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Soil contaminant grades classified by thresholds of concentrations are important for land use and manage-
ment. Mapping of the soil contaminant grades only focuses on the precise prediction of the relationship
between the contaminant concentration of each spatial units and a predefined threshold. Thus, unlike
sampling for other purposes, additional sampling should add more sites in areas with a high possibility of
misclassification and fewer or no sites in areas with a low possibility of misclassification. To guide addi-
tional sampling for mapping of the soil contaminant grades, an error index based on Indicator Kriging (IK)

Iéff::?;i’jse:x is proposed in this paper. By linear transformation of the predicted value of IK and summing the standard
Additional sampling variance of the prediction error, the error index contains both the closeness of predicted value to the
Map threshold and the uncertainty of the prediction, and can reflect the possibility of misclassification of the

soil contaminant grades. Also, due to the adoption of IK, it can avoid the smoothing effect, remove or lower
the unstationary variation of original data by indicator transform, and do not required normal distribution
to model the error variance. Based on the error index, an optimization method for additional sampling
to map soil contaminant grades is then put forward by defining an objective function and employing the
Spatial Simulated Annealing optimization method. The chromium concentration data of the study area in
central China were used as a case study. According to a comparison of the proposed additional sampling
optimization method with spatially even sampling method and spatially random sampling method, the
case study demonstrated that the proposed optimization method based on the error index is superior to
the other methods in improving the prediction precision of soil contaminant grades and that its perfor-
mance is stable. The results suggest that the error index proposed in this paper can be used to generate
a design for additional sampling to improve the mapping precision of soil contaminant grades.

© 2017 Elsevier Ltd. All rights reserved.

Soil contaminant grades

1. Introduction

Soil pollution becomes more and more severe and is posing
a big threat to public health with the development of industry
and increasing of agricultural inputs(D’Emilio et al., 2013; Yang
et al.,, 2015). To protect environment and human health, land use
activities should be regulated, and sometimes soil remediation
actions should be applied in polluted areas. In order to provide
a uniform guide on land use regulation or soil remediation, soil
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environmental specifications or standards that define different
contaminant grades have been developed by many countries, such
as The environmental quality standard for soils in China (GB 15618-
1995), Guidelines for environmental management of EPA Victoria,
Australia. By comparing the concentration values of soil contam-
inant with the thresholds defined in related soil environmental
specifications or standards, the soil contaminant grades can be
computed.

To obtain a map of soil contaminant grades, i.e. the exhaustive
contaminant grade of every spatial units in the study area, spa-
tial sampling and inference is still the most important method.
Spatial inference is the goal of spatial sampling and serves as a
guide to how the sampling sites should be selected (Gruijter et al.,
2006; Wang et al., 2013). Ordinary Kriging (OK), Kriging with an
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External Drift (KED) and CoKriging (CK) are frequently used to map
the concentration of soil contaminant based on sampling data (Li
and Heap, 2011, 2014; Minasny and McBratney, 2010; Najafian
et al., 2012). However, the smoothing effect and the normal dis-
tribution requirement to model the error variance of prediction
have limited their utilization in the prediction of soil contaminant
grades (Isaaks and Srivastava, 1989). Due to the increase in small
values and decrease in large values resulting from the smoothing
effect, the corresponding spatial units may be misclassified into
the wrong grades. In addition, the distribution of soil contaminant
is usually highly skewed and not easily transformed into a normal
distribution (Juang et al., 2001). Indicator Kriging (IK), which can
estimate the probability of not exceeding a threshold, is suggested
to be used in prediction of the soil contaminant grades(Antunes
and Albuquerque, 2013; Chica-Olmo et al., 2014; Goovaerts, 1997;
Journel, 1983).

