of the m easurement network. Spatial copulas as 
presented by Gräler et al.  (2011) can be used to model spatial and similarly spatio-temporal data 
and serve as a probabilistic tool  to interpolate spatial and spa tio-temporal data. T hus, copulas 
might also be a useful tool to m odel PM 10 concentratio ns and sim ilar data contained and 
commonly interpolated in AirBase.  
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When computing yearly means from daily estim ates (Section 3.2, Figure 5), the correct kriging 
variances were not computed for these m ean values. We followed the approxim ation given by 
Denby et al.  (2008b), but the better, direct approach would be to use block kriging with blocks 
reflecting a year (i.e., with bloc ks aggregating over time, as opposed to sp ace). However, before 
implementing block kriging in the routinely annual mapping exercise research is needed to select 
the appropriate m odels and proof  its robustness across a series of different years. Given a 
sufficient robustness, block kriging could be implemented as default method. 

 

5.2 Uncertainty and nugget effects 

Measurement unce rtainty, the quan titative expression of m easurement errors, is hard to obtain 
from in situ sensors when no sim ple replicates are taken un der controlled circumstances. Every 
difference between tw o sim ultaneous m easurements is the result o f the com bination of 
measurement error and variability (in space, in time) of the measured PM10. 

Gerboles and Reuter (2010) sugge st using the spatial variability  to inform  about m easurement 
errors: they argue that the nugget variance is an upper lim it to the m easurement error. Figure 9 
shows tim e series of variogram  pa rameters (inc luding nugget variances) of residuals of log 
transformed PM10 for daily variograms over 2005. It shows large variability over time. 

 
Figure 9: Development of daily variogram parameters of residu als of log transformed daily  mean PM 10 concentrations during 
2005. “jsill” indicates the sill (nugget + partial sill, or the variance of the process); “ratio” indicates the ratio of nugget over sill. 

The high temporal variability in  nugget variances can be attrib uted to both natural (tem poral) 
variability of  the spatial corr elation and varia bility attrib utable to th e problem  of  f itting a 
variogram from  li mited m easurement inform ation. The problem  of fitt ing a variogram  from 
measurement inform ation tends to be further au gmented by a lack of short spatial distances 
between ob servation lo cations, which is  typ ical for in s itu sensor  m onitoring networks. The 
assumption here is that nearby monitors yield redundant information, and inter-monitor distances 
are rather maximized to obtain a spatially regular distribution against the least monitoring costs.  

A potentially m ore stable procedure as an alte rnative to using (spatial) nugget variances to 
estimate an upper limit to the measurement errors would be to use tem poral variability, possibly 
in combination with spa tial variability. A f irst attempt could be to use (h alf of) the v ariance of 
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the lag-one differences, in tim e series of (hourly) m easurements series , as a po tentially m uch 
smaller upper lim it to m easurement error. This coul d also reveal station- specific difference that 
could be worth investigating,  or location-specific tem poral changes in (upper lim its to)  
measurement errors. A better and m ore comprehensive attempt would be to use spatio-tem poral 
hierarchical m odelling (Cressie and W ikle, 2011)  where at the first level the data m odel 
essentially isolates the measurement error as an explicit term. 
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6 Conclusions 
In this study we have investigated a set of di fferent app roaches to utilize the spatio-tem poral 
dependence when interpolating daily and annual m ean PM10 concentrations of rural background 
stations across Europe.  Beside rather sim ple m ethods, three full spatio-tem poral kriging 
approaches have been presented. A cross-validat ion has been conducted in order to evaluate the 
different interpolation methods. For comparability to the interpolation approaches in Denby et al. 
(2008a), all methods are applied to observational data of the year 2005.  

We have shown how a daily, instea d of an annual interpolation method, improves the prediction 
of yearly mean PM 10 concentrations. The MAE and the RMSE decreased by 7% (see Table 3 : 
improvement of “3D [100] (3-f)” relative to the single annual interpolation using residuals of  
log-transformed annual m ean concentrations “yrl . m eans”) and the adjusted R² of the linear 
model for predictions and m easurements incr eased by 12%. W e found that the 3D kriging 
approach (3-f, with 100 neighbours)  provided the best statistical re sults for almost all statistical 
indicators for the 2005 data assessed.  In particular it was found to im prove the prediction of the 
number of days exceeding the limit of 50 µg/m³ by reducing the RMSE for NOE by 10% and the 
MAE by 5 % com pared to the simpler app roaches 3- a to 3- e ( see Tabl e 3 ). H owever, th ese 
improvements a re r elatively m odest. It is like ly that the ex ploited tem poral d ependencies are 
responsible for this improvement but further studies are needed to evaluate  the robustness of the 
presented procedures for a number of different years. 

