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Abstract
Collected data in soil heavy metal

investigations may contain significant
levels of uncertainty, including complex
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and even unexplainable  spatial
variations at a small investigation site.
Therefore, this study identifies the
spatial structure of soil zinc in the
northern part of Changhua County in
Taiwan to generate multiple realization
of soil zinc. The spatiad maps of this
heavy metal are simulated by using the
geostatistical ssimulation, and estimated
by using ordinary kriging and natural
log kriging. The estimation and
simulation  results indicate  that
Sequential Gaussian Simulations can
reproduce the gspatia structure for
investigated data. Furthermore,
displaying a low spatial variability, the
ordinary kriging can not fit the spatial
structure and small-scale variation for
the soil zinc investigated data. The
multiple ssimulated realizations also can
be used as secondary variable for
cokriging to improve the accuracy of
estimation.
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1. INTRODUCTION

Geostatistics may be defined as a
collection of techniques for solving
estimation problems related to spatial
variables (Journel and Huijbregts, 1978,
and ASCE 1990). A geostatistcal
technique, kriging is a linear
interpolation procedure. It provides a
best linear unbiased estimator (BLUE)
for quantities that vary in space.
Geostatistical approaches have recently
been applied to analyze the spatial
variability of pollutants, with notable
examples including Yost et al. (1982),
Keck et a. (1993), Samra and Gill
(1993), Litaor (1995), Couto et 4d.
(1997), Juang and Lee (1998), Wang and
Zhang (1999), and White et al. (1999).

The estimated values based on

kriging display a lower variation than
the actua investigated values. To
correct the above deficiency,
geostatistical simulation can  be
performed. Simulation  generates
equally likely sets of vaues for a
variable, which are consistent with
available in-situ measurements.

Conditiona simulation attempts not
only to generate a set of values that have
some specified mean and covariance,
but also to reproduce observed data at
several locations.

In this study, we employ ordinary
kriging, and conditiona simulation

techniques to produce the maps and
realizations of Zn in a case study. The
descriptive statistics, spatial structure
(experimental variogram), and spatia
structure of estimated and simulated
results are also discussed and compared
in this study.

2. MATERIALSAND METHODS
1 Data

This study develops maps illustrating
the geographic distribution of Zn in
surficial soil horizons in the northern
part of Changhua County in Taiwan
using geostatistical estimation,
simulation and geographic information
systems (GIS). Data were derived
from the EPA studies described above.
In this study area, 350 sampling points
(Figure 1) are used for estimating and
simulating the spatial distribution of
Zn.Table 1 summarizes the descriptive
statistics of Zn investigated data.

2 Kriging
Geostatistics provides a variogram
of data within a statistical framework,
including  spatial and  temporal
covariance  functions. Kriging
estimates are calculated as weighted
sums of the adjacent sampled
concentrations. These weights depend
on the exhibited correlation structure.
The criterion for selecting these weights
IS a minimization of the estimation
variance. In this framework, kriging
estimates can be regarded as the most
accurate among all linear estimators (i.e.
Best Linear Unbiased Estimator).
3 Sequential Gaussian Simulation
A simulated value at visited point is
randomly selected from the norma



distribution function defined by the
kriging mean and variance based on
neighborhood values. Finally, the
simulated norma values are back
transformed into simulated values for an
original variable. At the new randomly
visited point, the simulated vaue is
conditional on the origina data and
previously simulated values. This
process is repeated until al points are
simulated at each redlization over the
study area.

The simulations and estimations are
performed into a square 34 columns by
38 rows grid consisting of 1292, 80m by
80m cells. Five simulations (Sim1,
Sim2, Sim3, Sim4, Sim5) are performed
at these 1292 cells.

Descriptive Statistics

The ordinary kriging estimates, In
kriging estimates and simulations are
based on the above variogram models
and 350 observations. Table 2
summarizes the descriptive statistics of
ordinary  kriging and  Sequential
Gaussian Simulation results. Above
results indicate that ordinary kriging
process may not preserve the variability
of the investigated process. Sequential
Gaussian Simulations can reproduce the
statistics for investigated soil zinc.

Experimental Variogram
In this study, the experimental

variograms of normalized estimated and
simulated values are also performed
with the same lag interval. According
to Figure 2, the Sequentia Gaussian

Simulation can perform very well in
terems of reproducing the spatia
structure (experimental variogram) for
the investigated values. The ordinary
kriging values display a well-structured
variogram with a low spatia variability
and hole effect, but can not perform the
gpatial  structure  and  small-scale
variation for investigated values as
shown in Figure 2.

4. CONCLUSION

Kriging provides the optimal
estimation of Zn a unsampled sites.
However, the estimated values based on
ordinary kriging display lower variations
than the actual investigated soil zinc.
Sequential Gaussian Simulation can
reproduce both the extreme measured
soil zinc and overal zinc gspatia
distribution. Sequential  Gaussian
Simulation with multiple realizations
has significant advantages at a site with
high variation investigated data over
ordinary kriging. The simulated results
also can be used as secondary variable
for cokriging.
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TABLE 1 Descriptive Statistics of
Investigated Zn

Mean Min Max Varianc Median Kurto Skewne
e Sis ss

Zn 80.697 11.0 1095.0 12463.4 47.180 29.250 4.582
(mgkg) (mgkg) (mgkg) 05 (mgkg
(mgky) )

TABLE 2 Descriptive Statistics of Kriging

estimates and Simulations

Mean Variance  Median Kurtosis ~ Skewness

(mgkg) _(mgkg?  (mgkg)

FIGURE 1 Study Area and Sampling Points
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FIGURE 2 Experimenta Variogram of
Ordinary Kriging Estimation and

Simulation

Investigale  80.697 12463405  47.180  29.250 4582
d
Kriging 79554  2606.032 65740 _ 3.260 1.750
Siml 78.108  9833.386 43273 15623 3410
Sm2 82.107 11144131 43000 18695  3.724
Sim3 77311 10321.810 41410 15957 3499
Simé 78.401 12762.762 41000 22502 4.203
Simb5 74100 9979634 41000  37.602 _ 4.656
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