In soil environment survey, additional sampling is needed in
multi-stage sampling or supplementary investigation. To improve
the precision of soil contaminant mapping, the additional sampling
design should be optimized to reach higher precision with a lim-
ited sample size. Three types of purposive sampling, i.e., minimizing
the variance of the estimation error, even coverage in geographical
space, and even coverage in feature space, are frequently used to
obtain samples for spatial mapping (Wang et al., 2012). However,
these sampling approaches are not suitable for additional sampling
for soil contaminant grades mapping, in which the sampling sites
should be located densely in areas with a high possibility of misclas-
sification and sparsely or not at all in areas with a low possibility
of misclassification (Van Meirvenne and Goovaerts, 2001). Thus,
the uncertainty of the soil contaminant grades misclassification
can be employed in the additional sampling optimization for soil
contaminant grades mapping. Based on the prediction result of IK,
Garcia and Froidevaux (1997) proposed a method to classify the
study area into low-risk regions, high-risk regions and medium-
risk regions based on the minimum probability threshold (e.g., 0.2)
and the maximum probability threshold (e.g., 0.8), and suggested
that additional sampling sites can be selected from the medium-
risk regions to better predict soil contamination grades. In addition
to the predicted probability of exceeding the threshold defining the
contaminant grades, the uncertainty of the prediction should also
be taken into account in additional sampling optimization. Based
on conditional simulation, Van Meirvenne and Goovaerts (2001)
defined a sampling criterion ratio, which is calculated by dividing
the standard deviation of the local cumulative distribution of the
difference between the simulated concentrations and the threshold
with the mean of that local cumulative distribution. This sampling
criterion ratio contains both the proximity to the threshold and
the variance to guide the additional sampling for soil contami-
nant grades mapping, but because thousands of simulations are
needed, new uncertainty is introduced and it cannot be combined
with optimization algorithms to design the sampling plan auto-
matically. In addition, this method requires the full cumulative
distribution function, which is not easy to obtain. Juang et al. (2008)
proposed an index reflecting both type I error and type Il error to
guide additional sampling for the soil contamination grades clas-
sification based on rank-order geostatistics. This index is a direct
measure of the probability of the misclassification of soil contami-
nant grades through the consideration of both the proximity of the
predicted value to the threshold and the uncertainty of the predic-
tion. However, this index depends heavily on the distribution of the
sampling values; if the sample is biased from the population, the
transformation between the concentration and standardized rank
will be inaccurate. The index does not allow different criteria to
be set for two types of misclassification, which is often required in
practical applications. For example, to classify contaminants with
high health risks in farmland, type II errors must be minimized to

reduce the health risk at the expense of large type I error, while in
the division of hazardous areas for prior remediation, type I errors
must be minimized to improve the efficiency of investment at the
expense of greater type Il error. To improve the precision of the
soil contaminant grades classification, in this paper, we propose
an error index for additional sampling that measures the probabil-
ity of misclassification of soil contaminant grades by considering
the uncertainty of prediction and allows the adjustment of the two
types of errors according to practical needs.

The remainder of this paper contains 4 sections. Section 2
presents the prediction method of soil contaminant grades, the
error index and the optimization method for additional sampling
that is based on it. Section 3 introduces case studies of the opti-
mization method for additional sampling based on the error index.
Section 4 discusses the error index. Section 5 presents conclusions.

2. Methods
2.1. Classification of soil contaminant grades with IK

The spatial units whose contaminant grades are to be predicted
can be points or polygons. For point, the contaminant grades of
each point must be classified, and these units are often used in soil
environmental assessment of large spatial scale, for example, to
divide hazardous areas for remediation. For polygon, only one con-
taminant grade is spatial for each polygon. Polygon may be parcels,
administrative regions or other areas, and they are often used in
soil environmental assessment of small spatial scale, for example,
to predict soil contaminants grades for land use management. IK
and Block Indicator Kriging (BIK) can be used to predict and classify
the soil contaminants grades for point and polygon, respectively.

IK first transforms the concentration values into indicator val-
ues based on thresholds, as expressed in Eq. (1), and then predicates
the cumulative probability for not exceeding the threshold of aloca-
tion, as shown in Eq. (2), or of a region, as shown in Eq. (3) (BIK)
(Goovaerts, 1997).

1Z(x) < Zc
I1(x:Zc) = (1)
0Z (x) > Z;

where Z(x). is the concentration value at spatial unit x, Zc is a
threshold, and I (x; Z) is the corresponding indicator value.

Flxw: Ze(m) = 3 hal(xs 20 (2)

here F (Xo; Zc| (n)) is the cumulative probability of not exceeding Zc
at x0 and A\i is the weight of the ith indicator value.

Fx,Zel(m) = il (xi Ze) (3)

i=1

where F (x, Z¢| (n)) is the cumulative probability of not exceeding
Zc of the polygon x.

The spatial correlation is the basis for solving the weights of Egs.
(1) and (2). In geostatistics, the spatial variogram which is defined
in Eq. (4) is used to represent the spatial correlation.

1

N(h)

1

yi(h) = SE(I0) — 1(x+ W) = Waz: (1) = 1x +M]” (@)
=1

Thus before conducting Kriging, the spatial variogram should be
modeled first. Then based on the spatial variogram model, the Ai in
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