Furthermore, asymmetric dependence structures, as they are likely to be found in spatio-temporal 
data where transport in a part icular direction takes place, ar e not captured by the sim ple 
symmetric m ethods evaluated in this report. More flexible m ethods for modelling spatio-
temporal dependence that can deal with asym metries, for instan ce s patio-temporal copu las 
(Gräler et al., 2010) m ay be used to better reflec t spatio-temporal variabil ity in (observational)  
air quality variables. Beside additional evaluation of the robustness the 3D kriging approach for a 
series of years, we recommend to investigate in addition the potential of the copulas approach in 
further studies. However, before im plementing one of such spatio-tem poral interpolation 
methods as improved default in the routinely ap plied mapping exercise, they should have proven 
their robustness over several data years and for a set of statistical indicators. 

Beside the im provement of  the sta tistical m easures, da ily inte rpolations provide additional 
advantages. As briefly dem onstrated in Chapter 5, daily predictions allow for a spatio-tem poral 
assessment of outliers incorporating model results. Furthermore, mismatching stations or seasons 
can be ide ntified. Ro utinely che cking m easurements against the ir prediction s will d etect 
deviations from the model. The performance of this outlier detection method has to be compared 
with other approaches integrating spatial information from several time series. Outliers identified 
this way by no means need to indicate errors; they indicate merely extremes in the context of the 
statistical models entertained. Nevertheless, iden tifying such extremes may be a us eful first step 
leading to careful re-exam ination of particular sites. Several pr omising test m ethods identifying 
‘questionable’ extremes are provided in Gerhar z et al. (2011). Looking in to NOE of daily m ean 
PM10 concentrations,  one can identify and study the spatio-tem poral distribution of the 
exceedances using daily prediction s in a m ore natural w ay. It is qu estionable whether the 
interpolation of the yearly number of exceedance days registered at every measurement station is 
a sensib le m easure. The tem poral aggregatio n of exceedance days to  a single yearly num ber 
neglects the temporal dependence and distorts the spatial dependence structure.  

A full uncertainty investigation needs to take the  uncertainty associated with the m ultiple linear 
regression into account as well. Here, we only considered the kriging variance, which reflects the 
configuration of measurement locations. Beside the inclusion of measurement stations reporting 
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less than 75% of their data coverage potential for a whole year, no structural differences could be 
detected on the log-scale. Furt her probabilistic m easures shoul d be evaluated to communicate 
uncertainties within the policy field.  The advances m ade so far are not yet sufficient in this  
regard. One way of improving the uncertainty m easure would be to encapsulate the full 
interpolation procedure in a Monte Carlo sam pling routine. Thus, m ultiple predictions would be 
generated and the v ariability of  these realisations would provide a m easure of uncertainty.  As  
outlined in the last p aragraph of  s ection 5.1,  block kr iging would improve th e u ncertainty 
measure provided for the yearly means. In or der to reduce the sub- grid va riability, we  
recommend to further investigate non-stationary  covariance m odels and anisotropic kriging 
approaches. The m ethods developed and discussed in this report can easily be applied to other 
measures of air quality as well. However, the findings in term s of the best m ethod m ight be  
different. The results are strongly related to the spatio-temporal dependence structure of the  
phenomenon and their robustness  should be evaluated for m ultiple years, preferably in a 
combined capture of asymm etry in th e ex pected d ependence s tructures. Once deem ed 
acceptable, alternative spatio-temporal interpolation methods could be applied routinely in future 
mapping and assessment activities that are based on measurement data primarily. 



ETC/ACM Technical Paper 2011/10  33 

References 
AirBase, European air quality database, version 5. EEA. http://airbase.eionet.europa.eu/ 

Cressie, N., C. Wikle (2011). Statistics for Spatio-Temporal Data. Wiley, New York. 

