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Abstract: Atmospheric deposition on soil is a matter of 
continuous study. Deposited pollution can be determined  in 
various ways. But the first step is sampling; in case of 
sample destruction or lost or unvailability, it could be 
necessary to overcome the issue by a specific prediction. 
The paper presents prediction technique of dioxin deposition 
on ground using a geostatistic method called “Kriging”. 
Kriging code is a regression method used in the context of 
the space analysis (geostatistics) which allows to interpolate 
a quantity in the space, minimizing the mean square error. In 
the statistics context it is better well known as gaussian 
process. Knowing the value of a quantity in a few points in 
the space (for example the analyte concentrations taken in 
every town of an area), we can determine the quantity value 
in other points for which measurements do not exist. The 
performed algorithm displays better results than many other 
ones because of geostatistic properties adopted in the 
procedure. Analytical data are taken from a campaign 
carried out in Lecce province. 
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1. INTRODUCTION 

Geostatistics is a discipline which promotes a method able 
to supply the best estimate of a quantity, in a prearranged 
domain, based on a preliminary analysis of the space 
variability of the experimental data belonging to the domain. 
Various types of approaches at the study of geostatistics 
exist:  

• according to a first approach it is indispensable to 
start from the theory of the random functions to see 
the basic geostatistics estimate algorithm 
(Universal Kriging); 

• according to another approach, instead, Kriging can 
be defined and implemented without any sign to its 
probabilistic features.  

Independently of the followed approach, geostatistics 
agrees: 

• to analyse the space structure of a quantity inside a 
prearranged domain on the basis of available 
experimental data; 

• to adopt an appropriate model (probabilistic) 
representative of the characters of variability or 
space continuity of the quantity inside the fixed 
domain; 

• to make the systematic estimate of quantity, 
considering the redundancies of the available data; 

• to evaluate the reliability of the obtained estimates. 
The technique treated in this work is Ordinary Kriging, 
which is a technique associated often with the B.L.U.E. 
acronym (“Best Linear Unbiased Estimator”).  In other 
words the Kriging is a geostatistics estimator who has two 
important features: 

• it is exact, i.e. returns, in the points where we have 
the space information, its true value; 

• for every estimated value it provides the estimate 
variance, a parameter for the evaluation of the 
accuracy of the proposed estimates. 

In Kriging, we use a model of probabilities in which the 
deviation and the error. Kriging [1] is an anticipatory 
method which is different from the other one because it 
produces a set of estimates with minimum error variance. 
The error variance, σ2

R, of a set of k estimate can be written 
as: 
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where iv are the real values and iv̂  the esteemed values. 
Assuming an average error equal to zero, the previous 
equation becomes: 
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To minimize the variance of the error [2], it is necessary to 
introduce others parameters, adding the Lagrange parameter: 
 Calculating the partial derivative and placing equal to zero 
we obtain the set of weights which minimize the error 
variance [3] [4] [5].                                     
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This equation system, often called Ordinary Kriging System, 
can be written in matrix notation as:  
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To obtain the weights, both members of this last equation are 
multiplied for the inverse one of the matrix of covariance, 
C1, obtaining: 
 

DCW ⋅= −1                                                                  (5)  
 
Determined the model weights, the error variance value is 
obtained from the following equation:  
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or, in matrix terms:  
                                             

DWR ⋅−= 22 ~~ σσ (7) 
 
This minimized error variance is usually called as Ordinary 
Kriging Variance. The estimate of a quantity through Kriging 
method depends, however, on the covariance model Under 
the practical point of view, the model chosen for the random 
function is bound to the space continuity of the sampled data 
set. To be sure of the solution uniqueness, the system must 
be defined positive. Below he a qualitative graphic 
representation of the used variogram models. 
 

 
Fig. 1. Variogram Model: a. Power Model; b. Spherical Model; c. 

Exponential Model; d. Gaussian Model. 
 

2.  SAMPLING AND CHARACTERIZATION 

Pollutant deposition on soil is an important issue that 
connect air pollution with soil.  Pollutant measurement 
prediction is a topic of great interest in the area of 
environmental measurements and health protection. 
Stationary description of pollutants is an approach in which 
the amount of pollutant per time unit is considered constant. 
But in many circumstances, the amount of pollutants is 
subject to a flow delay that is not taken into account because 
of complexity.  The general scheme is highlighted in fig.2 
where we can see different phenomena. This kind of 
modeling can better reflect forced and spontaneous 
emissions of pollutants from industrial plants and natural 
processes respectively [6] [7]. 

 

 
  

Figure 2. General scheme of pollutant deposition 
 

 
 

Figure 3. Deposimeter for sampling and its tube 
 
Different deposimeters (fig.3) have been used to sample 

the concentrations of diverse pollutants, namely, dioxins, 
furans, aromatic hydrocarbons.  Deposimeters are located in 
different areas of the Province of  Lecce (Italy) as indicated 
in fig.4. 
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Figure 4. Deposimeter for sampling and its tube 

3.  PROPOSED GEOSTATISTIC APPROACH 

It is important to notice that the correctness of obtained 
information by Kriging method depends strongly on the 
chosen variogram model [8] and on the isotropic features of 
the observed phenomenon. In the building of the 
experimental variograms, a different behaviour of the data 
depending on the direction of chosen investigation is very 
often discovered. This behaviour shows the presence of 
anisotropies which must be considered in the building of 
Kriging. 
 
Isotropic model 
 
The first approach to be followed in the building of an 
Experimental Variogram, when we haven’t information 
about the space sample features, is the isotropic one.  
 
 
 
The chosen Variogram model is: 
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where c and a respectively represent the sill and the range. 
The determination of these two parameters has been led 
trying to have the minor difference between the experimental 
data and the model of variogram.  In the following figure we 
have the results of calculation.  
 

 
Figure 4. Representation of the exponential isotropic model 

of  Variogram. 
                      
Anisotropic model 
 
In this case, it is possible to proceed in the experimental 
determination of variogram from which we obtain the 
variogram model for the description of the relationships 
between data. 

 
Figure 5. Representation of the exponential anisotropic 

model of Variogram. 
 
The fig. 5 shows the trend of the experimental variogram and 
the model function nearer to it. It is important to notice that 
in this case, the arrangement of variogram around to sill 
(reached asymptotically), is netter than what seen in fig. 4. 

 

4 RESULTS AND FINAL COMMENTS 

The application of isotropic and anisotropic  models are 
performed for retrieving data of the City of Maglie [9] [10]. 
Table I illustrates data measured by deposimeters located in 
different areas included Maglie  for terrain contamination  
with solvents [11] while Table II depicts data obtained after 
having applied the algorithm in the case of anisotropic 
modelling and algorithm [12] [13].  Making a comparison 
with Table I, we can see that the missing data for Maglie are 
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clearly overcome since Maglie, as location, is included in a 
grid (fig.4). The algorithm has shown that data from one 
location are obtained from the others. The degree of 
accuracy depends upon the variogram model. As 
consequence, this kind of algorithm will help the use of 
robot [14] for moving terrain containers for reclamation and 
predicting pollutant concentration on ground [15]. 
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