De Iaco, S. (2001). S pace–time analysis usi ng a general product– sum model. Statistics 
Probability Letters, 52(1), pp. 21 - 28 

Denby, B., J.Horálek, P. de Smet, F. de Leeuw and P.Kurfürst (2008a). European scale 
exceedance mapping for PM10 and ozone based on daily interpolation fields. ETC/ACC 
Technical Paper 2007/8. 
http://acm.eionet.europa.eu/reports/ETCACC_TP_2007_8_spatAQmaps_dly_interpol 

Denby B., M. Schaap, A. Segers, P. Builtjes and J. Horálek (2008b). Comparison of two data 
assimilation methods for assessing PM10 exceedances on the European scale. Atmospheric 
Environment. 42, 7122-7134. 

Gerboles, M., H. Reuter (2010).Estimation of the Measurement Uncertainty of Ambient Air 
Pollution Datasets Using Geostatistical Analysis. Publications Office of the European Union.  
http://publications.jrc.ec.europa.eu/repository/handle/111111111/15035 

Gerharz L, B Gräler, E Pebesma (2011). Measurement artefacts and inhomogeneity detection. 
ETC/ACM Technical Paper 2011/8. 
http://acm.eionet.europa.eu/reports/ETCACM_TP_2011_8_artefacts_inhom_detection 

Gräler, B., H. Kazianka & G. M. de Espindola (2010). Copulas, a novel approach to model 
spatial and spatio-temporal dependence. In K. Henneböhl, L. Vinhas, E. Pebesma, & G. Cãmara 
(Eds.), GIScience for Environmental Change Symposium Proceedings, ifgiprints,40: 49 - 54, 
AKA Verlag. 

Gräler, B. & E. Pebesma (2011): The pair-copula construction for spatial data: a new approach to 
model spatial dependency. Procedia Environmental Sciences, 7, pp. 206 - 211, Elsevier. 

Horálek, J., B. Denby, P. de Smet, F. de Leeuw, P. Kurfürst, R. Swart and T. van Noije, (2007). 
Spatial mapping of air quality for European scale assessment. ETC/ACC Technical paper 
2006/6. http://air-climate.eionet.europa.eu/reports/ETCACC_TechnPaper_2006_6_Spat_AQ 

Pebesma, Edzer (2011). spacetime: classes and methods for spatio-temporal data. R 
packageversion 0.5-2. http://CRAN.R-project.org/package=spacetime 

MEEDDAT (2008). Bilan de la qualite de l’air en France en 2007. Ministère de l’écologie, de 
l’énergie, du développement durable et de l’Amenagement du territoire Paris 

Pebesma, Edzer (2004). Multivariable geostatistics in S: the gstat package. Computers & 
Geosciences, 30: 683-691. 

R Development Core Team (2011). R: A language and environment for statistical computing. R 
Foundation for Statistical Computing, Vienna, Austria. ISBN 3-900051-07-0.  
http://www.r-project.org 

 

http://airbase.eionet.europa.eu/�
http://acm.eionet.europa.eu/reports/ETCACC_TP_2007_8_spatAQmaps_dly_interpol�
http://publications.jrc.ec.europa.eu/repository/handle/111111111/15035�
http://acm.eionet.europa.eu/reports/ETCACM_TP_2011_8_artefacts_inhom_detection�
http://cran.r-project.org/package=spacetime�
http://www.r-project.org/�

	Content
	Summary
	1 Introduction
	1.1 Aim and outline of the study
	1.2 Spatio-temporal interpolation methods
	1.3 Assessment methodology
	1.4 Data

	2 Details on spatio-temporal interpolation methods
	2.1 Pre-processing
	2.2 Separate daily variograms (a)
	2.3 Daily evolving variograms (b)
	2.4 Pooled variogram (c) and mean variogram (d)
	2.5 Moving window variograms (e)
	2.6 Time as a 3rd dimension (f)
	2.7 Separable covariance function (g)
	2.8 Product-sum covariance function (h)
	2.9 Post-processing

	3 Results
	3.1 Statistical measures
	3.2 Maps

	4 Detecting extremes
	5 Discussion
	5.1 Is inclusion of spatio-temporal correlation worth the effort?
	5.2 Uncertainty and nugget effects

	6 Conclusions
	References

